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Key Points:
e An ensemble soil hydrophobicity parameterization scheme and LAI data assimilation are
developed for modeling post-fire hydrological response.

e The assimilation of Leaf Area Index data into the land surface model resolves wildfire-
driven evapotranspiration decreases.

e Soil hydrophobicity effects on water balance are less pronounced than LAI, but tend to
increase runoff during high flow events.
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Abstract

In a warming climate, wildfires are becoming increasingly common, especially in semi-arid
environments. Wildfires can disrupt forest ecosystems and induce changes to the land surface.
Collectively, these impacts can alter the hydrologic response of a catchment following a fire,
resulting in increased potential for surface runoff, reduced evapotranspiration, and, ultimately, a
higher risk for flash flooding and mass wasting. The timescale of post-fire recovery of
hydrological processes to return to pre-fire conditions is not well established due to the lack of
ground measurements. Accurate characterization of the impacts of fire on hydrologic response is
also challenging to simulate, given the complex interplay of various processes. Here, we present
a generalized framework to quantify the impacts of wildfire on runoff generation. We consider
the disturbances in the vegetation and soil as the two main factors contributing to post-fire
floods. Using an ensemble modeling structure to account for parameter uncertainty, remotely
sensed leaf area index (LAI) is assimilated into a land surface model (LSM) to simulate
vegetation disturbance, and the maximum land surface saturation LSM parameter is decreased to
parameterize the soil disturbance following observed fires. We consider the impacts of fire-
induced changes to LAI and soil saturation on hydrologic states like runoff and
evapotranspiration for two case studies. These case studies demonstrate the general applicability
of hydrophobicity formulation to serve as a guideline for exploring the range of hydrologic
responses post-fire.

Plain Language Summary

Wildfires, which are an important physical process for ecosystems and the land surface, are
increasing in frequency in a warming climate. Fires can also cause local changes to the water
cycle over affected areas, sometimes leading to an increased likelihood of flooding and soil mass
movements. Models are needed to simulate the impacts of wildfire on local hydrology and the
chance for flooding. This work presents a methodology that accounts for the impacts of post-fire
vegetation and soil disturbances in a gridded model that quantitatively simulates changes to land
surface states (e.g., soil moisture) and fluxes (e.g., evaporation and runoff) for a defined land
area over time. For vegetation disturbances, we combine remote sensing-based vegetation data
with model state variables to account for the effects of fire. For soils, we develop an ensemble-
based approach that increases soil runoff following fires through an adjustment to land surface
parameters within the model. Using these methods, we analyze the relative roles of vegetation
and soil disturbances after fires on runoff and evapotranspiration in two case studies over central
California. Our results show the potential for remote sensing data and model parameter
adjustment to resolve the effects of fires in the simulation.

Key Words
e Land Surface Modeling
e Data Assimilation

e Fire Hydrology
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1 Introduction

In a warming climate, wildfires are becoming increasingly common across the western U.S.
(e.g., Reilly et al. 2017; Williams et al. 2019; Higuera et al. 2020, 2021; Hu et al. 2020,
Abatzoglou et al. 2021). Globally, fires are shown to increase in some regions under a warming
climate (e.g., Flannigan et al. 2012; Moritz et al. 2013, Kumar et al. 2021). In addition to
damages to property and populace, changes in the frequency and intensity of fires can also have
a wide range of environmental impacts, including disturbing the natural balance of ecosystems,
impacting air and water quality, causing increased rates of soil erosion, and increasing the risk of
floods and landslides, among others (e.g., Li et al. 2017; Thomas et al. 2021; Wagenbrenner et
al. 2021; Hoch et al. 2021). Fires often result in changes to the hydrologic response and water
balance more generally, with a shift towards increased streamflow (e.g., Bart et al. 2014). The
post-fire recovery of natural environments and associated ecological and hydrological processes
may take up to several years and is often affected by the local climate and interannual climate
variability (e.g., Wagenbrenner et al. 2021), as well as management practices such as plowing or
mulching (e.g., Prats et al. 2016; Viera et al. 2016). From a hydrologic perspective, there are two
major physical processes that affect the post-fire response. Disturbances to vegetation and
rooting structures can shift hydrological partitioning of precipitation towards runoff processes by
decreasing evapotranspiration (ET) (e.g., Li et al. 2017; Kumar et al. 2021). Similarly, fires can
alter soil properties, causing reduced infiltration and promoting more surface runoff (e.g.,
Thomas et al. 2021; Williams et al. 2022). Though both of these processes are reported in the
literature, there is significant uncertainty about their precise and interlinked impacts.

Vegetation disturbances due to fire can affect the water balance over affected areas, due to
reduced transpiration and indirect impacts on evaporation. Li et al. (2017) showed that global
wildfires tend to decrease latent heat (i.e., ET). Ma et al. (2020) considered the impacts of fires
on ET in the Sierra Nevada Range and found reduced ET following fires. Reduced ET was
proportional to fire severity. This is consistent with the results from Blount et al. (2019), who
showed that a fire in the Mill Creek Basin in Montana resulted in a 140% increase in streamflow
and a 46% decrease in ET. The same fire also changed the predominant vegetation of the
catchment from a coniferous forest to savannah and shrubland. Note that loss of vegetation can
affect ET in multiple ways. While loss of vegetation directly reduces pathways for transpiration,
thinner canopies also reduce the potential pools for evaporation of intercepted rainwater (e.g.,
Farres et al. 1987; Fernandez-Raga 2017). This reduction of canopy interception can increase
runoff and soil erosion from “rainsplash”. The overall impact of fires on ET is a reduction over
long periods of time, as shown by recent studies relying on remote sensing measurements in
Australia (Kumar et al. 2021) and reduced vegetation productivity after fires in the Brazilian
Pantanal (e.g., Kumar et al. 2022). Resolving fire impacts in an LSM can also be subject to
uncertainties, as Abolafia-Rosenzweig et al. (2024) found that adjusting Noah-MP LSM
vegetation classifications and quantities failed to adequately capture the ET disturbance
following two fires in the Pacific Northwest. Furthermore, recovery time periods can vary, as
Thomas et al. (2021) showed vegetation recoveries (as a proxy for debris flow generation) of one
to two years; however, Ebel (2020) observed a slower ~five-year recovery from remote sensing
hillslope observations for a Colorado Front Range Fire. Cuevas-Gonzalez et al. (2009) also
showed, using remote sensing data, that the full recovery of fire-affected forests in Siberia was
over 13 years.
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The second major impact of wildfires to surface hydrology is the formation of a waxy layer over
soils that impedes infiltration, making increased runoff and flooding more likely, often called
“hydrophobicity” or “soil water repellency” (DeBano 2000). Hubbert et al. (2012) quantified the
impacts of fires on the hydrophobicity of soils in the San Dimas experimental forest and found
an increase in repellency to water in grasslands, based on field measurements, but limited
changes elsewhere in the catchment following a fire. They also observed elevated discharge and
reduced time of concentration during the first year after the same fire, associated with below
average precipitation. Soil hydraulic properties can contribute to post-fire hydrophobicity. For
example, Ebel et al. (2016) showed that soils with documented post-fire hydrophobicity tended
to also have elevated sorptivity relative to pre-fire conditions. They also found that increased
runoff persisted for at least three years following fire in a Colorado headwater catchment.
Perkins et al. (2022), based on a case study in California, showed that both soil hydraulic
conductivity and sorptivity contributed to the potential for increased runoff. Saxe et al. (2018)
considered the impacts of fires on streamflow at U.S. Geological Survey (USGS) gages and
found moderate burn severity to be associated with increased runoff; however, the impacts of
fires on runoff more broadly varied by area and were associated with reduced water yields in
some cases.

While the effects of hydrophobicity have been considered throughout the fire-hydrology
literature, it remains difficult to estimate or measure the post-fire changes to the soil properties at
the watershed scale. The impact of a disturbance on the hydrologic response is also dependent
upon the hydrologic connectivity of a basin, as the connection of burned hillslopes to a channel
network impacts how quickly increased runoff will reach the channel network (e.g., Hallema et
al. 2017). Studies have also used different surface quantities as proxies for hydrophobicity, but
they are fraught with considerable uncertainty. Moody et al. (2016) show linear relationships
between differences in the delta Normalized Burn Ratio (ANBR) and saturated conductivity and
sorptivity of affected soils. However, they also note that this relationship only applies for values
of ANBR beyond a threshold of ~420 (smaller ANBR values show too few differences compared
to unburned soil). Parameters based on vegetation, such as fire severity from the Monitoring
Trends in Burn Severity (MTBS; Eidenshink et al. 2007) dataset, developed by the U.S. Forest
Service, have also been demonstrated to be proportional to saturated conductivity and sorptivity
(e.g., Ebel et al. 2022). These impacts are consistent with the influence of vegetation on soil
properties, where vegetation regrowth results in increased macropore flow and soil roughness to
increase soil infiltration (e.g., Ebel et al. 2018). It should be noted that MTBS severity is
intended to be proportional to soil exposure; however, differences can arise between MTBS and
products based specifically on soil (Eidenshink et al. 2007). Thus, hydrophobicity and vegetation
disturbances are closely related, but their specific quantification is difficult.

Similarly, examining the influence of soil hydrophobicity on hydrological processes also
involves significant uncertainty. Only a few studies have attempted to model soil hydrophobicity,
which rely on case-specific parameterizations or calibrations of the modeling setup. For example,
Hoch et al. (2021) calibrated a hydrologic model (with constraints based on observed soil
measurements) to estimate the effects of fire on rainfall-intensity-duration thresholds for debris
flows. The model was applied in three study areas across the southwest for up to four years
following a fire, to monitor recovery. In another study, Thomas et al. (2021) derived a function
to use within the HYDRUS 1D model to adjust soil parameters based on Leaf Area Index (LAI)
anomalies following a wildfire. From this revised model, they were able to reproduce rainfall-
intensity-duration thresholds for debris flows for a case study in the San Gabriel Mountains.



161
162
163
164
165

166
167
168
169
170
171
172
173
174

175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192

193
194
195
196
197
198
199
200
201

202
203

manuscript submitted to Water Resources Research

While the methods of Hoch et al. (2021) and Thomas et al. (2021) derived soil parameters
following wildfires, they have limitations for general applicability due to the large amount of
data required. The former is dependent upon field measurements combined with computationally
costly calibration, while the latter does not explicitly examine the impacts of soil and vegetation
recovery independently.

Here, we present a framework to represent the hydrologic impact of wildfires using remote
sensing data assimilation (DA) and a stochastic representation of the land surface to simulate the
change to the surface hydrologic processes following fires. This framework is presented for two
case studies, where an increase in USGS streamflow was observed following fires. The key
feature of this approach is its ability to resolve both the impacts of both hydrophobicity and
vegetation disturbances. The spatially varying nature of hydrophobicity is considered using a
flexible stochastic approach. These case studies are intended to demonstrate our approach in a
region subject to fires (central California). We note that a broader regional or global study of
these impacts with a large number of basins and sample fires is beyond the scope of this work.

Our methodology uses a generalizable remote-sensing DA approach combined with an ensemble
of model parameter adjustments within the Noah-MP (Niu et al. 2011) land surface model
(LSM) to simultaneously realize the impacts of vegetation disturbances and hydrophobicity.
Vegetation disturbances in our model simulations are represented by the assimilation of remote
sensing-based LAI, and soil hydrophobicity is parameterized through the adjustment of model
parameters based on remote sensing-based fire datasets. The latter is novel because it does not
require field measurements or calibration. Instead, the ensemble approach represents uncertainty
in the model parameters affected by fires, and their recovery. Given the paucity of reliable
reference measurements for water balance terms, particularly around fire events, we here focus
primarily on the changes to regional water balance simulated by this generalized approach. Our
approach, which does not rely on regionally tuned model parameters and datasets, allows the
exploration of the range of hydrological responses post-fire. In that regard, the primary
contribution of this manuscript is the conceptual viability of the approach, rather than an
application-ready system. The modeled results are also normalized and compared to normalized
observed streamflow (see details in section 3), and modeled ET shifts from fires are compared to
the Disaggregation of the Atmosphere-Land Exchange Inverse (DisALEXI) dataset (Anderson et
al. 2018). We emphasize that the latter is also a modeled product, with biases and errors of its
OWn.

The Noah-MP configuration and parameters used here are consistent with the setup used by the
broader community for applications including fire (Abolafia-Rosenzweig et al. 2024), hydrologic
modeling (Lin et al. 2018; Lahmers et al. 2022), groundwater modeling (e.g., Barlage et al.
2021), and land-atmosphere interactions (e.g., Dominguez et al. 2020; Barlage et al. 2021). Our
technique 1s demonstrated in two case studies within relatively undisturbed catchments with
stream gage data to allow more careful validation; however, the ensemble approach here is
intended to be applicable to a broader range of fire circumstances. Using our methods to quantify
physical processes affected by wildfires, we consider the following scientific questions for our
two case studies:

1) What are the relative roles of vegetation disturbances and hydrophobicity on the water
budget changes after a wildfire?
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2) What is the range of uncertainty of the impacts of hydrophobicity based on our ensemble
approach?

Although these questions are specifically framed to our two case studies in central California,
our modeling approach could be adapted and applied to other regions (with additional testing), as
wildfire is a global phenomenon.

This paper is organized as follows. In section 2, we describe the modeling and DA
configurations. This also includes a discussion of the hydrophobicity parameterization. In section
3, we describe the fire case studies and analysis methods, and results are presented in section 4.
Section 4 also includes comparisons of observed ET disturbances and standardized streamflow,
compared to modeled impacts. A discussion and summary are included in section 5.

2 Modeling setup and Analysis Methods

2.1 Land Surface Model and Routing Model Configuration

All model integrations are conducted using the NASA Land Information System (LIS; Kumar et
al., 2006), which is an open-source framework for terrestrial hydrology modeling and DA. LIS
encompasses several state-of-the-art land surface models and DA tools to incorporate a large
variety of remote sensing-based land hydrology observations. In this particular study, the Noah-
MP LSM (Niu et al. 2011) within LIS is employed at the two selected study areas. For each
study domain, three model integrations are conducted: (1) a control or ‘open loop’ (OL)
simulation, where the model is executed using the climatological input of vegetation (LAI)
without any DA, (2) a vegetation DA configuration (DA-VEG) where satellite-based LAI
retrievals are assimilated to incorporate vegetation disturbances from fires and their impacts, and
(3) a model configuration (DA-VEG-SOIL) where impacts of vegetation disturbances and
parameterized ensemble soil hydrophobicity are simulated based on remote sensing inputs of
LAI and fire characteristics. The initial conditions for all the model integrations are developed by
running the model twice from Jan 2001 to Dec 2020 and then reinitializing it in Jan 2001. In the
current implementation, we use the TOPMODEL surface and sub-surface runoff scheme and the
Simple Groundwater Model (SIMGM; Niu et al. 2007) that represents groundwater storage and
water table depth by resolving recharge and discharge processes of the water storage within an
unconfined aquifer. Additionally, we employ the prognostic vegetation model of Noah-MP,
which includes the Ball-Berry photosynthesis-based stomatal resistance model (Ball et al. 1987)
and the dynamic phenology model of Dickinson et al. (1998).

For this study, we used the native Noah-MP parameters developed by the research community.
These parameters use information from global datasets and local measurements and have been
demonstrated within regional (e.g., Chen et al. 2016; Gao et al. 2017) and global studies (e.g.,
McNally et al. 2022). These same configurations are also used in other research environments,
including for coupling with the atmosphere (e.g., Rasmussen et al. 2023) and for the North
American Land Data Assimilation System, phase 2 (NLDAS-2) experiments. Ma et al. (2017)
and Cai et al. (2014b) showed that Noah-MP produced reliable results across the CONUS, with
improved fluxes compared to other LSMs with NLDAS-2 forcing. Cai et al. (2014a) and Pilotto
et al. (2015) also showed reliable Noah-MP results across the Mississippi River basin and the
Amazon, respectively. All of these experiments used native parameters. While local calibration
may improve the representation of some physical processes and eliminate some regional biases,
it also requires reliable, multiple observational constraints on all water budget terms such as
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precipitation, evaporation, and runoff, making such a task difficult in this domain. Nonetheless,
there are numerous studies applying Noah-MP with these native parameters for similar
applications in wildfires (e.g., Kumar et al. 2021; 2022) and for other hydrologic applications
over the full western US (e.g., Erlingis et al. 2021) that includes the current study area. Here we
rely on the native parameters of Noah-MP to preserve the general applicability of the methods.

All model simulations are forced with the boundary conditions from NASA’s Modern Era
Retrospective Reanalysis (MERRA version 2; Gelaro et al. 2017) dataset. Precipitation is derived
from the Integrated Multi-satellitE Retrievals for Global Precipitation Mission (IMERG) dataset
(Huffman et al. 2015). The case study domains employed in this study are specified at a spatial
resolution of 0.01 degree, with model outputs at 1-day temporal resolution. In addition to the
MERRA-2 and IMERG simulations, a set of additional simulations are conducted with
atmospheric forcing and precipitation from the NLDAS-2 dataset to evaluate the changes to ET
fluxes compared to observations. While not used for further analysis, this simulation is used to
examine the consistency of the LSM performance and biases for surface fluxes.

Total runoff (i.e., surface runoff and baseflow combined) derived from Noah-MP is used as input
to the Hydrological Modeling and Analysis Platform (HyMAP) routing model to produce
spatially distributed streamflow estimates in rivers. Here, total runoff is routed through the river
network using the kinematic wave equation. The Courant—Friedrichs—Lewy condition is used to
determine HyMAP’s optimal sub time steps (Getirana et al., 2017b). One-way coupling of land
variables to surface waters is considered (i.e. no influence from floodplains on soil moisture state
variables is considered). We opted for one-way, rather than two-way coupling (Getirana et al.,
2021) because the basin presents small surface water coverage with little impact on terrestrial
water storage (Getirana et al., 2017a). The river network is derived from the Multi-Error-
Removed Improved-Terrain (MERIT) Hydro (Yamazaki et al., 2019), and river geometry is
derived from empirical equations, following Getirana et al. (2012).

To evaluate the combined impacts of hydrophobicity and vegetation disturbances, changes to
water balance quantities across the basin affected by fires are evaluated in the DA-VEG
simulation and DA-VEG-SOIL simulation compared to the OL simulation. Differences in ET
and runoff components are calculated from derived basin areas for corresponding basins
upstream of USGS gages (Getirana et al. 2017b). Analysis of water balance differences allows
for the evaluation of the role of surface processes related to fire, irrespective of model biases.
HyMAP streamflow is also compared with USGS observations after normalization.

2.2 Vegetation Data Assimilation Setup

To evaluate the impacts of the vegetation disturbance following the wildfires, LAI retrievals
from the Moderate Resolution Imaging Spectroradiometer (MODIS) instrument are assimilated
into the LSM using a 1-dimensional Ensemble Kalman Filter (EnKF) DA configuration (e.g.,
Reichle et al. 2002). Specifically, we employ the MCD15A2H (version 6) LAI product available
at 500m spatial resolution and at an 8-day interval. Similar to the strategy used in prior studies,
daily LAI observations are generated by linearly interpolating between the available 8-day
observations (Kumar et al., 2019). This method was also used in Lahmers et al. (2023) for LAI-
DA experiments. As noted earlier, in the OL configuration, the vegetation seasonality is
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prescribed based on the monthly MODIS LAI climatology. This overwrites the dynamic
vegetation enabled through Noah-MP.

The EnKF configuration has been widely used in LSM DA studies, including for the assimilation
of LAI (e.g., Sabater et al. 2008; Albergel et al. 2018; Kumar et al. 2019 Mocko et al. 2020; Nie
et al. 2022), as it enables a convenient way to account for the non-linearities and errors in the
LSM physical processes (e.g., Reichle et al. 2002). When a model is executed with EnKF, the
states being modified alternate between a forecast (i.e., running the model simulation) and an
analysis timestep (i.e., model variables combined with observations), as shown in equation (1).
For this equation, let the present forecast timestep be (k) and the earlier analysis timestep be (k-
1). The model states are projected forward from (Rj_,) as the model integrates at time k to (Xy).
Here, (R ) are the prior states before DA, which are updated to become the posterior states ().
This update occurs when the observations (¥) and the a priori states (X ) are combined:

xXp =% + K (), — Hixy) (1)

In equation (1), term (H},) is the observation operator, which connects the model and observation
states. The Kalman Gain (K}) is the weighting factor for forecast innovations (¥, — Hp X}, ),
which is computed as a function of the model and observation error covariances, with the model
error covariances diagnosed from the model ensemble. In the present study, an ensemble size of
50 is used to ensure sufficient sampling density for diagnosing model error covariances.

To simulate the model uncertainties, small perturbations are added to the model states and a
select set of forcing variables as shown in Table 1. These specifications are based on the settings
used in prior studies with LAI DA (e.g., Kumar et al. 2021). The forcing state perturbations are
enabled every hour, whereas the model state perturbations are employed every 3 hours. Note that
perturbation settings for atmospheric forcing also include cross-correlations between variables,
to more realistically account for underlying uncertainties. The perturbed forcing variables
include longwave and shortwave radiation and precipitation. Note that the forcing and state
perturbation and cross correlation settings are established from prior LIS EnKF DA studies
(Kumar et al. 2009). The observation error is specified to be a uniform value of 0.05, consistent
with previous studies.

2.3 Simulation of Soil Hydrophobicity

Here we develop a generalized observation-informed approach for simulating soil
hydrophobicity and the subsequent recovery while acknowledging the underlying uncertainties
related to multiple factors including soil and vegetation types, severity of fires, and the type and
frequency of precipitation events (Figure 1). The implementation relies on the DA infrastructure
within LIS and is informed by multiple remote sensing datasets that characterize fire severity and
timing. This configuration leverages an LSM ensemble to realize parameter uncertainty. Note
that analysis of the DA-VEG-SOIL simulations compared to other model configurations uses the
ensemble mean, except where noted. Specifically, we employ the MTBS (Eidenshink et al. 2007)
data, developed by the United States Department of Agriculture Forest Service (USDA-FS) and
the US Geological Survey (USGS), and the MCD64A1 (version 6; Giglio 2015) burned area
product from the MODIS instruments aboard the Terra and Aqua satellites. The MTBS data
maps burn severity using Landsat data and the dNBR algorithm at 30-meter spatial resolution at
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an annual scale. There are four discrete classes of burn severity defined in the MTBS data:
unburned/unchanged, low severity, moderate severity, and high severity. The MTBS data,
remapped at 0.01 degree spatial resolution (the same as our model configuration) is used in the
soil hydrophobicity parameterization (Figure 2). Note that the highest severity MTBS category
indicates combustion of litter and duff layers, and these volatilized layers contribute to
hydrophobicity (e.g., DeBano 2000). The MCD64A1 data are available globally at S00m spatial
resolution and include information on burn date and quality information.

For resolving fire severity, we acknowledge that other datasets, such as the USDA-FS Burned
Area Emergency Response (BAER) data, may be a more direct proxy for soil impacts. The
integration of field surveys (Parsons et al. (2010) adds value to this product as a proxy for soil
impacts. For example, McGuire et al. (2023) showed that decreases to soil infiltration were not
always proportional to burn severity in their observation study of a New Mexico fire. Despite the
fact that the MTBS data may be a suboptimal proxy for representing soil impacts, products like
BAER data are often not available for every fire. For example, BAER data are only available for
one of our case studies. Therefore, a methodology using BAER data would not be practical in
many basins. As a result, we chose the MTBS product here because of its wider availability,
which makes it more adaptable for any fire, allowing for the scalability of the proposed
approach. Yearly MTBS mosaics can be easily and systematically applied to any fire for an LSM
simulation. To evaluate this approach, we plotted BAER data on the same grid as the MTBS
dataset for one of the focus domains (supporting information; Figure S1). While there is an
increase in severity level 3 in BAER, with most of the MTBS points at lower severity, the
structural similarity index (Wang et al. 2004) and correlation between the MTBS and BAER
product when regridded to the 0.01-degree model grid are 0.52 and 0.76, respectively. These
statistics were computed for the full model domain with non-burned areas set to zero. The BAER
dataset on the 0.01 degree model grid is also shown in Figure S1. Compared to the MTBS data
for this site (Figure 2), much of the BAER dataset is in a higher severity category, despite the
spatial patterns of the burn area and severity being consistent with the MTBS dataset.

The soil hydrophobicity implementation is designed to simulate the repellency introduced into
the soil after intense heating. The repellency leads to a reduction in infiltration into the soil,
impacting the partitioning of water at the soil surface, as discussed in section 1 (e.g., Ebel et al.
2018; 2020; 2022; Thomas et al. 2021; Wagenbrenner et al. 2021). Figure 1 provides a schematic
of the soil hydrophobicity implementation developed within the LIS framework. The locations
with soil hydrophobicity are identified based on the landcover type and the severity of fire, based
on the MTBS dataset. First, soil repellency is not simulated over locations with bare soil (i.e.,
without a true vegetation type), as the burning of the litter and organic material is the primary
reason for the development of a waxy layer on the soil. Second, based on the severity of the fire
(low to high severity as defined by the MTBS data), different levels of soil hydrophobicity and
recovery are simulated, with areas of higher severity being assigned a range of soil disturbance
perturbations that are greater. Each MTBS category (unburned/unchanged, low severity,
moderate severity, and high severity) is assigned its own range of possible disturbance
perturbations. The infiltration process within Noah-MP (in the SIMGM model) is primarily
controlled by the maximum surface saturation fraction parameter (FS4A7TMX), which is defined as
a global constant in the LSM. Once fire occurrence is determined at a grid point (based on
MTBS and MCD64A1), the FSATMX value is increased to simulate the increased soil repellency
at that location. Note that this parametrization will not have any effect in frozen soils, as
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saturated area goes to zero in conditions with frozen soil (see equation 2 of Niu et al. 2007). On
subsequent days following the fire instance, an exponential recovery of FSATMX back to the
original value is simulated based on the following equation:

FSATMX

FSATMX| = max | FSATMX, s )
&

where FSATMX and FSATMX,, represent the original and updated values of the maximum
surface saturation fraction parameter, 8t is the time elapsed since the fire, and K, is the recovery
constant value. The subscript k represents the ensemble member (50 members in total). For each
ensemble member, a different time scale of recovery is simulated by sampling K, from a
Gaussian normal model distribution, based on MTBS burn severity categories. A different range
of the scale of recovery is used for each MTBS category, with three possible values shown in
Figure 2c. These categories are regridded to the model resolution for each basin. For high
severity locations, the K values are sampled from a range that simulates a three-year recovery.
Similarly, for moderate and low severity locations, the sampling of K values is chosen to
simulate a two- and one-year recovery, respectively. These different timescales for different fire
severity are enabled by the fire recovery factor, w (Figure 1¢) that determines how quickly
FSATMX returns to normal. Note that this process is not otherwise included in the Noah-MP
source code, as FSATMX is a global constant. This modeling assumption is consistent with the
results of Thomas et al. (2021), who showed soil recovery within one to two years of a fire
through modeling and Perkins et al. (2022), who had similar findings from observations.
However, soil recovery could potentially be longer (e.g., Ebel 2020).

Additionally, our soil hydrophobicity formulation includes parameterization to speed up the
recovery if substantial rain events occur post fire. This dependency is based on two assumptions.
First, we assume that post-fire runoff and erosion will remove some of the hydrophobic soils
(e.g., Moody et al. 2013; Hoch et al. 2021), and we attempt to parameterize that here. Secondly,
this assumption is consistent with the faster ecosystem recovery of fires with increased
precipitation (e.g., Anderegg et al. 2015), where re-established vegetation can break down
hydrophobic soils, such as through the re-establishment of rooting systems (e.g., Robichaud et al.
2016). The precipitation adjustment is performed by comparing the daily accumulated
precipitation to the monthly rainfall climatology. If the daily accumulated precipitation is four
times larger than the monthly average rainfall, then the recovery factor (K},) is decreased. The
factor of four was chosen with the idea of screening for rainfall events that are large enough to
reduce the hydrophobic behavior of the soil. We acknowledge that the choice of this factor can
be improved with localized soil measurements around fires. Finally, if a new fire event occurs at
the same location, the increase in F'SATMX and the subsequent recovery shown in Figure 1b are
repeated.

The level of decrease of FSATMX back to equilibrium is also determined based on random
sampling. Unlike prior studies, our parameterization is not deterministic and acknowledges the
associated uncertainties that are likely present in a soil hydrophobic environment post-fire.

2.4 Analysis of LSM Fluxes
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For these case studies, we evaluate the behavior of our model compared to prior fire-hydrology
literature (as outlined in the previous section) and with observations of USGS streamflow and ET
anomalies. A direct evaluation of the changes in modeled fields with observations around the fire
events is difficult, given the paucity of reliable ground observations. We are able to compare the
model results to ET from the Disaggregation of the Atmosphere-Land Exchange Inverse
(DisALEXI) dataset (Anderson et al. 2018). DisSALEXI is also a modeled product informed by
remote sensing observations of land surface temperature and is subject to biases of its own. The
DisALEXI dataset is distributed through OpenET (Melton et al., 2021) and is currently available
from January 2016, slightly more than a half year before the fire. We therefore compare the ET
trends of the first six months of 2016 (pre-fire) with the same months of 2017 (post-fire). Note
that this period is also a transition from a relatively dry to a relatively wet period. Due to the
incomplete nature of debris flow records and field measurements throughout the western US
following fires, additional validation is not possible; however, we also perform this validation
using the alternative LSM simulation with NLDAS-2 forcings.

To assess how the simulations with LAI DA resolve the impacts of the vegetation losses
following fires, we evaluate the basin average LAI for all three simulations and changes to ET in
the DA-VEG and DA-VEG-SOIL simulations, compared to the OL simulation. This analysis is
for three years following the fires, to analyze the recovery compared to other fire literature (e.g.,
Wagenbrenner et al. 2021).

We also evaluate all Noah-MP water balance fluxes and the change in terrestrial water storage
(TWS) as a percentage of precipitation for the year following the wildfire. This enables us to
understand the impacts of incorporating vegetation disturbances and parameterized
hydrophobicity for soil disturbances on specific water balance terms. ET and total runoff
percentages are considered, along with their individual components (i.e., transpiration, canopy
evaporation, and soil evaporation for ET and surface and sub-surface components for runoff) for
three years after the fires.

Finally, we evaluate the timeseries of LSM flux changes for the first year after the fires. The
impacts of fire (through the vegetation and soil disturbance) are also evaluated as percent
changes of ET (including all of its Noah-MP components) and runoff (including its surface and
sub-surface components) compared to the OL simulations for all three years after the fire. The
differences between model timeseries are tested for statistical significance using the non-
parametric Wilcoxon Rank Sum test (Gibbons et al. 2011), available in MATLAB (Wilcoxon
signed rank test 2024). This test is sensitive to cases where paired values (e.g., DA-VEG vs. OL
and DA-VEG-SOIL vs OL) in one series are consistently greater than the other, as is true in our
case studies, even when the differences are small.

3 Observed Fire Impacts

In the present study, we selected two fire cases. The paucity of USGS reference gages (i.e., sites
with no upstream diversions and limited human interference) with fires that occurred upstream
during recent data records limits our ability to do a broader analysis with more gages. The first
case is associated with a significant observed hydrologic response following the fire, due to a
larger percentage of the basin that was burned. The second case is also associated with high
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streamflow following the burn; however, the burn area relative to the size of the basin was
considerably smaller. Above average streamflow is observed during the first year following both
fires, as we show with standardized indices in more detail. Both fires occurred near the coast in
central California (Figure 2). Note that these specific cases may not be representative of global
fires or of other regions of the western US.

3.1 Big Sur Case Study

The first case is a fire that affected the Big Sur State Park along the coast of central California
(Figure 2). This fire (the Soberanes Fire) ignited on 22 July 2016 and burned nearly all the
drainage area upstream of USGS gage 11143000 (Figure 3a). Note that this gage is a USGS
Gages-II reference basin, meaning it has limited human modifications and no diversions. USGS
streamflow (available online at: https://waterdata.usgs.gov/nwis/rt) at this gage was substantially
higher in WY2017 (Figure 3b) following the fire event.

The anomalous nature of the streamflow during this year is reflected by the Standardized
Streamflow Index (SSFI) (computed based on 18 years of data from WY2003 through WY2020).
A procedure similar to the calculation of standardized precipitation index (SPI; McKee et al.
1993) is used to derive SSFI. Here SSFI is derived by fitting the record of observed flow to a
skewed distribution (3-parameter log-normal). This distribution has been used for streamflow
fitting in different regions (e.g., Tijdeman et al. 2020) and demonstrated to produce robust results
for SSFI. From the new distribution, daily streamflow is converted to a percentile, which is then
used to derive a z-score on a normal distribution. The result is a streamflow timeseries with
gaussian characteristics. Note that observed streamflow cannot be lower than zero, so a derived
(negative) z-score for zero streamflow based on the normalized distribution is the minimum
value of SSFI. From this analysis, SSFI values in excess of 3.0 are observed during the WY2017
cold season (Figure 3c). This indicates anomalous streamflow that is 3.0 standard deviations
from normal during the year following the fire. Furthermore, the annual flow duration curve
(FDC; top 20th percentile is shown) for WY2017 exceeds the 95th percentile of annual FDCs
from WY2001 through WY2022 (excluding the three years following the fire) (Figure 3d).
WY2019, three years after the fire, is also much above average. The 95th percentiles were
computed by fitting each probability of exceedance of the curve onto a normal distribution. Thus,
this is a case where significant increases in streamflow happened in the year following a wildfire.
WY2017 was a wetter than average year for much of California (CNRFC 2017), so while we
cannot argue that the fire alone was responsible for this hydrologic response, the anomalous
nature of the peak flow suggests it likely contributed to the observed increases to streamflow.
Similarly, 30-day SPI (based on basin average IMERG precipitation) was above normal for
WY2017 but remained close to ~1.5 standard deviations throughout the 2016-2017 winter. This
suggests that while precipitation was above average, it was not as anomalous as the post-fire
observed streamflow.

3.2 Bryson Case Study

The second fire case affected a catchment near Bryson, CA, which is also dominated by cold
season runoff. This is evident from the annual cycle of streamflow, where most of the runoff in
the basins of interest (Figures 3-4) occurs near the beginning of each year (i.e., mid-winter into
early spring). In this case, the fire (the Chimney Fire) ignited on August 13, 2016 and burned
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some areas of the lower basin above USGS Gage 11148900 (Figure 4a). This gage is also a
USGS gages-II reference basin. Note that this fire, while containing more severe impacts, burned
a smaller percentage of the basin compared to the Big Sur case study. The impacts of this case
are also complicated by some less severe fires upstream in the basin, from summer 2015 and
earlier in 2016. These additional mild burn areas to the north of the gage are shown in Figure 4a
and are accounted for in the model simulations with LAI DA (DA-VEG) and the hydrophobicity
scheme (DA-VEG-SOIL). The Chimney fire has a more significant impact on localized LSM
fluxes due to its greater severity, as will be shown later. Following the more severe 2016 fire,
WY2017 was associated with above average peak streamflow, despite the rest of the year being
average or below average. This above average streamflow is reflected in the SSFI (Figure 4c),
with anomalies of over ~2.5 standard deviations for WY2017. Above average SPI with slightly
more than 1.5 standard deviations was also observed in early 2017. We again note that SSFI and
SPI normalized values cannot be lower than the normalized value equivalent to zero, and this
affects the range of SSFI and SPI values in Figure 4c. From the top 20% of the FDC, much of
this year exceeded the 95th percentile. Elevated flow also occurs in WY2019. The causes of the
high flow following this fire are more complex than in the first case study, due to the
combination of the mild fires in the upper basin from the preceding year and the limited area
affected by the more severe fires. The limited area of the fires could also make the subsequent
hydrologic response more sensitive to hydrologic connectivity of the basin (e.g., Hallema et al.
2017). Furthermore, while this basin experienced above average streamflow compared to other
years, the streamflow anomalies are not as extreme as in the Big Sur case.

4 Results

4.1 Modeled and Remotely Sensed ET and Streamflow Disturbances

We compare the LAI and ET changes from the DA integrations (i.e., DA-VEG) to the OL
simulation in Figure 5. Note that this figure includes the timeseries of basin averages. Figure 5
shows that estimates of LAI and ET from the DA-VEG and DA-VEG-SOIL are similar to OL
prior to the fire event, whereas they diverge from the OL simulation, with reduced LAI in the
DA-VEG and DA-VEG-SOIL simulations, following the fire upstream of USGS gage 11143000
(i.e., the Big Sur case). It takes three years for the LAI in the DA-VEG and DA-VEG-SOIL
simulations to approach the OL simulation, which is based on prescribed LAI climatology
(Figure 5). LAI approaching climatology would be a proxy consistent with recovery. This is
consistent with the literature on vegetation recovery, showing similar timescales of post-fire
recovery (e.g., Thomas et al. 2021); however, other studies have shown longer recovery (e.g.,
Ebel 2020). Noah-MP LSM ET anomalies follow a similar pattern, where both simulations that
include LAI-DA are nearly the same and approach the control simulation after approximately
three years.

The vegetation disturbance and recovery for the USGS 11148900 basin area (i.e., the Bryson
case) are less pronounced, as a large area upstream of this gage was either not burned or burned
from an earlier fire during summer 2015. Basin averaged LAI in the DA-VEG and the DA-VEG-
SOIL simulations is less than the OL simulation, even before the 2016 fires. This likely also
reflects drought conditions that affected the basin. LAI differences begin lower for the DA-VEG
case prior to the fire and stay lower beyond the fire (Figure 5c). By the third year following the
Bryson Fire, LAI again approaches climatology, consistent with the Big Sur case. ET anomalies
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are somewhat less pronounced for this basin and vary with seasonality; however, the pattern of
disturbance following the 2016 fire followed by a slow recovery during the following years is
consistent with the prior case study and literature (e.g., Thomas et al. 2021).

The LSM was also run with NLDAS-2 forcing for both sites (only for LSM ET validation), to
demonstrate the consistency of the model results irrespective of forcing (Figure S2). For these
runs, NLDAS-2 forcing results in similar patterns to simulations forced with MERRA-2
atmospheric forcing and IMERG precipitation, with reduced LAI from fires and ET anomalies
that recover after 3-years. This demonstrates consistency with the model processes, regardless of
the forcing used.

Modeled post-fire ET trends (January through June 2017 vs 2016) are compared to the
DisALEXI product, used as the reference. As seen in Figure 6, the realization of the ET trends
around the fire are different between DisALEXI and the LSM estimates. For example, the
DisALEXI data show a significant reduction in ET during the post-fire period compared to the
pre-fire period (Figure 6a,e) over the basin areas corresponding with the fires (see Figure 2b and
Figure 2c as a comparison) for both USGS gages 11143000 and 11148900. However, the OL
simulation (Figure 6b,f) shows ET increases across both basins, reflecting a wetter 2017 than
2016 without any evidence of wild fire impacts. The DA-VEG simulations (Figure 6¢,g) and
DA-VEG-SOIL simulations (Figure 6d,h) also show increases to ET across the study areas due
to the generally wetter conditions in 2017 than 2016. However, the increases to ET are smaller
over the burn areas and closer to zero (in both the DA-VEG and DA-VEG-SOIL simulations).
While these are more neutral compared to the OL simulation, the reduced magnitude of ET
changes prevents the LSM from capturing the spatial patterns of the ET over time, in contrast to
the DisALEXI dataset. The same spatial patterns occur in LSM results that were forced with
NLDAS-2 precipitation (Figure S3).

There are several reasons for the apparent mismatch in the pre- and post-fire responses in ET
simulated by DisALEXI and our model simulations. DisALEXI is an energy balance model that
uses time-differential satellite land surface temperature observations as the primary input with
little reliance on the moisture (precipitation) inputs. On the other hand, the LSM (Noah-MP)
includes both energy and water balance considerations. The finer resolution of DisSALEXI allows
more detailed characterization of fire impacts, which is limited in the LSM simulations. To
investigate the differences in the ET patterns from these models further, we examined the
responses of the components of ET. As shown in Figure 7, the transpiration component of ET
has a small increase in the OL simulations but a decrease following the disturbance for the DA-
VEG and DA-VEG-SOIL simulations. Note that the spatial patterns of changes in transpiration
from fires are similar to those of the ET changes in DisALEXI. However, within the LSM, the
decreases in transpiration are compensated by the increased soil evaporation (discussed in the
next section), and as a result, the total ET from the LSM does not show a reduction in total ET
similar to that of DiSALEXI. In other words, the vegetation disturbance realized through LAI DA
does capture the impacts of fires on ET, but to a lesser extent compared to DisALEXI.

However, differences in the underlying model formulations and the resulting biases in the
magnitudes of ET make it difficult to conduct a consistent evaluation of the model simulations.

To develop comparisons of streamflow, we extended the modeling setup to include the HyMAP
streamflow routing model (see details in Section 2.1). Modeled SSFI is compared to the observed
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SSFI (both quantities are derived with data from WY2003 through WY2020; Figure 8).

We perform the comparisons of streamflow in the normalized SSFI space, acknowledging the
biases in the modeled streamflow estimates. Results show that the DA-VEG and DA-VEG-SOIL
simulations produce higher SSFI values in the years following the fire (especially year-one).
Note that for USGS gage 11148900, the DA-VEG and DA-VEG-SOIL peak flow for WY2017 is
higher than SSFI from observations. The DA-VEG and DA-VEG-SOIL simulated SSFI is
generally higher than the OL SSFI for periods of peak flow, even into year-two and year-three
following the fire. These higher values tend to be closer to the observed SSFI during the later
years, showing the added value LAI DA and parameterized hydrophobicity for modeled
streamflow. It should be noted that differences in SSFI may not be one-to-one with changes in
the quantity of streamflow due to SSFI being a scaled variable (i.e., proportional to a z-score).
The magnitude of changes to SSFI, where smaller relative changes for higher values of
streamflow occur in earlier years, are thus not directly proportional to changes in the actual water
balance. The latter quantity is explored further in the next section.

4.2 Simulated Changes to Water Balance

Water balance changes for year-one are shown in Tables 2-3 and in Figures 9-10. For the Big Sur
case (Table 2), total ET in the year following the fire drops from 60.6% in the OL simulation to
55.1% and 54.5%, in the DA-VEG and the DA-VEG-SOIL simulations, respectively. Most of
this change is caused by transpiration, which drops from 24.7% in the OL simulation to 16.9%
and 16.8%, in the DA-VEG and the DA-VEG-SOIL simulations, respectively. The canopy
evaporation term is associated with smaller decreases, while soil evaporation increases. Total
runoff increases from 28.4% in the OL simulation to 31.9% in the DA-VEG simulation. The
hydrophobicity parameterization further increases total runoff to 32.6%. For the DA-VEG
simulation, sub-surface runoff increases to 26.2% (from 23.4% in the OL simulation), while the
impact to surface runoff is small (5.0% in the OL simulation to 5.7% in the DA-VEG
simulation). Hydrophobicity decreases sub-surface runoff, while increasing surface runoft, a
potential source for flash flooding, to 7.3%. Changes to soil moisture and groundwater (i.e., total
TWS change) have a net increase, where loss of vegetation results in additional TWS storage
during the year after the fire, in both the DA-VEG and DA-VEG-SOIL simulations.

Annual accumulated ET and total runoff for the three years following the fire (resetting on the
date of ignition) are shown in Figure 9, and the impacts of both the vegetation disturbance and
the soil disturbance are more clearly reflected here. For ET, the DA-VEG simulation closely
follows the DA-VEG-SOIL simulation, showing that the vegetation disturbance significantly
reduces ET. The three-year average spatial impacts (shown as percentages that are normalized by
annual precipitation) are shown in the lower panels of Figure 9, and they demonstrate that the
LAI-DA decreases ET by nearly 10% in some places for the DA-VEG vs OL simulations (Figure
9). Increases in runoff are of a similar order of magnitude (Figure 9). The relative impacts of the
soil disturbance are smaller (Figure 9c, f) but still present. As runoff is a smaller term (note the
differences in the y-axes in Figure 9d), the relative impacts of the soil disturbance on runoff are
more easily visible in the accumulated runoff timeseries. Total runoff diverges from the OL
simulation more quickly in the DA-VEG-SOIL solution compared to the DA-VEG simulation.
Thus hydrophobicity played a more critical role during the winter following the fire, despite its
smaller net impact. In the accumulated runoff and ET plots, some differences persist through
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year-three. There are also a few localized areas where the soil disturbance has a greater impact
(Figure 9c, f).

Changes to the water balance are less pronounced for the Bryson case, given the relatively
smaller burn area upstream of USGS gage 11148900 (Table 3) and potentially smaller degree of
connectivity (e.g., Hallema et al. 2017). The percentage of total ET for year-one drops from
59.7% in the OL simulation to 58.7% in the DA-VEG simulation. The change from
hydrophobicity is marginal, as the total ET is 58.6% in the DA-VEG-SOIL simulation. These
changes are primarily from reduced transpiration, which drops from 23.4% (OL) to 21.6% in the
DA-VEG simulation. The increases to soil evaporation also occur in this case. Total runoff
increases from 27.2% in the OL simulation to 29.7% in the DA-VEG simulation and 29.9% in
the DA-VEG-SOIL simulation. Here, the net impacts of hydrophobicity are nominal. For this
case, total changes to TWS are in the opposite direction, dropping from 13.2% (OL) to 11.7%
(DA-VEGQG).

The net changes to ET and total runoff for the three years following the fire are shown in Figure
10. As shown from the water balance changes in Table 3, ET decreases in the DA-VEG and DA-
VEG-SOIL simulations (Figure 10a). The DA-VEG and DA-VEG-SOIL results are extremely
similar, as hydrophobicity has little impact on this gage. For total runoff, the effects are similar
(Figure 10d), as the DA-VEG and DA-VEG-SOIL simulations result in increased runoff;
however, runoff in the DA-VEG-SOIL simulation still diverges slightly from the other two
simulations in year-three. Thus, the impacts of hydrophobicity should not be entirely ruled out,
even much later. These results (averaged over three years) are also plotted spatially for the full
basin, and they show smaller ET and runoff changes compared to the Big Sur case, except for the
southeast corner of the basin that was affected by the severe burns (based on the MTBS data;
Figure 4). Despite the impact of hydrophobicity being small over much of the basin, there are
more pronounced ET and runoff shifts over the burn areas in the DA-VEG-SOIL plots compared
to the DA-VEG plots.

4.3 Progression of Hydrologic Processes

Percent changes in basin average fluxes compared to the OL simulation and their statistical
significance are shown in Table 4. This includes all three years of analysis. All our results are
statistically significant based on the Wilcoxon Rank Sum test, even in cases where the absolute
value of the average differences is relatively small. We plot the timeseries of anomalies for the
specific components of ET and Runoff in Figures 11 -12 to show the temporal variability of
different components. This timeseries is only plotted for the first year following the fire, when
the impacts are the greatest.

For the Big Sur State Park case, the vegetation disturbance from fire decreases the total ET
(Table 4), consistent with the water balance changes shown in the previous section. This is
primarily driven by the decreases to transpiration (Table 4; Figure 11a) during the first year after
the fire. The impacts of the fire on transpiration and ET are reduced during the drier year-two
and continue to be lower through year-three (Table 4). Nearly all of these changes are driven by
LAI-DA (as realized in the DA-VEG simulation). There is also an increase in soil evaporation as
vegetation is removed (Table 4; Figure 11b) and a slight decrease to canopy evaporation (due to
the loss of intercepted rainfall; Table 4; Figure 11c). The reduction in ET for each year following



671
672
673
674
675
676
677
678
679

680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701
702
703
704

705
706
707
708
709
710
711
712
713
714

manuscript submitted to Water Resources Research

the fire is also shown in Figure 9. As discussed in the previous section, the increase to soil
evaporation associated with the vegetation loss is expected; however, Noah-MP is likely
overestimating it, given the more pronounced impacts of fire on ET in prior literature (e.g.,
Thomas et al. 2021). It is likely the cause behind the reduced magnitude of the ET disturbance
compared to observations (Figure 6). The increases to bare soil evaporation shown in Noah-MP
likely also decrease post-fire runoff to some extent. Bare soil evaporation anomalies diminish by
year-two and year-three, following the fire (Table 4). The soil disturbance parameterization
reduces infiltration, which has the effect of reducing soil evaporation in the DA-VEG-SOIL
simulations, compared to the DA-VEG simulation (Figure 11b; Table 4).

Modeling vegetation and soil disturbances shows that both impact the runoff estimates for the
Big Sur fire. The reduced transpiration increases both the surface and sub-surface components of
runoff in the DA-VEG case (Table 4; Figure 11d,e). When the soil disturbance is included (i.e.,
DA-VEG-SOIL), there is a significant shift in the hydrological partitioning with a more
substantial increase in surface flow (Figure 11e). Further, as infiltration into the soil becomes
more restricted, the soil hydrophobicity formulation also results in comparatively less sub-
surface flow (Figure 11d). These results demonstrate a fairly high spread in surface runoff
between ensemble members for the DA-VEG-SOIL simulation, which represents the uncertainty
of the hydrologic response from multiple factors associated with the soil recovery. The range of
ensemble simulations for the DA-VEG-SOIL configuration is shown in Table S1 of supporting
information, and it demonstrates that surface runoff changes in the DA-VEG-SOIL simulations
range between 36% and 57% in year-one, and correspond with net runoff increases between 12%
and 18%. The higher end of this spectrum demonstrates that the hydrophobicity in the model can
cause flooding, consistent with the observed streamflow anomalies. The impacts of ensemble
spread are less for other model variables and diminish for the runoff terms in year-two, but
rebound slightly during the wetter year-three. Despite the smaller impact on the overall water
balance, this component of the soil disturbance should not be overlooked due its potential to
enhance flash flooding. While the effects of the vegetation disturbance are more persistent, the
impacts of hydrophobicity on surface runoff are lessened by the second half of year-one (Figure
11e), and they diminish substantially by year-two and year-three (Table 4). Model soil moisture
is also impacted in the DA-VEG and DA-VEG-SOIL simulations (Figure 11f). In the DA-VEG
simulation, 0-10 cm soil moisture increases during the cold season of year-one, compared to the
OL simulation. During the rest of year-one, loss of vegetation reduces soil moisture, and these
reductions are greater in the DA-VEG-SOIL simulation, where infiltration into the soil column is
further reduced.

For the Bryson, CA case, the impacts of the vegetation disturbance (realized in the DA-VEG
case) are similar to Big Sur case, but less due to the relatively smaller burn area. The total ET in
years one through three is also reduced for this case, but to a lesser extent (Table 4). The
vegetation disturbance reduces the transpiration component of ET, regardless of soil
hydrophobicity, as depicted in the timeseries of anomalies for year-one (Figure 12a). As in the
previous case, these transpiration anomalies are more substantial in year-one following the fire
compared to years two and three (Table 4). Canopy evaporation is also slightly reduced for this
case (Table 4; Figure 12c). Bare soil evaporation also increases in response to the vegetation
disturbance in both the DA-VEG and DA-VEG-SOIL simulations (Table 4; Figure 12b), even
though total ET remains negative due to the fire (Table 4). Compared to the Big Sur case, the
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magnitude of all these components is smaller, likely due to only a fraction of the basin area being
affected by the wildfires (Figure 4).

For runoff, the effects of vegetation losses, realized in the DA-VEG simulation also occur in the
Bryson, CA case. Sub-surface runoff in both simulations increases (Table 4; Figure 12d). The
effects of soil hydrophobicity are relatively small in terms of the water balance for surface runoff
(Table 4; Figure 12e); however, the ensemble spread depicted in supporting information (Table
S1) shows percent increases as high as 15% in year-one and 12% in year-three. This indicates a
slower recovery with more potential for flooding despite the smaller impact of the soil
disturbance. The smaller but potentially variable impact of the soil disturbance from
hydrophobicity could also reflect the impacts of hydrologic connectivity (e.g., Hallema et al.
2017) in the basin. In this case, the hydrophobicity parameterization does not have a
compensating effect on sub-surface runoff (Figure 12d). Surface runoff increases in the DA-
VEG simulation (Table 4; Figure 12¢), which is expected given the high observed streamflow
during the 2016-2017 winter (Figure 4). The increases in surface runoff in the DA-VEG, and to a
lesser extent from DA-VEG-SOIL, simulations in the timeseries in Figure 12 also appear in the
fluxes and water balance, shown in the previous section (Figure 10). The ensemble spread shown
in the runoff components (Figure 12d,e and supporting information Table S1) implies there are
some ensembles where the impacts of hydrophobicity are greater. Thus, the ensemble spread
shows that some solutions could have greater surface runoff, which would be more consistent
with the higher observed USGS flow for WY2017 (Figure 4). 0-10 cm soil moisture in year-one
of the DA-VEG simulation and the DA-VEG-SOIL simulation slightly decreases or has very
little difference compared to the OL simulation for most of the year, except during the cold
season when it increases.

5 Discussion and Summary

In this study, we present a generalized approach to characterize the effects of wildfires on
vegetation and soils to account for changes in hydrological partitioning. This is examined using
two case studies. In the first case, in Big Sur State Park, where nearly the full basin is burned,
changes to vegetation reduce transpiration over the three years following the fire. The greatest
impacts are during the first year, and losses to transpiration and increases in bare soil
evaporation, sub-surface runoff, and surface flow are observed. The effects of soil
hydrophobicity are smaller. However, these impacts, combined with the effects of vegetation,
increase surface runoff and the potential for flooding. The soil disturbance has the greatest
impact during more significant runoff events. Thus, our model simulations capture increased
surface flow, coinciding with much above average observed streamflow.

This study follows a robust LAI DA approach based on earlier work, where LAI DA was shown
to significantly alter the water balance following the Australia wildfires (Kumar et al. 2021).
Here, we build on the methodology of Kumar et al. (2021) by adding modeling components to
simulate fire induced soil hydrophobicity, which is unprecedented in the literature. The results of
our analysis, in the context of these specific cases, are consistent with the findings of Kumar et
al. (2021) and with prior fire literature showing the impacts of the disturbance on the water
balance. Note that ground records and measurements of fire impacts, such as debris flows, in the
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Big Sur and Bryson study areas are limited. Consequently, a thorough evaluation of the model
simulations from this study against ground reference data is impossible.

The LSM in the present study uses the native parameters developed for global studies. No
regional calibration of the model was performed in this study to maintain the generic nature of
the model formulations. Therefore, direct comparisons to streamflow are not included. However,
both vegetation and soil disturbances increase the modeled SSFI in a way that is consistent with
observations. Additionally, the reductions in ET caused by fires are consistent with independent
satellite-based estimates (i.e., DiSALEXI); however, the sign change in the LSM simulations
(with and without fire impacts) remains incorrect in the 2016 to 2017 trends due to model biases.
The tendency of the model to increase bare soil evaporation caused the impacts of LAI DA to be
substantially reduced, compared to ET patterns realized in the DisALEXI dataset. This is
consistent with Abolafia-Rosenzweig et al. (2024), who also found that enhanced post-fire bare
soil evaporation in Noah-MP had a compensating effect on transpiration losses, to limit the
modeled ET disturbance. Therefore, a limitation of these methods is that the changes to water
balance following fires should be considered more theoretical, given the general difficulty in
evaluating all the relevant fluxes and states simulated by the LSM. As the focus of the present
study is to demonstrate the impacts of LAI-DA and the soil hydrophobicity parameterization, we
consider the calibration to be beyond the scope of this work. We also acknowledge that the
absence of calibration and the biases observed during verification limit the use of these
approaches for deterministic forecasting, unless additional development is undertaken. Though
the consistency of the results of simulating the soil disturbance with the observed hydrologic
response and the fire-hydrology literature is encouraging, inconsistencies against other data
products of ET and runoff highlight the need for better evaluation and benchmarking of the post-
fire hydrological responses. Studying the broader applicability for our hydrophobicity approach
would also require additional case-studies in different environments, which is challenging given
the paucity of stream gage data in regions affected by fires. However, our ensemble approach for
hydrophobicity provides a generic approach for representing the uncertainty with soil impacts
after a fire, model formulation biases notwithstanding.

The study provides insights on the relative roles of vegetation disturbance compared to soil
disturbance after a fire for these specific cases. These modeled results show that the relative
impact of vegetation losses, as realized through the DA-VEG simulation, is greater than the
impacts of soil hydrophobicity, based on water balance changes. One possible reason for this is
the dependency of the soil parameters on vegetation-focused quantities, as MTBS burn severity
may correlate with the impacts of the LAI DA. We, again, emphasize that the MTBS dataset was
chosen for this proof of concept due to its consistency across events and expected availability for
any large fire event across the US. Other proxies, such as BAER data are not available for as
many cases. For both the Big Sur and Bryson cases, the relative impacts of vegetation losses on
the water balance are greater and persist for longer than for soil disturbance.

However, the soil disturbance still plays a significant role in the surface runoff component,
particularly for the Big Sur case (increasing from 5.7% to 7.3% of the total water balance).
Additionally, it is important to note that the impacts of hydrophobicity are important during high
flow events for both cases. The ensemble spread of the DA-VEG-SOIL simulations shows some
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solutions with significantly higher flow; this approach accounts for the spatial uncertainty of
post-fire soil disturbances and their potential implications for flooding.

This study models the impact of hydrophobicity through an ensemble setup, acknowledging the
underlying uncertainties in the hydrophobicity parametrization. There is uncertainty in the
volume of surface runoff changes over time, suggesting that some hydrophobicity combinations,
as realized through our ensemble system, can result in more flooding than others. An example of
the ensemble spread is seen with the Bryson case, with a smaller burn area relative to the
drainage basin. These variations likely also reflect uncertainties in hydrologic connectivity,
where some ensemble members permit more hillslope runoff to reach channels. For the case
studies considered here, the impacts of soil hydrophobicity are smaller on average; however,
some ensemble simulations show more significant changes to surface runoff, thus suggesting that
even small burn areas could yield more significant hydrologic changes after fires. Additional
testing in other domains would be required to determine if these findings are also applicable
elsewhere. The ensemble spread from the Bryson case, likely also reflects the more severe burn
area (despite the relatively small area) for this case, as our parameterization increases runoff
parameters more for more severe burns (based on the MTBS dataset).

There is some uncertainty in the relative roles of the wetter than average year following the fires
and the hydrologic impacts of the fires (e.g., Wagenbrenner et al. 2021) for these cases. WY2017
was wetter than average for much of California, and this was the year immediately following the
wildfires. While the Big Sur case was associated with a greater modeled hydrologic response,
much of the burn area was less severe (Figure 3). Thus, our LAI assimilation and soil
hydrophobicity parameterization remain fairly sensitive to lower severity wildfires. Note that the
diminished impact of hydrophobicity in this basin in later years was likely also due to the
modeled recovery of soils, where heavy precipitation results in soil parameters returning to
normal more quickly. The Bryson, CA case was associated with higher burn severity in some
areas; however, these effects are somewhat masked by the lower burn area relative to the size of
the basin. This is likely why the hydrologic impacts of the wildfire for the Bryson, CA case
shown here are less compared to the control simulation.

Another area of uncertainty in the wildfire parameterization presented here is the constraint of
soil hydrophobicity based on burn severity. These limitations were described in detail in section
2.3. Technically, a hydrophobicity constraint based on soil burn severity (e.g., calibrated ANBR
measurements) could add value to our parameterization, as Moody et al. (2016) show the direct
linear relationship between dNBR and soil characteristics. However, the benefit of the approach
outlined here is its utility for use with fire cases without additional site-specific field
measurements. The MTBS dataset, due to its availability for all fires greater than 1,000 acres that
occurred since 1984, allows us to parameterize fire impacts without additional datasets.
Furthermore, the severity of hydrophobicity based on MTBS impacts has been demonstrated by
Ebel et al. (2022), and the magnitude of soil hydrophobicity has also been parameterized based
on vegetation disturbances, more broadly, by Thomas et al. (2021). The selection of the recovery
timescale with a random distribution also ensures that the spatial uncertainty of the impacts of
hydrophobicity are adequately accounted for (e.g., Wagenbrenner et al. 2021). The results in
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Figures 11e and 12e demonstrate that there is considerable spread in the modeled surface runoff
with the ensembles (as noted above), for both case studies.

In the present study, we demonstrate the relative roles of vegetation losses and soil
hydrophobicity, with a remote-sensing observation-driven approach. We emphasize that these
findings are for two specific cases that are relatively close to one another, in Central California.
We used LAI DA combined with a novel hydrophobicity parameterization that accounts for burn
severity and potential uncertainty in soil changes through an ensemble approach. From this
analysis, we find that soil hydrophobicity post-fire plays a smaller role in hydrologic response,
but is still capable of significantly increasing runoff during heavy precipitation events, for these
cases. Further investigation with a large sample of test basins in different environments is needed
to establish the generalizability of these findings. The framework presented in this paper enables
a baseline for implementing and evaluating additional enhancements, including the use of a
calibrated model or alternate burn severity datasets (e.g., BAER). Ground reference datasets
around fire events are also needed to refine the parameterizations related to the modeling of post-
fire soil repellency.
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1230  Table 1: Parameters for meteorological forcing and model state variables for EnKF MODIS LAI
1231 DA configuration.
Variable Perturbation | Std. | Cross Correlation across variables
Type Dev.
Meteorological Forcing SW LW PCP
correlation | correlation | correlation
Downward Shortwave (SW) Multiplicative 0.3 1.0 -0.5 -0.8
Downward Longwave (LW) Additive 30 -0.5 1.0 0.5
Precipitation (PCP) Multiplicative 0.5 -0.8 0.5 1.0
Noah-MP LSM LALI states LAI
Leaf Area Index (LAI) Additive 0.01 1.0
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Table 2: Percent of evapotranspiration (ET), runoff, and TWS changes (and sub-components) of
total precipitation for the OL, DA-VEG, and DA-VEG-SOIL simulations for USGS gage
11143000 for one year after the fire. The ET (transpiration, canopy evaporation, and soil
evaporation), runoff (surface and sub-surface), and TWS changes (0-2.0 m soil moisture and

ground water) are shown as percentages of the total precipitation, starting on the fire ignition
date (22 July 2016).

Balance OL DA-VEG DA-VEG-SOIL
Component

Transpiration 24.7 16.9 16.8
Canopy Evaporation | 5.4 3.4 34
Soil Evaporation 30.5 34.8 343
Total ET 60.6 55.1 54.5
Surface Runoff 5.0 5.7 7.3
Sub-Surface Runoff | 23.4 26.2 25.3
Total Runoff 28.4 31.9 32.6
Soil Moisture 3.5 5.7 5.6
Change

Groundwater 7.6 7.5 7.5
Change

Total TWS Change | 11.1 13.2 13.1
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Table 3: Percent of evapotranspiration (ET), runoff, and TWS changes (and sub-components) of
total precipitation for the OL, DA-VEG, and DA-VEG-SOIL simulations for USGS gage
11148900 for one year after the fire. The ET (transpiration, canopy evaporation, and soil
evaporation), runoff (surface and sub-surface), and TWS changes (0-2.0 m soil moisture and
ground water) are shown as percentages of the total precipitation, starting on the fire ignition
date (13 August 2016).

Balance OL DA-VEG DA-VEG-SOIL
Component

Transpiration 234 21.6 214
Canopy Evaporation | 3.3 3.0 3.0
Soil Evaporation 33.0 34.1 34.2
Total ET 59.7 58.7 58.6
Surface Runoff 4.8 53 54
Sub-Surface Runoff | 22.4 24.4 24.5
Total Runoff 27.2 29.7 29.9
Soil Moisture 3.7 3.0 3.0
Groundwater 9.5 8.7 8.6
Total TWS 13.2 11.7 11.6
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1250  Table 4: Percent differences of transpiration, bare soil evaporation, canopy evaporation, surface
1251  runoff and sub-surface runoff for the DA-VEG and DA-VEG-SOIL simulations compared to the
1252 OL simulation for the area upstream of USGS Gages 11143000 and 11148900.
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USGS 11143000

-31.70* | 14.01* | -36.66* | -9.09* | 13.66* | 11.93* | 12.23*

-32.16* | 12.47* | -37.04* | -10.09* | 46.09* | 8.00* 14.68*

-16.59* | 14.13* | -16.14* | -3.39* | 3.11* 5.31* 4.94*

-16.89* | 14.06* | -16.48* | -3.60* | 6.17* 4.90* 5.12%*

-12.20* | 10.41* | -20.42* | -2.28% | 17.45* | 34.56* | 30.52*

-12.48* | 10.45* | -20.79* | -2.42* | 18.69* | 35.22* |31.31*

USGS 11148900

-7.62* | 3.36* -9.84*% | -1.67* | 9.95* 8.59* 8.83*

-8.64*% | 3.61* -10.73* | -1.98*% | 12.35*% | 9.28* 9.82*

-6.21*% | 5.63* -14.18* | -1.24* | 1.52* 2.14* 2.02*

-6.80* | 6.02* -14.85* | -1.40* | 2.83* 2.35* 2.44*

-2.78% | 2.70* -5.84*% 1-0.09 5.44%* 9.51* 8.62%*

-3.73* 1 2.93* -6.58* 1-0.39 9.93* 10.57* | 10.43*

1253 *Indicates statistical significance compared from the Wilcoxon Signed Rank Test, compared to
1254 the OL simulation.
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Figure 1: Schematic of the ensemble soil hydrophobicity parameterization with Noah-MP LSM.
Panel (a) represents a fire polygon with crosses representing locations with different fire severity.
Panel (b) shows the time evolution of FSATMX parameter following a fire event. The red line
represents the ensemble mean and the shaded area represents the range of FSATMX for different
ensemble members. The blue bars represent rainfall events whereas the dashed blue line
represents the climatological rainfall average values. Panel (c¢) highlights the different levels of
recovery simulated by the K;, parameter (3 levels are shown), which is defined as a function of
Burned severity (Bg), Landcover type (LC), and recovery time scale factor (w), which lengthens
or shortens the recovery time scale for FSATMX. Three example burn severity levels are shown
in panel c, including low (red), moderate (orange), and high (yellow).
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Figure 2: The two fire burn areas and corresponding USGS gages, relative to Northern
California, are shown (panel a). The regridded Monitoring Trends in Burn Severity (MTBS) burn
categories for the 0.01 degree model domains (used for simulations), next to analysis USGS
basins, are plotted for USGS gage 11143000 (panel b) and USGS gage 11148900 (panel c¢). For
regridded burn severity maps, uncolored areas are not covered in the MTBS area (assumed to be
unburned). Colored MTBS categories represent: 1) unburned/unchanged, 2) low severity, 3)
moderate severity, and 4) high severity.
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1277  Figure 3: Fire Characteristics and impact on hydrologic response for the 2016 fire affecting Big
1278  Sur State Park. MTBS fire severity from the event is plotted with the USGS Watershed
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Boundary Dataset (WBD) HUCS basins, National Hydrography Dataset (NHD) order-3 and
higher streams, and USGS gages-II reference gage 11143000. The reference basin for gage
11143000 is also plotted (a). Observed streamflow at USGS gage 11143000 (b), and 30-day
mean standardized precipitation index (SPI) with standardized streamflow index (SSFI) based on
a 3-parameter log-normal distribution for USGS gage 11143000 are plotted from WY2011
through WY2020 (c). The vertical red line in panels b and c is the date for the fire ignition. The
annual flow duration curve for the top 20 percentile highest flows is plotted for WY2001 through
WY2022 (d). This figure includes the mean flow duration curve (solid black line), median flow
duration curve (dashed black line), 5th and 95th percentile flow duration curve (dashed red line),
year-1 post-fire flow duration curve (WY 2017; solid blue line), year-2 post-fire flow duration
curve (WY2018; solid green line), year-3 post-fire flow duration curve (WY2019; solid yellow
line), and all other years (solid grey line). All FDC statistics exclude the three burn years.
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1293  Figure 4: Fire Characteristics and impact on hydrologic response for the 2016 fire affecting
1294  Bryson, CA. MTBS fire severity from the event is plotted with the USGS WBD HUCS basins,
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NHD order-3 and higher streams, and USGS gages-II reference gage 11148900. The reference
basin for gage 11148900 is also plotted (a). Observed streamflow at USGS gage 11148900 (b),
and 30-day mean standardized precipitation index (SPI) with standardized streamflow index
(SSFI) based on 3-parameter log-normal distribution for USGS gage 11148900 are plotted from
WY2011 through WY2022 (c). The vertical red line in panels b and c is the date for the fire
ignition. The annual flow duration curve for the top 20 percentile highest flows is plotted for
WY2001 through WY2022 (d). This figure includes the mean flow duration curve (solid black
line), median flow duration curve (dashed black line), Sth and 95th percentile flow duration
curve (dashed red line), year-1 post-fire flow duration curve (WY 2017; solid blue line), year-2
post-fire flow duration curve (WY2018; solid green line), year-3 post-fire flow duration curve
(WY2019; solid yellow line), and all other years (solid grey line). All FDC statistics exclude the
three burn years.
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Figure 5: Monthly Leaf Area Index (a, ¢) for OL (black), DA-VEG (blue), and DA-VEG-SOIL
(red) and differences in monthly ET (b, d) from the OL simulation for the DA-VEG (blue) and

DA-VEG-SOIL (red) simulations for the basins upstream of each USGS gage site. Left panels (a,

b) include data for USGS Gage 11143000, and right (c, d) panels include data for USGS Gage
11148900. The periods with gray shading indicate dates before the fire. Note that the DA-VEG
and DA-VEG-SOIL lines overlap for most of the graphs, making them difficult to distinguish.
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1316  Figure 6: January through June change in ET (mm/month) for 2017 (post-fire) compared to
1317 2016 (pre-fire). The USGS gage 11143000 basin (Big Sur case) is shown on the left and the
1318  USGS 11148900 basin (Bryson case) is shown on the right. From top to bottom, DisALEXI data
1319  (a,e), OL model output (b,f), DA-VEG model output (c,g), and DA-VEG-SOIL (d,h) model
1320 output are shown. Basin domains are also plotted with the gridded data.
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Figure 7: January through June change in Transpiration (mm/month) for 2017 (post-fire)
compared to 2016 (pre-fire). The USGS gage 11143000 basin (Big Sur case) is shown on the
left, and the USGS 11148900 basin (Bryson case) is shown on the right. From top to bottom, OL
model output (a,d), and DA-VEG model output (b,e) and DA-VEG-SOIL (c,f) model output are
shown. Basin domains are also plotted with the gridded data.
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Figure 9: Accumulated ET (a) and total runoff (d) for the OL (black), DA-VEG (blue), and DA-
VEG-SOIL (red) LSM simulations. Spatial changes to total (ET) (b, ¢) and total runoff (e, f) as a
percentage of total precipitation for the DA-VEG vs OL simulations (middle) and DA-VEG-
SOIL vs DA-VEG (bottom) simulations are shown. Fluxes are computed for the model domain
of USGS gage 11143000, for three years after the fire (22 July 2016 to 22 July 2019).
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Figure 10: Accumulated ET (a) and total runoff (d) for the OL (black), DA-VEG (blue), and
DA-VEG-SOIL (red) LSM simulations. Spatial changes to total (ET) (b, ¢) and total runoff (e, f)
as a percentage of total precipitation for the DA-VEG vs OL simulations (middle) and DA-VEG-
SOIL vs DA-VEG (bottom) simulations are shown. Fluxes are computed for the model domain
of USGS gage 11148900 for three years after the fire (13 August 2016 to 13 August 2019).
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Figure 11: Differences in transpiration (a; top left), bare soil evaporation (b; middle left), canopy
evaporation (c; bottom left), sub-surface runoff (d; top right), surface runoff (e; middle right) and
0-10 cm soil moisture (f; bottom right) from OL simulation for the DA-VEG (blue) and DA-
VEG-SOIL (red) LSM simulations. Narrow red lines are for individual ensemble members of the
DA-VEG-SOIL simulation, and the thick red line is for the ensemble mean. Fluxes are computed
for the basin upstream of USGS gage 11143000 for up to one year after the fire (22 July 2016 to
22 July 2017).
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Figure 12: Differences in transpiration (a; top left), bare soil evaporation (b; middle left), canopy
evaporation (c; bottom left), sub-surface runoff (d; top right), surface runoff (e; middle right) and
0-10 cm soil moisture (f; bottom right) from OL simulation for the DA-VEG (blue) and DA-
VEG-SOIL (red) LSM simulations. Narrow red lines are for individual ensemble members DA-
VEG-SOIL simulation, and the thick red line is for the ensemble mean. Fluxes are computed for
the basin upstream of USGS gage 11148900 for up to one year after the fire (13 August 2016 to
13 August 2017).
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