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Abstract

Accurate soil moisture and streamflow data are an aspirational need of many hydrologically-relevant fields. Model simulated soil
moisture and streamflow hold promise but numerical models require calibration prior to application to ensure sufficient model
performance. Manual or automated calibration methods require iterative model runs and hence are computationally expensive.
In this study, we leverage the Soil Survey Geographic (SSURGO) database and the probability mapping of SSURGO (PO-
LARIS) to help constrain soil parameter uncertainties in the Weather Research and Forecasting Hydrological modeling system
(WRF-Hydro) over a central California domain. After calibration, WRF-Hydro soil moisture exhibits increased correlation coef-
ficients (r), reduced biases, and increased Kling-Gupta Efficiencies (KGEs) across seven in-situ soil moisture observing stations.
Compared to four well-established soil moisture datasets including Soil Moisture Active Passive Level 4 data and three Phase
2 North American Land Data Assimilation System land surface models, our POLARIS-calibrated WRF-Hydro produces the
highest mean KGE (0.67) across the seven stations. More importantly, WRF-Hydro streamflow fidelity also increases especially
in the case where the model domain is set up with an SSURGO-informed total soil thickness. Both the magnitude and timing of
peak flow events are better captured, r increases across nine United States Geological Survey stream gages, and the mean Nash-
Sutcliffe Efficiency across seven of the nine gages increases from 0.19 in default WRF-Hydro to 0.63 after calibration. Our soil
data-informed calibration approach, which is transferable to other spatially-distributed hydrological models, uses open-access

data and non-iterative steps to improve model performance and is thus operationally and computationally attractive.

Hosted file

953402_0_art_file_10582675_rnxmll.docx available at https://authorea.com/users/559535/
articles/618234-toward-improved-regional-hydrological-model-performance-using-a-novel-
soil-data-informed-calibration-method

Hosted file

953402_0_supp_10582588_rnxzxk.docx available at https://authorea.com/users/559535/articles/
618234-toward-improved-regional-hydrological-model-performance-using-a-novel-soil-data-
informed-calibration-method


https://authorea.com/users/559535/articles/618234-toward-improved-regional-hydrological-model-performance-using-a-novel-soil-data-informed-calibration-method
https://authorea.com/users/559535/articles/618234-toward-improved-regional-hydrological-model-performance-using-a-novel-soil-data-informed-calibration-method
https://authorea.com/users/559535/articles/618234-toward-improved-regional-hydrological-model-performance-using-a-novel-soil-data-informed-calibration-method
https://authorea.com/users/559535/articles/618234-toward-improved-regional-hydrological-model-performance-using-a-novel-soil-data-informed-calibration-method
https://authorea.com/users/559535/articles/618234-toward-improved-regional-hydrological-model-performance-using-a-novel-soil-data-informed-calibration-method
https://authorea.com/users/559535/articles/618234-toward-improved-regional-hydrological-model-performance-using-a-novel-soil-data-informed-calibration-method

10
11
12
13
14

15

16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31

Toward improved regional hydrological model performance using a novel soil data-informed

calibration method
Chuxuan Li', Guo Yu?, Jiali Wang3, and Daniel E. Horton'

1. Department of Earth and Planetary Sciences, Northwestern University, Evanston, IL 60208, USA
2. Division of Hydrologic Sciences, Desert Research Institute, Las Vegas, NV, 89119, USA
3. Environmental Science Division, Argonne National Laboratory, Lemont, IL, 60439, USA

Key points:

e Model simulated soil moisture and streamflow fidelity substantially improve by using
computationally-efficient soil data-based calibration.

e Calibrated surface soil moisture outperforms four well-established soil moisture products when
evaluated against in situ observations.

e After calibration, the model’s capability to simulate observed streamflow hydrographs improves,

especially peak flow fidelity.

Abstract:

Accurate soil moisture and streamflow data are an aspirational need of many hydrologically-relevant
fields. Model simulated soil moisture and streamflow hold promise but numerical models require
calibration prior to application to ensure sufficient model performance. Manual or automated calibration
methods require iterative model runs and hence are computationally expensive. In this study, we leverage
the Soil Survey Geographic (SSURGO) database and the probability mapping of SSURGO (POLARIS)
to help constrain soil parameter uncertainties in the Weather Research and Forecasting Hydrological
modeling system (WRF-Hydro) over a central California domain. After calibration, WRF-Hydro soil
moisture exhibits increased correlation coefficients (), reduced biases, and increased Kling-Gupta
Efficiencies (KGEs) across seven in-situ soil moisture observing stations. Compared to four well-
established soil moisture datasets including Soil Moisture Active Passive Level 4 data and three Phase 2
North American Land Data Assimilation System land surface models, our POLARIS-calibrated WRF-
Hydro produces the highest mean KGE (0.67) across the seven stations. More importantly, WRF-Hydro
streamflow fidelity also increases especially in the case where the model domain is set up with an
SSURGO-informed total soil thickness. Both the magnitude and timing of peak flow events are better

captured, » increases across nine United States Geological Survey stream gages, and the mean Nash-
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Sutcliffe Efficiency across seven of the nine gages increases from 0.19 in default WRF-Hydro to 0.63
after calibration. Our soil data-informed calibration approach, which is transferable to other spatially-
distributed hydrological models, uses open-access data and non-iterative steps to improve model

performance and is thus operationally and computationally attractive.

Key words: soil moisture, streamflow, data-informed calibration, hydrological models

Plain language summary

In this study, we develop a method that uses field- and machine learning-derived soil property
uncertainties to improve the performance of a hydrological model to simulate observed soil water content
and river flows. Specifically, we replace three of the model’s default parameters with the corresponding
parameters from a probabilistic soil property dataset. After replacement, simulated soil water content
more closely resembles observations from seven in-situ observing stations. Compared to four other well-
established, satellite-derived and model-simulated products, our soil property-calibrated model performs
favorably. For river flows, we find the highest model performance in the case where we modify the total
soil thickness according to the soil survey dataset. With modified soil thickness, the timing and magnitude
of high flows are much better captured and the similarity between our simulations and the observations
substantially increases at almost all observing stations. Compared to calibration methods that require
repetitive model runs, our probabilistic soil property calibration method is computationally-efficient and

may prove useful in a number of hydrologic modeling contexts.

1. Introduction

Soil moisture and streamflow are two key components of the hydrologic cycle. In the following, we
provide examples to show their importance for a plethora of fields including hydrology, geomorphology,
natural hazards, ecology, water resource management, and climate science. For natural hazards and
geomorphology, both soil moisture and streamflow can influence the likelihood of flooding (Koster et al.
2010; Massari et al. 2014) and debris flows (Coe et al. 2008; Kean et al. 2013; Tang et al. 2019), while
soil moisture has also been used to predict drought (Xu et al. 2020) and shallow landslides (Gasmo et al.
2000; Handwerger et al. 2019; Johnson and Sitar 1990; Ray and Jacobs 2007; Sweeney and Robertson
1979). In water supply management, soil moisture influences forest water yield and streamflow controls
suspended sediment transport and water quality (Acharya et al. 2022; Colby 1956). Water in soil and river

channels also drives the productivity and sustainability of terrestrial ecosystems, especially in arid and
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semi-arid regions (Legates et al. 2011), influencing crop yields and other aspects of agriculture (Berg and
Sheffield 2018; Carrao et al. 2016; Kang et al. 2009). Over climatic timescales, soil moisture affects both
short- and long-term climate by modulating the hydro-climate feedback loop (Seneviratne et al. 2010;
Seneviratne et al. 2013; Yeh et al. 1984). Because soil moisture and streamflow play important roles in
the broad Earth system across various spatiotemporal scales, accurate estimates of them are critical to
improve the predictive skills of models in a wide range of fields. For example, initializing models with
realistic soil moisture can reduce uncertainties in atmospheric predictions at sub-seasonal to seasonal
scales in climate models (Douville and Chauvin 2000; Fennessy and Shukla 1999; Koster 2004) and
facilitate accurate landslide predictions in slope stability models (Cai et al. 2019; Di Matteo et al. 2018).
On climatic timescales, soil moisture can greatly impact projections of extreme temperature and
precipitation in global climate models (Seneviratne et al. 2013). In ecological and agricultural models,
soil moisture is needed to simulate carbon cycles (Friend and Kiang 2005; Yuste et al. 2007) and crop
growth (Rosenzweig et al. 2002) and is a key variable for predicting agricultural drought (Crow et al.
2012; Narasimhan and Srinivasan 2005). Streamflow is also an indispensable variable used in
hydrological hazard mapping and assessment tools, water resource management tools, landscape
evolution models, and coupled atmospheric-hydrological models (Davy and Lague 2009; Dottori et al.

2016; Gong et al. 2010; Wagner et al. 2016).

In-situ observations of soil moisture and streamflow are regarded as ground truth. However, they are
spatially sparse due to the high costs of large-scale implementation especially in remote and
topographically complex regions. This is especially a problem for obtaining in-situ soil moisture
observations. Satellites using passive microwave techniques such as Soil Moisture Active Passive
(SMAP), on the other hand, provide promising remotely-sensed surface soil moisture with global data
coverage (Al-Yaari et al. 2017; Chen et al. 2018; Kumar et al. 2018). However, satellite-derived data is
reported to be biased in heavily vegetated areas (Fan et al. 2020; Ma et al. 2019; Reichle et al. 2017) and
is subject to data gaps primarily due to satellite orbits (Tavakol et al. 2019; Wang et al. 2012). In addition,
remote sensing techniques can only retrieve skin (0—5 cm) or near-surface soil moisture (Mohanty et al.
2017). As such, process-based land surface models (LSMs) are frequently used to fill the data gaps in
satellite-derived soil moisture and extend soil moisture estimates to the root zone (~1-2 m below ground)
(Koster et al. 2009; Mohanty et al. 2017; Tavakol et al. 2019). However, LSMs at global or regional
scales often have rather coarse resolutions (e.g., 1/8 degree in NLDAS-2 LSMs). Due to the high
variability in soil moisture across space and time, efforts to produce high-resolution soil moisture are

needed for both regional-scale and locally-focused applications.
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Physics-based hydrological models that simulate soil moisture and streamflow at high resolutions are
critical tools to fill in-situ and remotely-sensed gaps but models need validation prior to application.
Improving hydrological models’ soil moisture and streamflow performance has been a long-standing
research objective. In these models, soil moisture and streamflow are prognostic variables that are often
subject to great uncertainties originating from various sources including model physics and structure,
meteorological forcing, and parameterizations (Leach et al. 2018; Matgen et al. 2010; Silver et al. 2017).
To improve simulation fidelity, a number of different techniques have been employed including data
assimilation and manual or automated calibration. So far, data assimilation has been the primary
technique to improve soil moisture simulations in hydrological models and it has shown promising results
by incorporating remotely-sensed soil moisture data (Crow and Van den Berg 2010; De Santis et al. 2021;
Loizu et al. 2018). It is also found that assimilating observational soil moisture can improve the accuracy
of both soil moisture and streamflow predictions in various types of models (Aubert et al. 2003; Lee et al.
2011). Assimilating observational streamflow and/or snow data is also applied to improve streamflow
simulations (Lahmers et al. 2022) and forecasts (Boucher et al. 2020). Despite its successful applications,
data assimilation typically requires a large volume of high-quality observational data which are often not
available in data-scarce regions. Other efforts to improve model predictions include model calibration.
Typically, hydrological models are calibrated either manually (i.e., via a trial-and-error process (Yucel et
al. 2015)) or using an automated algorithm (Becker et al. 2019; Gallagher et al. 2007). Both manual and
automated-algorithm-based calibration techniques require iterative model runs to arrive at the optimal
combination of parameters. Even though parallelization has saved considerable computing hours (Alvioli
et al. 2016; Baum et al. 2008; Wang et al. 2019), this calibration process could still be complicated and

resource-demanding, especially when the model domain is large and spatial resolution is high.

Here, we develop a soil property data-informed calibration method to calibrate both soil moisture and
streamflow simulations with non-iterative steps in the Weather Research and Forecasting Hydrological
modeling system version 5.1.1 (WRF-Hydro; Gochis et al. 2020). WRF-Hydro is a 3-D, fully-distributed,
and physics-based open-source community hydrological model. Compared with other traditional
hydrological models such as the semi-distributed Variable Infiltration Capacity model (VIC), WRF-
Hydro is a fully-distributed model that considers spatially distributed hydrological variables (Yin et al.
2020); compared with the quasi-physically-based Soil and Water Assessment Tool (SWAT) that works at
single watershed- to river basin-scales, WRF-Hydro can simulate multi-processes across multiple scales.
In operational mode, WRF-Hydro works as the hydrologic core of National Water Model (NWM) to
produce streamflow predictions at ~2.7 million river reaches. In research settings, streamflow from WREF-
Hydro has been calibrated manually (Yucel et al. 2015) or using automatic algorithms (Lahmers et al.

2020; Lahmers et al. 2019; Wang et al. 2019; Yu et al. 2020). Sofokleous et al. (2022) found streamflow
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predictions in WRF-Hydro are improved with improved representation of groundwater and transpiration
processes, which highlights the importance of replicating the real-world conditions with realistic
parameters as opposed to intensively calibrating the parameters. In that respect, in contrast to manual and
auto-algorithm-based calibration studies, Silver et al. (2017) outlined a systematic calibration procedure
that employs physical soil characteristics derived from remote sensing to calibrate streamflow in WRF-
Hydro. However, similar calibration methods have not been applied to soil moisture in WRF-Hydro and
the use of soil moisture from WRF-Hydro simulations has thus far been limited. In addition, it is not clear
whether the improved soil moisture can improve streamflow simulation as well in WRF-Hydro. Therefore,
to simplify the calibration procedure and increase the utility of high-resolution soil moisture simulation in
WRF-Hydro, here we develop a calibration approach that relies on two related open-access soil databases
i.e., SSURGO and Probability Mapping of Soil Survey Geographic Database (POLARIS; Chaney et al.
2016). Our calibrated experiments show improved simulation-observation fidelity for both soil moisture
and streamflow. With the improvement, our approach may increase the utility of WRF-Hydro and
potentially other spatially-distributed hydrological models for a number of hydrologically relevant ficlds,
including climate science, natural hazards, agriculture, and ecology. In the following, our study domain
and environmental setting are introduced in Section 2, descriptions of the model, data, and the data-
informed calibration method are presented in Section 3, Section 4 presents the results, and Section 5

provides discussions and a conclusion.

2. Study area and environmental setting

Our study area is located in the Coast Ranges surrounding Monterey Bay in central California, USA
(Fig. la). The WRF-Hydro model domain outlined by the black box in Fig. la covers several
mountainous areas, seven in-situ soil moisture stations, and nine United States Geological Survey (USGS)
stream gages. Soil moisture stations Los Gatos (Igs), Gilroy (gry), Soledad (sld), and Lockwood (Iwd) are
operated by the NOAA Physical Sciences Laboratory (PSL), whereas stations blueoak, norris, and
hastings are operated by the Western Regional Climate Center (WRCC). The streamflow measured at the
nine USGS stream gages are natural flows (i.e., flows without human regulations). The details regarding
the soil moisture and streamflow observational sites are given in Section 3.4.1. California has a
Mediterranean climate with distinct wet and dry seasons. About 80% of annual precipitation in California
falls within the wet season [defined as November to April in Jong et al. (2016)]. Due to the Mediterranean

climate, soil moisture in California also has high seasonal variability, similar to precipitation.

Our model domain features complex topography and heterogeneous vegetation cover (Fig.1b-d). The

histograms of elevation and slope are calculated based on USGS National Elevation Dataset (NED) 30-m

5
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Digital Elevation Model (DEM). Both distributions have a bimodal shape i.e., the majority of the model
domain has topographic elevations 30-40 m above sea level and minimal slopes, and the secondary peaks
in the distributions, however, correspond to topographic elevations of 300 m and slopes of 13°. The
interquartile range of topographic slope spans more than 15°, showing the large spatial heterogeneity in
topographic gradients. The distribution of the Moderate Resolution Imaging Spectroradiometer (MODIS)
normalized difference vegetation index (NDVI) has a median value of ~0.6 and a maximum value
approaching 1. According to the MODIS International Geosphere—Biosphere Programme (IGBP) land
cover data, evergreen needleleaf forest is the most dominant vegetation cover in our model domain

(Supplemental Fig. 1).
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Fig. 1] WRF-Hydro model domain, topography, soil moisture observational sites, USGS stream gages,
and statistics of the environmental setting. (a) The model domain covers several mountains in the Coast
Ranges of central California (black box). Topography is from the USGS National Elevation Dataset
(NED) 30-m DEM (shading). There are seven in-situ soil moisture stations (blue circles for NOAA PSL

stations and blue triangles for WRCC stations) and nine USGS stream gages that measure natural flows
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(purple crosses). The location of the study area in the U.S. is shown in the embedded map with the state
of California shaded in grey. Distributions of (b) topographic elevation, (c¢) topographic slope, and (d)
normalized difference vegetation index (NDVI) within the model domain. Median values of the
distributions are indicated by the black vertical dashed lines and 25" and 75™ percentiles are indicated by
the orange vertical dashed lines. The distributions of elevation and slope are calculated using the USGS
30-m DEM, and the distribution of NDVI is calculated based on the Aqua Moderate Resolution Imaging
Spectroradiometer (MODIS) Vegetation Indices (MYD13Q1) Version 6.1 data.

3. Data and Methods

3.1 WRF-Hydro model description and configurations

WRF-Hydro is a physics-based, open-source community model that simulates 3-D land surface
hydrologic processes (Gochis et al. 2020). WRF-Hydro includes the Noah-MP Land Surface Model (LSM)
(Niu et al. 2011), a terrain routing module, a channel and reservoir routing module, and a conceptual
baseflow bucket model. The Noah-MP LSM simulates vertical energy fluxes (i.e., sensible and latent heat
and net radiation), moisture fluxes (i.e., infiltration, infiltration excess, canopy interception, and
evapotranspiration), and soil thermal and moisture state variables. In default configuration, the soil
column in Noah-MP LSM has a total depth of 2 m and four soil layers. The thickness of the layers from
top to bottom is 10, 30, 60, and 100 cm, respectively. For each of the four soil layers, the simulation of
water movement follows the diffusive form of Richard’s equation. Users can modify the total depth and
thickness of each layer but in the current version of WRF-Hydro the total soil depth and vertical

distribution of soil layers can only be the same across the model domain.

Soil moisture and other variables are disaggregated from the relatively coarse grid in Noah-MP LSM
(1-km in our study) to the higher resolution grid in the terrain routing module (100-m in our study) which
then simulates subsurface and overland flow. The high-resolution terrain routing grid is generated by
interpolating the USGS NED 30-m hydrologically-conditioned DEM to our 100-m grid. Once the
overland flow and subsurface flow simulated from the terrain routing module flow into the channel grid
that is pre-defined in the USGS hydrologically-conditioned DEM, the channel routing module of WREF-
Hydro routes the water as channelized streamflow. The channel routing module works at a spatial
resolution consistent with the channel bottom width which typically ranges from 1.5 m to 100 m. More

details regarding the governing equations and model workflows can be found in Li et al. (2022).
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In this study, WRF-Hydro is run in standalone mode, i.c., it is not coupled with an atmospheric model.
We use the Multi-Radar/Multi-Sensor System (MRMS) gauge-corrected quantitative precipitation
estimation (QPE; Zhang et al., 2011, 2014, 2016) to provide precipitation forcing at hourly, 1-km
resolution and the Phase 2 of North American Land Data Assimilation System (NLDAS-2) to provide
forcing of other meteorological variables including incoming shortwave and longwave radiation, specific
humidity and air temperature at 2 m above the surface, surface pressure, and 10-m wind speed (both u and
v components) at hourly, 1/8-degree resolution. The MRMS precipitation and NLDAS-2 forcing data are
re-gridded onto the 1-km Noah-MP LSM grid using bilinear interpolation.

WRF-Hydro is initialized with National Centers for Environmental Prediction (NCEP) FNL (Final)
Operational Global Analysis data. We spin up the model for one year from October 1, 2015 — September
31, 2016. The one-year spin-up time allows the hydrological variables in the model to reach equilibrium.
We run WRF-Hydro in three configurations: one in its default configuration and two calibrated
experiments. Details of the calibration experiments are given in Section 3.3.2. Soil moisture is reported

hourly on the terrain routing grid (100-m) under three configurations for October 1, 2016 to May 31, 2017.

3.2 Soil hydraulic properties in default WRF-Hydro

Prior to calibration, we performed sensitivity experiments to identify highly-sensitive soil moisture-
relevant parameters in WRF-Hydro (Supplemental Fig. 2). Our sensitivity experiments covered numerous
soil property and vegetation parameters including smcmax (soil porosity), dksat (saturated hydraulic
conductivity), bexp (coefficient b in Cosby et al. (1984) that denotes pore size distribution), smcref (field
capacity), smcwlt (wilting point), slope (bottom soil layer drainage), rsurfexp (surface dryness factor

controlling the surface resistance for evaporation), Avt (canopy height), and vemx25 (maximum

carboxylation rate at 25°C). The sensitivity analyses were performed by manually changing the parameter

values within a physically-reasonable range based on POLARIS and comparing changes in simulated soil
moisture time series. Eventually smcmax, dksat, and bexp were identified as the three most sensitive

parameters and their effects on soil moisture simulations are shown in Supplemental Fig. 2.

In the default version of the Noah-MP LSM and WRF-Hydro, smcmax, dksat, and bexp are mapped
onto the 16 soil classes defined in the 1-km USDA State Soil Geographic database (STATSGO; Miller
and White, 1998) based on the soil analysis from Cosby et al. (1984) (Fig. 2a—c and Supplemental Table
1). Specifically, Holtan et al. (1968) and Rawls et al. (1976) collected 1448 soil samples from 35
locations across 23 states in the U.S. Using these soil samples, Cosby et al. (1984) derived the

representative values of soil saturated hydraulic conductivity and porosity for each soil class, whereas the

8
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bexp (i.e., b in the equation below) was calculated via a best fit to the moisture retention data. This soil
analysis conducted by Cosby et al. (1984) is used as the default soil hydraulic properties in WRF-Hydro
(Supplemental Table 1). The 16-type STATSGO soil map has a relatively coarse spatial resolution and its
accuracy was found to be questionable (Dy and Fung, 2016).

3.3 A new soil data-informed calibration method

3.3.1 SSURGO and POLARIS soil databases

To better constrain the uncertainties in the soil parameters of WRF-Hydro, we leverage two related
open access soil databases, i.e., the Soil Survey Geographic (SSURGO) database and the probability
mapping of SSURGO (POLARIS; Chaney et al. 2016). Here we provide a brief description of both.

SSURGO is a compilation of soil surveys with details gathered over the course of a century for the
CONUS (Soil Survey Staff, 2021). It was generated via a combination of observed soil information in the
field, lab experiments, expert knowledge, areal images, pedotransfer functions, and extrapolation of
observations using soil and/or landscape models. It is managed and updated annually by the National
Cooperative Soil Survey. In terms of data format, SSURGO provides a map of polygon features with
assigned unique map units and tabular soil texture and property information. Each map unit corresponds
to multiple soil components and each component corresponds to multiple soil horizons. Though it has the
highest level of details and it is the most up-to-date soil physical property data, it is subject to data gaps
and artificial discontinuities between political units that conduct the soil survey (i.e., county or state

boundaries).

To fill the data gaps, remove the artificial discontinuities, and spatially disaggregate the multiple
components for one map unit in SSURGO, POLARIS probabilistically remaps SSURGO using high-
resolution geospatial environmental data such as topography and land cover data with a random forest
machine learning algorithm (DSMART-HPC; Chaney et al., 2016). POLARIS provides soil series
predictions with uncertainties for six soil layers at 30-m resolution over CONUS. The statistics it provides
include the mean, mode, 5th, 50th, and 95th percentiles and the depths of the six soil layers are 0-5 cm,
5-15 ¢m, 15-30 cm, 30-60 cm, 60—100 cm, and 100-200 cm, respectively.
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Fig. 2| Maps of soil hydraulic properties including smcmax (porosity), dksat (saturated hydraulic
conductivity; cm day™'), and bexp that controls the soil pore size distribution in (a)—(c) default WREF-
Hydro, (d)—(f) POLARIS-based parameters, and (h)—(j) difference between the POLARIS-based
parameters and default WRF-Hydro. Note that (d) and (e) show the median porosity and saturated
hydraulic conductivity from 0-5 cm soil layer in POLARIS and bexp in (f) is calculated using the
POLARIS 0-5 cm median clay fraction based on the linear regression model in Cosby et al. (1984). The

green circles in (h) — (j) show the seven in-situ soil moisture stations.

3.3.2 Soil data-informed calibration experiments
In this study, except for the experiment using default WRF-Hydro, we perform two WRF-Hydro
calibration experiments by incorporating the information from SSURGO and POLARIS. Fig. 3 shows a

flowchart summarizing the information and methods used in the two experiments, i.e., 1) POLARIS-
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calibrated WRF-Hydro with a 2 m soil column (hereafter referred to as “POLARIS-calibrated WRF-
Hydro™) and 2) the POLARIS-calibrated WRF-Hydro with a modified total soil thickness of 40 cm
(hereafter referred to as “POLARIS-40 cm soil”). It is worth mentioning that reducing total soil thickness
does not influence surface soil moisture simulations so POLARIS-40 cm soil experiment simulates the
same surface soil moisture as POLARIS-calibrated WRF-Hydro. We perform both calibration
experiments starting October 1, 2016 and both calibrated and default WRF-Hydro run for eight months
from October 1, 2016 — May 31, 2017.

In the POLARIS-calibrated WRF-Hydro, we use the median values in the top soil layer (0—5 cm) of
the following parameters: porosity (in m®> m™), saturated hydraulic conductivity on log;, scale (cm hr™),
and clay fraction (in %). We use median values because they are more representative for the entire
distribution. Specifically, the median POLARIS porosity and saturated hydraulic conductivity are re-
gridded onto the Noah-MP LSM grid using a nearest-neighbor interpolation and are used to replace the
parameters smacmax and dksat in all four soil layers in default WRF-Hydro (Fig. 2d&e). To derive bexp
which denotes the soil pore size distribution (Fig. 2f), we re-grid the median clay fraction onto the LSM

grid and apply a linear regression model adopted from Cosby et al. (1984):
bexp = 0.159 X c+ 291 (1)

where c is clay fraction in %. Differences between the POLARIS-based and default soil parameters are

displayed in Fig. 2h,i&;.

In the second calibration experiment, we set up the model domain of POLARIS-calibrated WREF-
Hydro with a reduced total soil thickness of 40 cm, and each of the four soil layers has a thickness of 10
cm. 40 cm is derived via calculating the domain average of the depth-to-bedrock data from SSURGO.
Based on SSURGQO, the soil depth in our model domain ranges from 0-173 c¢cm with a mean and a
standard deviation of 40 and 39 cm, respectively (Supplemental Fig. 3). Therefore, the 2-m soil in the

default setting of WRF-Hydro is likely overestimating the actual soil conditions in central California.
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Fig. 3| A schematic flowchart summarizing the datasets, variables, model parameters, and methods used
in our soil data-informed calibration experiments: (1) the POLARIS-calibrated WRF-Hydro, and (2) the
POLARIS-40 cm soil according to the domain average of the SSURGO depth-to-bedrock data.

3.4 Model performance evaluation

3.4.1 Soil moisture in-situ stations and USGS streamflow gages

We then evaluate both the default and the calibrated WRF-Hydro against soil moisture and
streamflow observations over October 1, 2016 — May 30, 2017 at hourly time steps. It is noteworthy that
most stream gages in our study area experience no-to-low flows outside the period of December to March.
Therefore, although our model evaluations span the whole 8-month period (October 2016 — May 2017),

we find a similar conclusion when evaluating the streamflow just for December to March.

The soil moisture observations we use in this study is volumetric soil moisture indirectly measured at
seven in-situ stations. The water content reflectometers CS616 and CS625 at the four PSL stations (sld,
lgs, gry, and Iwd) measure the soil temperature and output period at 10 cm below ground at 2-minute

interval. We use these two variables to compute the volumetric soil moisture. We firstly perform a data
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correction to the output period with the measured soil temperature following the equation in the

reflectometer instruction manual (Campbell Scientific INC, retrieved 2021):
1.(T) =1, + (20 = T) x (0.526 — 0.052 * 7, + 0.00136 X 7,2) 2)

where t,and 7, are output periods in microseconds before and after the correction, respectively, and T is

soil temperature in °C. The corrected output period is then converted to volumetric soil water content (m’

m”) using a quadratic calibration equation documented in the instruction manual (Campbell Scientific

INC, retrieved 2021):
VWC = —0.0663 — 0.0063 X 7. + 0.0007 X 7.2 3)

At the three WRCC stations (blueoak, hastings, and norris), reflectometer CS615 is used to measure

the soil moisture at 2 inches (~5 cm) below ground at 10-minute resolution.

To compare WRF-Hydro soil moisture simulations with the in-situ observations, we first compute the
hourly mean for the soil moisture observations during October 1, 2016 — May 31, 2017. Next, time series
of soil moisture simulations are collected from the WRF-Hydro high-resolution routing grid cells (100-m)
that are closest to the seven observational stations. We also use the in-situ precipitation recorded by the
soil moisture observational stations to investigate the uncertainties in the precipitation forcing (i.e., the

MRMS).

Nine USGS stream gages with natural flows (i.e., no human regulation) are available in our model
domain, as shown in in Figure la. They are Saratoga Creek at Saratoga (ID 11169500), Soquel Creek at
Soquel (ID 11160000), WB Soquel C NR Soquel (ID 11159800), Corralitos Creek at Freedom (ID
11159200), Tres Pinos Creek near Tres Pinos (ID 11157500), Arroyo Seco NR Soledad (ID 11152000),
Arroyo Seco BL Reliz C NR Soledad, CA (ID 11152050), San Antonio River near Lockwood (ID
11149900), and Nacimiento River below Sapaque Creek near Bryson (ID 11149800). The streamflow
observations are at 15-minute resolution and we calculate the hourly mean of the observations to compare

with our model simulations.

3.4.2 Other remotely-sensed and LSM-simulated soil moisture products

For further evaluation of the performance of WRF-Hydro simulated soil moisture, we also compare
POLARIS-calibrated soil moisture with four other widely-used soil moisture products: SMAP L4,
NLDAS-2 Noah, VIC, and Mosaic LSMs.
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SMAP L4 is a merged soil moisture product that assimilates SMAP satellite L-band brightness
temperature observations into the NASA’s GEOS-5 Catchment LSM using a spatially-explicit ensemble
Kalman filter (Reichle et al., 2017). Catchment LSM has a temporal resolution of 3 hours, a spatial
resolution of 9 km, and provides soil moisture estimates at the surface (0—5 cm) and root zone (0—1 m).
SMAP L4 is chosen because SMAP satellite-derived soil moisture has been reported to be superior to
other remotely-sensed soil moisture products by various studies (Al-Yaari et al., 2017; Zhang et al., 2017;
Chen et al., 2018; Kumar et al., 2018; Tavakol & Rahmani, 2018) (Ford and Quiring 2019). Compared to
SMAP L1-3 products, SMAP L4 is continuous over space and time and combines both observation and

simulation components.

NLDAS-2 applies state-of-the-art observational and simulated data as forcing to drive physically-
based, uncoupled, distributed LSMs to simulate land surface conditions at hourly and 1/8-degree
resolutions over the U.S. NLDAS-2 uses three physics-based LSMs, i.e., Noah (Betts et al., 1997; Chen et
al., 1997), VIC (Liang et al., 1994), and Mosaic (Koster and Suarez, 1994, 1996). All NLDAS-2 LSMs
share the same atmospheric forcing, soil classification, and land cover, but they yield different results due
to different model physics, configuration, and parameter choices. Noah-LSM was developed as the land
component of the mesoscale Eta model by NOAA and NCEP (Betts et al., 1997; Chen et al., 1997). It
also works as the LSM of WRF atmospheric model and NOAA/NCEP Global Forecast System (GFS) and
Climate Forecast System (CFS). Noah has four soil layers with depths of 10, 30, 60, and 100 cm from top
to bottom. VIC-LSM is a macroscale, semi-distributed hydrologic model designed by University of
Washington and Princeton University (Liang et al., 1994; Wood et al., 1997). It has three soil layers with
spatially-varying layer depths depending on the vegetation type and root distribution. The Mosaic LSM
was developed for use in NASA’s global climate models by Koster and Suarez (1994 and 1996). It uses a
tile approach to represent vegetation variability at sub-grid scales. Each vegetation tile simulates its own
soil moisture and consists of three soil layers with depths of 10, 30, and 160 cm from top to bottom. The
soil moisture from NLDAS-2 LSMs has been widely evaluated (Xia et al. 2015; Xia et al. 2014; Zhuo et
al. 2015). In a nation-wide soil moisture product evaluation study, soil moisture simulations from
NLDAS-2 LSMs are found to have the best performance among various modeled and remotely sensed

soil moisture products (Ford and Quiring 2019).

We average soil moisture observations and WRF-Hydro simulations to 3-hourly to compare with the
surface-layer, 3-hourly SMAP L4 soil moisture. For the three NLDAS-2 LSMs, we use the hourly soil
moisture product in the surface layer. We perform both point-scale and spatial comparisons between
calibrated WRF-Hydro and the four soil moisture products. For comparisons at observational site level,

soil moisture simulated at the LSM grid points that are closest to the seven in-situ stations are evaluated
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against the seven observational stations and the evaluation metrics are compared with those in the
calibrated WRF-Hydro (Section 4.3). For spatial comparisons, soil moisture in WRF-Hydro is
interpolated to the grids of the Catchment, Noah, VIC, and Mosaic LSMs using bilinear interpolation, and

the evaluation metrics are calculated for each products’ time series at each grid (Supplemental Text 2).

3.4.3 Evaluation metrics

To evaluate model performance, we use five metrics including the Pearson correlation coefficient (),
mean bias, root mean square error (RMSE), mean absolute error (MAE), Kling-Gupta Efficiency (KGE)
(Gupta et al. 2009; Kling et al. 2012), and Nash-Sutcliffe Efficiency (NSE) (Nash and Sutcliffe 1970).

KGE is a comprehensive metric used to evaluate the performance of hydrologic models, and has been
applied in other studies to evaluate soil moisture simulations (Lahmers et al. 2019; Vergopolan et al.

2020). It is calculated as follows:

KGE=1-—\(r— 12+ (a—1)2+ (- 1)2, 4)

where r is the correlation coefficient between the simulation and observation, « is the ratio of the
standard deviation of simulation to that of the observation, and S is the ratio of the mean of simulation
to that of the observation. A model has higher fidelity to observations if KGE and r are closer to 1 and if
MAE and RMSE approach 0.

NSE is commonly used to evaluate the performance of streamflow simulations in hydrologic models

(Wang et al. 2019; Xia et al. 2012). It is calculated as follows:

T (Qsim (£)—Qobs(£))?
NSE =1 — ==L obs1t
YT (Qobs()— Qobs)? ’

)

where T is the length of the time series, Q,ps(t) and Qg;,, (t) are observed and simulated discharge at
time t, respectively, and Q,ps denotes the mean observed discharge over time. Generally, NSEs of 1
stand for a perfect model-observation match and NSE values approaching 1 indicate excellent model
performance in simulating streamflow. Typically, NSEs that are between 0.5 and 0.65 are suggested to
be an indication of sufficient model performance (Wang et al. 2019) and negative NSEs represent poor

model performance (Schaefli and Gupta 2007).
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4. Results

4.1 Simulations of soil moisture with POLARIS-calibrated WRF-Hydro

In this study, we use the fully-distributed WRF-Hydro to simulate soil moisture at high spatial (100-m)
and temporal (hourly) resolutions in a central California domain and we leverage observation-based soil
databases to inform model calibration (see details regarding the POLARIS dataset and calibration method
in Section 3.3). In POLARIS-calibrated WRF-Hydro, default parameters are replaced with POLARIS-
based soil parameters. Differences are evident between the POLARIS-based and default soil parameters
(Fig. 2h—j). We find that the 16 soil parameters in the default version of WRF-Hydro underestimate the
spatial heterogeneity of soil characteristics in the field, while the more spatially refined POLARIS-based

soil parameters display greater spatial variation (Fig. 2).

To visualize the simulation of soil moisture in WRF-Hydro over space and time, Fig. 4 shows the
simulated evolution of surface soil moisture before, during, and after a storm event in the POLARIS-
calibrated WRF-Hydro. The three time slices shown in Fig. 4 are marked by vertical dashed lines in Fig.
5a. The chosen storm spanned 5 days from January 16, 2017 to January 20, 2017 with a maximum
precipitation intensity of ~240 mm day™ according to MRMS. During this storm event, the soil moisture
at many stations reached their maximum value over our study period. WRF-Hydro simulates the wetting
and drainage processes related to the passing of the storm. The high-resolution terrain routing module of
WRF-Hydro is able to simulate the interactions between hydrology and the microtopography at finer
scales. In addition, the channel routing module of WRF-Hydro simulates channelized streamflow at scales
comparable to the channel widths ranging from 1.5 to 100 m, such that WRF-Hydro can simulate greater
level of details including the elevated surface soil moisture within channel networks (zoomed-in maps in

Fig. 4).
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WRF-Hydro simulated surface soil moisture during a storm
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Fig. 4| Evolution of surface soil moisture simulated by the POLARIS-calibrated WRF-Hydro (a) before a
storm (2017 January 16 00:00), (b) during the soil moisture peak (2017 January 20 16:00), and (c) after a
storm event (2017 January 26 00:00). The three time slices are marked by vertical dashed lines (i), (ii),
and (iii) in Fig. S5a, respectively. Embedded maps in the bottom left show zoomed-in details of soil
moisture in and near channel networks within the black boxes. 24-hr accumulated precipitation (mm; blue
contours) from 00:00 to 23:59 on January 20, 2017 is shown in (b) and contours of 50, and 70 mm are

labeled. 24-hr accumulated precipitation for January 16 and 26, 2017 have zeros everywhere.

4.2 Evaluation of WRF-Hydro soil moisture against in-situ soil moisture
To assess the performance of our POLARIS-calibrated WRF-Hydro, soil moisture time series before
and after calibration are compared with the observations at seven in-situ stations (Figs. 5&6). Generally,

both default and POLARIS-calibrated WRF-Hydro capture the magnitude and variability of the

observations, and the +1 standard deviation simulation envelope for POLARIS-calibrated WRF-Hydro

encapsulates the observed soil moisture during the majority of the study period for most stations (Figs.
5&6). After the POLARIS-informed calibration, r increases at six of the seven stations, while RMSE and
MAE decrease and KGE increases across all in-situ stations (Supplemental Table 2). The average
correlation coefficient across the seven stations increases from 0.84 to 0.89, mean RMSE decreases from
0.0916 m®* m>to 0.0754 m> m”, and mean KGE increases from 0.57 to 0.67. Four of seven stations have
above-average KGEs. Stations gry, hastings, and norris have KGE values above 0.85. Compared to the
default WRF-Hydro simulation, the average of the percent change in correlation coefficients across seven

stations increases by ~6%, the average RMSE percent change decreases ~18%, and average KGEs
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increase ~25%, indicating skill improvements in POLARIS-calibrated WRF-Hydro to simulate surface

soil moisture.

Our results show that the POLARIS-calibrated WRF-Hydro performs reasonably well during the wet
season (October 2016 — February 2017 in our case). Mean KGE during the wet season across seven
stations reaches 0.74. However, its performance over the entire study period is negatively affected by the
performance during the dry season (starting March 2017 in our case). Dry-season mean KGE across seven
stations drops to 0.45. Model performance varies the greatest between wet and dry periods at stations sld,
lwd, and norris. KGE values for stations sld, Iwd, and norris during 2016 October 1 — 2017 February 28
(wet season) are 0.52, 0.77, and 0.97, respectively, and 0.13, 0.09, and 0.52 during 2017 March 1 — May
31 (dry season). In these stations, moisture in the surface soil layer decreases more slowly during dry
weather conditions than observations indicate (Fig. Sa&d & Fig. 6¢). Based on the sensitivity experiments
we performed prior to our calibration, both smcmax and bexp can greatly impact the dry-period water
drainage rate (from April 15 onwards in Supplemental Fig. 2). Accordingly, we hypothesize that wet

biases simulated during the dry period are related to the uncertainties of these two parameters.

In addition to uncertainties in model parameters, another important source of uncertainty that leads to
differences between the observations and simulations, especially during the wet season, is the
uncertainties of MRMS precipitation. By comparing MRMS precipitation with observational precipitation
measured at the seven sites, we found that model biases at stations sld and Igs, which are the two stations
with the lowest KGE scores, can be largely explained by the discrepancies in precipitation (Fig. Sa&b;
Supplemental Table 2). At station sld, the accumulated precipitation total during the 8-month study period
is more than double of that found in MRMS, whereas at station lgs the in-situ precipitation is ~35%
higher than the MRMS, leading to the positive bias at sld and negative bias at 1gs (Fig. 5a&Db). For station
gry, MRMS precipitation underestimates the in-situ precipitation by ~25%, which also agrees with the
negative mean bias in our WRF-Hydro simulations (Fig. 5¢c; Supplemental Table 2). The discrepancy in
accumulated precipitation amount at station norris is consistent with the dry bias in modeled soil moisture
before March 2017 (Fig. 6¢). During March — May 2017, however, the parameter uncertainties associated
with smcmax and bexp are likely causing the positive model bias (Supplemental Fig. 2). The differences

in accumulated precipitation at the other three sites are relatively small (Figs. 5d & 6a&b).
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Fig. 5| Volumetric soil moisture time series and accumulated precipitation amount from 2016 October 1
to 2017 May 31 at NOAA PSL in-situ soil moisture stations (a) sld, (b) lgs, (c¢) gry, and (d) lwd. Top
panels in (a)—(d) show volumetric soil moisture in the observations (in m* m; black line), default WRE-
Hydro simulation (in m® m™; purple line), and POLARIS-calibrated WRF-Hydro simulation (in m*> m?;
red line). The pink color shading shows the +1 standard deviations around the POLARIS-calibrated
simulation. Hourly precipitation rate in MRMS is shown in green bars (mm hr). Grey vertical dashed
lines marked with (i), (ii), and (iii) in (a) indicate the three time slices shown in Fig. 4a-c, respectively.
Bottom panels in (a)—(d) show the accumulated precipitation measured at the in-situ soil moisture stations
(in mm; grey line) and in the MRMS gauge-corrected quantitative precipitation estimation (QPE; in mm;
purple line). The accumulated MRMS precipitation is calculated by summing up the precipitation falling
on the grid points that are closest to the stations. KGE values are shown in the top right for default

simulations (blue) and POLARIS-calibrated simulations (red).
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4.3 Comparisons of POLARIS-calibrated WRF-Hydro with other soil moisture products

Next, we compare four other soil moisture products (i.e., SMAP L4, NLDAS-2 Noah, VIC, and
Mosaic LSMs) against POLARIS-calibrated WRF-Hydro at the seven in-situ soil moisture observing
stations. In general, all five soil moisture products capture the broad variabilities in the observations at
sub-daily to sub-seasonal scales (Supplemental Fig. 4). Stations lgs, gry, and blueoak have relatively
smaller inter-model variations, whereas the inter-model difference is the largest at stations lwd, hastings,
and norris (Supplemental Fig. 4). For stations hastings and norris, the inter-model range roughly
encapsulates the observation, whereas at other stations, there are systematic positive or negative biases in

all products throughout the study period.

On average, we find that POLARIS-calibrated WRF-Hydro has the best performance in that it has the
highest mean KGE across seven stations (KGE=0.67). Mean KGEs for SMAP L4, Noah, VIC, and
Mosaic LSMs are 0.53, 0.55, 0.31, and 0.61, respectively. The KGE scores are the highest in POLARIS-
calibrated WRF-Hydro at three of seven stations (i.e., 1gs, gry, and Iwd) and the second highest at stations
blueoak, hastings, and norris. At station sld, POLARIS-calibrated WRF-Hydro has the lowest KGE,
which however, are likely explained by the uncertainties in MRMS precipitation at this station (Fig. S5a
and Section 4.2). KGE scores are highest in Mosaic LSM at stations hastings and norris, in SMAP L4 at
station sld, and in Noah LSM at station blueoak. In VIC LSM, there is a substantial wet bias at stations
Iwd and hastings and dry bias at gry and norris (Supplemental Fig. 4 and Supplemental Table 3). Indeed,
the RMSE in VIC exceeds 0.2 m® m™ at stations lgs and Iwd and is over 0.1 m’ m™ at stations gry and
hastings, and the KGE score in VIC is the lowest at five of seven stations among the four soil moisture
products and POLARIS-calibrated WRF-Hydro (Supplemental Table 3). In addition, because of the
limitation of L-band frequency that the radar and radiometer on SMAP spacecraft use to measure soil
moisture, SMAP L4 soil moisture may be biased in highly vegetated and topographically complex regions
like California (Supplemental Text 1).

We summarize our soil moisture product temporal comparison in Supplemental Tables 2&3 and in
scatter plot format (Fig. 7). In Fig. 7, evaluation metrics including », RMSE, and KGE of default WRF-
Hydro, SMAP L4, Noah, VIC, and Mosaic LSMs are plotted against the evaluation metrics of POLARIS-
calibrated WRF-Hydro. Each point represents an evaluation metric of a soil moisture product at a soil
moisture station and how it compares with the metric of the POLARIS-calibrated WRF-Hydro at the

same station. In figures of » and KGE, points below the one-to-one line indicate higher performance in the
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POLARIS-calibrated WRF-Hydro (Fig. 7a&c), whereas points above the one-to-one line in the figure of
RMSEs represent reduced bias in the POLARIS-calibrated WRF-Hydro. In most cases, the POLARIS-
calibrated WRF-Hydro has increased r (25 of 35 points), reduced errors (28 of 35 points), and increased
KGEs (29 of 35 points), indicating its higher soil moisture fidelity compared to other soil moisture
products and default WRF-Hydro (Fig. 7). The POLARIS-calibrated WRF-Hydro has either the highest
or the second highest KGE at stations other than sld (Supplemental Table 3). The lowest KGE at station
sld in POLARIS-calibrated WRF-Hydro can largely be explained by the large uncertainties of MRMS
precipitation as we show in Fig. 5a and discussed in Section 4.2. To fully evaluate the performance of
POLARIS-calibrated WRF-Hydro over our model domain, we also provide a spatial comparison between
the soil moisture products in Supplemental Figs. 5-8 and a description on the comparison between

POLARIS-calibrated WRF-Hydro and NLDAS-2 Mosaic LSM can be found in Supplemental Text 2.

r, RMSEs, KGEs of soil moisture products vs POLARIS-calibrated WRF-Hydro
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Fig. 7| Evaluation metrics of default WRF-Hydro and four soil moisture products (i.e., SMAP L4,
NLDAS-2 Noah, VIC, and Mosaic LSMs) compared with the evaluation metrics of POLARIS-calibrated
WREF-Hydro against in-situ observations. (a) Correlation coefficients, (b) RMSEs (m® m™), and (c) KGEs
of default WRF-Hydro (black crosses) and other soil moisture products (SMAP L4: blue triangles, Noah:
orange squares, VIC: green stars, Mosaic: red circles) versus that of POLARIS-calibrated WRF-Hydro.

One-to-one line is indicated by the black solid line.
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4.4 Improved streamflow fidelity in the soil data-informed calibrated simulations

Given the key role soil moisture plays in overland flow and subsurface flow production processes,
improved soil moisture simulation has been found to improve streamflow simulations spontaneously
(Aubert et al. 2003; Lee et al. 2011). In this section, we evaluate the streamflow simulations in the
POLARIS-calibrated WRF-Hydro to investigate the linkages between improved surface soil moisture
simulations and streamflow simulations in WRF-Hydro. We show that improved surface soil moisture
accuracy only moderately improves streamflow simulation. However, when we account for SSURGO
depth-to-bedrock data total soil thickness (i.e., the POLARIS-40 cm soil experiment), the effects of soil
moisture on streamflow fidelity are enhanced. Meanwhile, the soil moisture model fidelity in POLARIS-

40 cm soil experiment is not diminished.

We show that compared to default WRF-Hydro, streamflow fidelity improves in both calibrated
experiments with the greatest improvement in the POLARIS-40 cm soil experiment (Fig. 8 and
Supplemental Table 4). In the POLARIS-calibrated WRF-Hydro with 2 m soil experiment, » increases,
error decreases, and NSE increases across most stations (8/9 stations see an improvement). However, the
improvement is quite moderate — none of the stations have NSEs above 0.5 after the calibration (Fig. 8c),
which suggests that improving surface soil moisture solely is not sufficient to significantly improve
streamflow simulation in WRF-Hydro and the total soil column needs to be considered. Indeed, model
performance improves by a large fraction in the POLARIS-40 cm soil experiment (Fig. 8). In the
POLARIS-40 cm soil experiment, » increases across all nine gages with a mean of 0.84 (p
value<<0.0001). Six gages have NSEs exceeding 0.5, indicating sufficient-to-good model performance in
these basins (Fig. 8c). RMSE decreases and NSE increases significantly at seven of the nine stations and
the mean NSE score across the seven improved gages reaches 0.63. At the other two gages 11152050 and
11152000 (Fig. 1a), however, r increases but NSE decreases to negative values in POLARIS-40 cm soil
experiment because the model overestimates the discharge magnitude (Fig. 8). We hypothesize that the
positive model bias at these two gages can be partially attributed to the overestimation in the MRMS
precipitation in that area. Though in-situ precipitation data is not available at USGS stream gages, we
make this assumption based on the fact that the two gages are located in proximity to the soil moisture
station sld (Fig. 1a) that has in-situ precipitation measurements. We have discussed in Section 4.2 that the
surface soil moisture at sld is overestimated in the POLARIS-calibrated WRF-Hydro due to the positive
bias in the MRMS precipitation so it is likely that streamflow simulations in POLARIS-40 cm soil
experiemnt are also biased high at gages 11152050 and 11152000 due to overestimated precipitation.

To closely examine the improvement and remaining biases after calibration, we compare the modeled

and observed hydrographs at three selected stations in Fig. 9. Corresponding results for the rest of the
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stations are shown in Supplemental Figs. 9&10. The three representative gages we choose to show here
are Gage 11169800 which has the highest NSE among nine stations after calibration (Fig. 9a&b), Gage
11157500 which has the largest improvement in the POLARIS-40 cm soil experiment (Fig. 9c&d), and
Gage 11152000 which has a diverging change in the two calibration experiments (i.e., an increased
performance in POLARIS-2 m soil experiment but decreased performance in POLARIS-40 cm soil
experiment) (Fig. 9e&f). Generally, POLARIS-40 cm performs the best at capturing the magnitude and
timing of peak flow events among the three sets of simulations (Fig. 9). It is likely because the default 2-
m soil column overestimates the realistic soil thickness in Coast Ranges of central California. With
thinner soils, less water can be stored in the soil column and the hydrologic response is much faster.
Indeed, in default and POLARIS-2 m soil experiments, the model underestimates the discharge
magnitude especially for the storm events prior to January 15, 2017, while the POLARIS-40 cm
experiment is able to capture the first few storms in January for all nine gages (Fig. 9a, c&e and
Supplemental Figs. 9&10). In addition, the default WRF-Hydro does not capture any streamflow at gage
11157500 during the entire time period (blue line in Fig. 9c), whereas in the POLARIS-40 cm case

streamflow is simulated with a small mean bias of -0.3 m® s and an NSE of 0.56.

r, RMSEs, NSEs of streamflow in default and POLARIS-calibrated simulations
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Fig. 8| Scatter plots of performance metrics including (a) correlation coefficients, (b) RMSEs, and (c)
NSEs in the default (blue circles), POLARIS-calibrated WRF-Hydro (orange squares), and POLARIS-
calibrated WRF-Hydro with 40 cm soil (red triangles). The labels on the x axes show the last 4 digits of
the USGS stream gage IDs. The horizontal dashed lines in (c) indicate NSE of 0.5 and 0.0, respectively.
NSE of 0.5 is suggested to be the threshold of sufficient model performance whereas NSE below 0

indicates poor model performance.
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Fig. 9| (a), (c), and (e) Streamflow hydrographs of USGS stream observations (black line), default WRF-
Hydro (blue line; labeled with (1)), POLARIS-calibrated WRF-Hydro with 2 m soil (orange line; labeled
with (ii)), and POLARIS-calibrated WRF-Hydro with 40 cm soil (red line; labeled with (iii)) at three
selected stations (Gages 11169800, 11157500, and 11152000). NSEs of the simulations are shown. (b),

(d), and (f) show the scatter plots of experiment (i) (blue circles), (ii) (orange squares), and (iii) (red

triangles) along the x-axis versus the observations along the y-axis. The 1:1 line is shown as black solid
line in (b), (d) and (f).
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5. Conclusions and discussions

In this study, we use open access soil databases to inform the parameters in two calibration
experiments in WRF-Hydro. We not only create a simulated soil moisture product that outperforms four
well-established soil moisture products but we also significantly improve model streamflow fidelity. In
our first experiment (i.e., POLARIS-calibrated WRF-Hydro), we replace the soil hydraulic parameters in
the default version of WRF-Hydro with the POLARIS-based soil parameters to calibrate surface soil
moisture simulations. We evaluate the POLARIS-calibrated WRF-Hydro simulated soil moisture over an
8-month period against seven in-situ soil moisture stations and see an improvement across all seven
stations after the calibration. On average, KGE increases ~25% after calibration. Compared to other
spatially-distributed soil moisture simulations in SMAP L4, NLDAS-2 Noah, VIC, and Mosaic LSMs, the
POLARIS-calibrated WRF-Hydro has the best average performance across seven sites and produces the
highest correlation, lowest error, and highest KGE in most cases. Despite the improved surface soil
moisture fidelity in POLARIS-calibrated WRF-Hydro, streamflow simulation is only moderately
improved. As such, we reduce the soil thickness from 2 m in POLARIS-calibrated WRF-Hydro to 40 cm
based on SSURGO depth-to-bedrock data to better replicate the effects of the entire soil column on
streamflow production in California. Streamflow fidelity significantly improves in our POLARIS-
calibrated with 40 cm soil experiment - seven of the nine USGS gages see an increased NSE and the
mean of NSEs at the seven improved gages reaches 0.63. Our data-informed calibration method uses open
access, spatially-distributed soil physical information available over the CONUS to constrain our
hydrological model’s parameter uncertainties. Our calibration method does not require iterative model
simulations which highlights its simplicity and potentially wide applicability to improve soil moisture and
streamflow simulations in fully-distributed hydrological models, which could facilitate studies in a wide

range of disciplines in data-scarce areas.

Despite the generally high model fidelity, we note that there are still considerable differences between
WRF-Hydro soil moisture simulations and the observations at some stations. Consistent with other
studies, we are able to explain a large portion of the uncertainties in our soil moisture simulations with the
uncertainties of precipitation forcing (Alfieri et al. 2012; Hapuarachchi et al. 2011). The gauge-corrected
MRMS precipitation we use in this study is found to substantially deviate from the in-situ precipitation at
stations sld and gry, which largely explains the differences between the soil moisture simulation and

observation at these locations (Section 4.2). Despite the uncertainties in the gauge-corrected MRMS, it
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provides gridded precipitation at high spatial (1 km) and temporal (hourly) resolutions, making it a
valuable forcing for high-resolution hydrological models. More details regarding MRMS uncertainties
can be found in the Appendix A of Li et al. (2022). Additional uncertainties can be traced to the soil
parameters. By using the POLARIS dataset, an observation-based statistical soil property dataset with
higher accuracy and spatial resolution, we have constrained some of the parameter uncertainties of soil
porosity and saturated hydraulic conductivity. Nevertheless, the performance of our calibrated model is
negatively affected by dry-season simulations as we discussed in Section 4.2. Specifically, POLARIS-
calibrated WRF-Hydro tends to underestimate the speed of water drainage during the transition period
from the wet to dry season (Figs. 5&6). Among various factors that could cause the model’s
underestimation of drainage speed, the parameter bexp that controls the speed of flows through the soil
column is likely the main cause. To derive b, we use the clay fraction from POLARIS and a linear
regression model from Cosby et al. (1984), which may result in the propagation and accumulation of
uncertainties. Indeed, Cosby et al. (1984) also documented the uncertainties of the calculated b coefficient.
From the perspective of flooding and landslide hazard assessment and control, simulation during wet
season is of particular importance. For drought monitoring, agriculture, and water resource management,
however, dry-season soil moisture simulation is also critical. To improve dry-season soil moisture
simulations in WRF-Hydro, the uncertainties of bexp also need to be considered when implementing the

calibration method.

In addition to prediction uncertainties, the differences between simulation and observation could
originate from other factors including the comparison approach and the possible instrumental errors in
soil moisture measurements. To compare with point-scale observations, we use the soil moisture
simulated at the grid point that is located closest to the in-situ site. In addition, the WRF-Hydro surface
soil moisture is a depth average of the 0—10 cm soil layer while the in-situ soil moisture is measured at 10
cm depth for PSL stations and 5 cm depth for WRCC stations. We also note that the observations might
be subject to errors. For example, the observed soil moisture at station Igs was abnormally high during the
wet season, exceeding 60%. However, the maximum surface porosity in proximity of station Igs only
achieves 0.55 according to the 30-m POLARIS. By referring to the soil moisture sensor instruction
manual and consulting with the experts that operate and maintain the PSL stations, we found that the soil
moisture sensor at station lgs was likely submerged in ponded water due to the large amount of
accumulated precipitation during the wet season and the soil moisture was likely substantially

overestimated (Fig. 5b).

To enhance the capability of WRF-Hydro to simulate soil moisture, the utility of POLARIS dataset

can be further explored. In addition to median values, POLARIS also provides a range of soil property
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statistics including the mean, mode, 5P, and 95P, which can facilitate an investigation on parameter
uncertainties in WRF-Hydro associated with individual parameters. In addition, due to a lack of in-situ
soil moisture data of deeper soils, this study is focused on calibrating and validating the surface soil
moisture. Accurate surface soil moisture is most important for predicting the occurrence of flooding
events via a control on rainfall partitioning (Aubert et al. 2003; Crow et al. 2018; Houser et al. 2003; Kerr
2007) and it also provides initial conditions for slope instability models to predict slope failures (Cai et al.
2019; Di Matteo et al. 2018). Nevertheless, soil water content of deeper soils is critical for ecology,
agriculture, drought monitoring, and water and energy fluxes. Both the soil parameters in POLARIS and
the soil moisture simulations from WRF-Hydro have multiple soil layers that extend to as deep as 2 m
below ground, and different parameter values can be assigned to different layers in WRF-Hydro. To
calibrate the soil moisture for all soil layers in WRF-Hydro, POLARIS soil properties from other soil

layers will also be needed.

Compared to soil moisture, streamflow is the variable that has been more extensively calibrated and
used in WRF-Hydro (Lahmers et al. 2019; Wang et al. 2019) which makes the implication of calibrating
soil moisture on streamflow simulation an important topic to cover. Our results show that by just
calibrating the surface soil moisture the correlation increases and some biases are reduced but streamflow
simulation is not significantly improved (Fig. 8). In contrast, in the experiment that adjusts the total soil
thickness according to SSURGO, streamflow simulations across most gages are much improved without
diminishing the soil moisture model fidelity. This indicates that the 2 m soil column in the default setting
of WRF-Hydro largely overestimates the soil thickness in our model domain (Supplemental Fig. 3) and
adjusting the total soil thickness is more efficient than calibrating surface soil moisture to improve
streamflow fidelity. This is further proved by running an additional experiment, i.e., default WRF-Hydro
with 40 cm soil, in which we find the POLARIS-calibrated WRF-Hydro with 40 cm soil still yields the
best results on average and default WRF-Hydro with 40 cm soil yields the second best in terms of
streamflow simulation (Supplemental Table 5). Compared to other streamflow calibration studies which
focus on variables that control the discharge volume and hydrograph shape, such as the water retention
depth coefficient (REFKDT), bottom openness (SLOPE), and Manning’s coefficient (n), our method is
only focused on soil-related parameters and we are able to achieve similar model performance to simulate
streamflow (Wang et al. 2019; Yucel et al. 2015). Nevertheless, we acknowledge that applying a spatially
homogeneous total soil thickness to a large domain can introduce bias in the simulation of discharge
magnitude at some locations (e.g., Gages 11152050 and 11152000) but the current version of WREF-
Hydro is not capable of assigning spatially-distributed total soil thickness. Model developments to enable
spatially-varying soil thickness would therefore be advantageous. In addition, the frequent and

widespread wildfires in the Coast Ranges of central California and their impacts on downstream
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hydrology have added additional complexities for streamflow predictions (Li et al. 2022). Accordingly,
we suggest users consider many factors to replicate the real-world conditions before intensively

calibrating the streamflow parameters to avoid overfitting.

Given the simplicity of the concept underlying our data-informed calibration method, we argue for its
extendibility to other hydrological models that deal with spatially-distributed soil parameters and other
geographic areas. Indeed, the applicability of our method to other geographic locations is only limited by
the availability of reliable and updated soil hydraulic parameter data. Over the CONUS, POLARIS and
SSURGO are open access databases, and for studies outside the U.S., the Global Soil Dataset, for
example, provides gridded soil hydraulic parameters for use in Earth Systems Models around the globe

(Shangguan et al. 2014).
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The NLDAS-2 reanalysis forcing data are publicly available at NASA GES DISC:
https://doi.org/10.5067/6JSLHHOHZHN4 (Xia et al., 2009). The MRMS gauge-corrected precipitation
estimate is archived at https://mtarchive.geol.iastate.edu/. POLARIS dataset can be downloaded at
http://hydrology.cee.duke.edu/POLARIS/PROPERTIES/v1.0/ (Chaney et al. 2016). SSURGO dataset is

available at https://websoilsurvey.nres.usda.gov/ (Soil Survey Staff, 2021). The PSL in situ soil moisture
data are publicly available at https://psl.noaa.gov/data/obs/datadisplay/ (NOAA PSL, 2021). WRCC soil
moisture data is available at https://wrcc.dri.edu/weather/index.html (WRCC 2021). SMAP Level 4

version 6 soil moisture data is available at https:/nsidc.org/data/spl4smau/versions/6 (Reichle et al. 2021).

A more recent version (version 7) of SMAP Level 4 is available at

https://nsidc.org/data/spl4smau/versions/7 (Reichle et al. 2022). NLDAS-2 Noah, VIC, and Mosaic soil

moisture datasets are available at
https://disc.gsfc.nasa.gov/datasets?’keywords=NLDAS&page=1&measurement=S0il%20Moisture%2FWa
ter%20Content (NCEP/EMC, 2009, 2012, 2014; Xia et al. 2012). The USGS streamflow is publicly
available at https://doi.org/10.5066/F7P55KJIN (USGS, 2016). All processed data required to reproduce
the results of this study are archived on Zenodo at https://doi.org/10.5281/zenodo.7487179 (Li 2022).
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