
1.  Introduction
The emerging demand to obtain predictability for terrestrial ecosystems across landscapes, with water, en-
ergy, and nutrients as drivers of these dynamic systems, requires process-level understanding at O(1 km) 
globally, or O(100 m) locally (Wood et al., 2011); this is known as the so-called hyperresolution scale. These 
hyperresolution simulations would require extensive computation costs, which were previously unrealistic 
but have become increasingly possible.

The advocacy of hyperresolution land surface models (LSMs) calls for the need to realistically representing 
hydrologic processes as well as surface hydrologic information such as topography, vegetation, and soil 
hydraulic parameters (Chaney et al., 2016; Clark et al., 2015; Fan et al., 2019; Maxwell et al., 2015; Wood 
et al., 2011). Hyperresolution LSMs face the challenge to represent hydrologic processes at the hillslope-
to-catchment scales (O(∼10 m–10 km)). These hydrologic processes, that is, topographic gradient driven 
processes, such as water or sediment transport from the ridges to valleys, operate at scales finer than the 
traditional LSMs (O(10 km)) and need to be considered when LSMs are used at hyperresolution scales.

Several previous attempts have been made to understand the importance of lateral flow due to their im-
portance in hydrologic states and land-atmosphere interactions (Arnault et al., 2016, 2018, 2019; Chaney 
et al., 2016; Fan et al., 2019; Ji et al., 2017; Lahmers et al., 2019; Maxwell et al., 2015; Rummler et al., 2019; 
Senatore et al., 2015; Z. Zhang et al., 2019, and references therein). However, these previous studies have pri-
marily focused on the mountainous regions, however it is still unknown if lateral flow is equally important 
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over the relatively flat southern Great Plains (SGP). Therefore, one goal of this study is to understand how 
lateral flow would affect soil moisture and surface fluxes over the SGP, where extensive observations are 
readily available for evaluating model performance (shown later).

Focusing on the effect of lateral surface and subsurface flow, Maxwell et al. (2015) found that the phys-
ics-based integrated hydrologic model Parflow can reproduce streamflow and water table depths reasonably 
well over the majority of the Continental US (CONUS). Chaney et al. (2016) developed HydroBlocks that 
accounts for spatial heterogeneity through hydrologic response units (HRU). These HRUs are defined using 
cluster analysis based on land cover, topography, soil, and location. The vertical profiles of each HRU are 
then updated using the Noah-MP LSM (Niu et al., 2011) and exchanges between HRUs are controlled by the 
dynamic TOPMODEL via a subsurface kinematic wave. Ji et al. (2017) suggested that surface lateral flow 
has a significant influence on soil moisture and evapotranspiration (ET) even at coarse resolutions, and 
subsurface lateral flow causes drier ridgelines and wetter valleys. Arnault et al. (2016) found that overland 
flow clearly increases infiltration and evapotranspiration at the beginning of the wet season when soil is still 
dry. Z. Zhang et al. (2019) used the fully coupled Weather Research and Forecasting (WRF) model with its 
hydrological extension WRF-Hydro (Gochis et al., 2018) and reported a redistribution of infiltration excess 
in the mountainous area. Such realistic treatments of hydrologic processes in coupled models typically lead 
to higher soil moisture content in the root zone, increases the terrestrial water storage and evapotranspira-
tion, and decreases the total runoff over the mountainous regions.

It is known that the lateral flow is generally more important at finer grid resolution. Previous studies sug-
gest treating lateral flow at resolutions of 1 km or finer (Gochis & Chen, 2003). This is due to the fact that 
typical overland flood waves are at length scales smaller than 1 km. At larger scales, flood wave and mi-
cro-topography features that affect it are poorly represented. Additionally, at coarser resolutions, terrain 
slopes between grid cells are smoothed as resolution becomes coarser, which means the lateral flow impact 
is also scale-dependent. Therefore, the impacts of lateral flow on land surface water and energy budgets 
differ and are dependent on landscape characteristics of interest, but it is still not clear at what scale the 
effects of surface and subsurface lateral flows become non-negligible. Therefore, another goal of this study 
is to examine the critical resolution at which the lateral flow becomes non-negligible with WRF-Hydro over 
the SGP. To achieve that, we performed sensitivity experiments of different horizontal routing resolution 
at various LSM resolutions. The outcome of this analysis could serve as guidance for future coupled model 
experiments.

High-resolution LSMs will entail an unprecedented demand for high-resolution land characterization data 
(Wood et al., 2011), such as soil properties, land use, and land cover type, and vegetation characteristics. An 
important source of uncertainty in LSMs lies in inaccuracies in characterizing these land properties. Re-
cently developed remote sensing and field surveys provide additional sources of land characteristic data sets 
for vegetation or soil types that may not be promptly realized by the modeling community. The utilization 
of these data sets, assuming they contain less uncertainty than the old data sets, is therefore important for 
identifying model deficiencies and structural errors and guiding future model development.

The representation of soil and vegetation have been found to be a major source of uncertainty in regional 
hydrologic simulations (De Lannoy et al., 2014; Livneh et al., 2015; Osborne et al., 2004; Shi et al., 2014). 
For example, Osborne et al. (2004) found that soil properties could affect the portioning of surface and sub-
surface runoff by examining the effects of soil texture. Using two different soil data sets, Livneh et al. (2015) 
reported quite different response to extreme events (floods and droughts). Similarly, the soil hydraulic prop-
erties, which are defined depending on the soil texture of a grid cell following a pre-defined soil parameter 
table (i.e., SOILPARM), are important since they affect water and energy fluxes exchanges within the soil 
column, and hence water availability for evapotranspiration. These parameters determine the soil hydraulic 
properties and are obtained through field measurements or parameter estimation. In particular, the de-
fault soil parameter table has been developed through the earlier efforts by Cosby et al. (1984), Chen and 
Dudhia (2001), NCEP (2012), and Peters-Lidard et al.  (1998). For detail description of the table, readers 
may refer to Tables 1 and 2 in Kishné et al. (2017). These soil hydraulic parameters are applied both during 
initializing and running the land surface models, therefore have far-reaching influence on the outcomes of 
land surface states in both the coupled and uncoupled modes (Kishné et al., 2017). The misrepresentation 
of vegetation is also a source of uncertainty in the land surface models. Depending on the option chosen, 
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vegetation dynamics could be treated differently in the land surface models. Kumar et  al.  (2014) found 
improvement in surface heat fluxes and surface temperature and moisture when realistic vegetation param-
eters are incorporated into the model. The realistic implementation of satellite-based leaf-area index (LAI) 
are also found to reduce temperature biases using different climate models (Boussetta et al., 2013, 2014; 
Knote et al., 2009). Considering the uncertainties associated with the initial and boundary conditions, the 
last goal of this study is to evaluate their impacts on soil moisture and surface fluxes, in an attempt to better 
simulate the soil moisture and energy fluxes. By using the most realistic input forcing as possible, this will 
help to identify model deficiency and guide future model development.

To summarize, this study will address the following goals related to simulating soil moisture and energy 
fluxes over the SGP. Using WRF-Hydro, the first goal is to assess the role of input forcings in the default No-
ah-MP LSM. Routing options are turned off at this stage. The second goal is to understand how surface and 
subsurface lateral flow would affect soil moisture and energy, respectively. We achieve this by switching on 
and off the lateral flow options in the WRF-Hydro model. Finally, the third goal is to understand the impact 
of routing resolution on soil moisture and energy fluxes over the SGP.

2.  Methods
2.1.  Model Description

WRF-Hydro was designed as an extensible modeling framework that can host a regional climate model, 
a land surface model, and a hydrological model. In this study, we focus on evaluating the offline mode of 
the model system, without coupling a regional climate model, to quantify potential issues in land surface 
representations. The WRF-Hydro hydrological extension includes a distributed three-dimensional, variably 
saturated surface and subsurface flow, channel flow, and a bucket model to account for baseflow. The lateral 
surface and subsurface flow are computed on a separate grid nested within the land surface model grid, 
which can have a different resolution than the land surface model. The difference in resolution requires 
a disaggregation-aggregation procedure to map land surface hydrological conditions from a “coarse” land 
surface model grid to a much more finely resolved terrain routing grid (Gochis & Chen, 2003).

Specifically, the disaggregation process is initiated after the LSM process and prior to the routing of subsur-
face and surface (Rummler et al., 2019). After the LSM process, the specific hydrologic variables, such as soil 
moisture content and infiltration excess, are updated by the LSM and divided up from the LSM grid into the 
subgrid cells. Subsurface lateral flow is calculated prior to the routing of surface flow to allow for exfiltra-
tion from fully saturated soil columns to be added to the infiltration excess. The subsurface routing scheme 
was calculated following the method in Wigmosta et al. (1994) and Wigmosta and Lettenmaier (1999). It 
calculates a quasi-three-dimensional flow, which includes the effects of topography, saturated soil depth, 
and saturated hydraulic conductivity. Note that lateral subsurface flow only exists in the saturated soil layers 
and the hydraulic gradient is calculated based on the slope of the adjacent water table, which is the depth 
of the top of the highest saturated layer.

Surface flow is achieved using a fully unsteady, explicit, finite-difference, diffusive wave formulation (Julien 
et al., 1995; Ogden, 1997), which can account for backwater effects and flow on adverse slopes (Senatore 
et al., 2015). In WRF-Hydro, there are two options available for surface lateral flow, two-dimensional flow 
that consider x- and y-dimensional or one-dimensional flow (“D8”) that water flows along the steepest gra-
dient based on total water head gradient. Overland flow becomes channel inflow if it reaches a channel grid, 
or it remains as surface runoff. This study utilizes the steepest gradient method for surface flow. Water flows 
out of the bottom soil layer and will go through a groundwater bucket with a fixed capacity; the baseflow is 
calculated using an exponential function.

After water is routed through hillslopes along the surface or in the subsurface, through the groundwater 
aquifer and channels, state variables such as soil moisture and ponded water on the routing grid are aggre-
gated back to the native LSM grid using a simple linear average operator. These updated values are then 
passed to the next iteration of the LSM timestep.
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2.2.  Study Area and Observation Data

Our study domain is located over the SGP and covers the spatial extent of 35.2°–38.0°N and 95.6°–99.2°W 
(see Figure 1). The spatial domain covers 392 km in both the zonal and meridional directions. The domain 
represents a moderate transitional zone with land cover mostly consisting of cropland and grassland mov-
ing from east to west (Koster et al., 2004). The domain-wide annual average precipitation is approximately 
850 mm according to the PRISM data (Daly et al., 2008). It features relatively flat terrain with generally 
higher elevations on the order of 2,100 m to the west and lower elevations around 300 m to the east. There 
are local topographic features with sharp gradients to the southwest of the domain with slopes around 3.5°.

It features extensive observation sites located within the domain, including the US Department of Energy 
(DOE) Atmospheric Radiation Measurement (ARM) user facility, which contains a number of extended 
sites, which provide a unique opportunity as reference data sets. Surface energy fluxes are available at the 
ARM sites, collected by using either the eddy correlation (ECOR) or energy balance Bowen ratio (EBBR) 
methods (Figure  1d). Soil moisture and soil type data sets are available from the Soil Temperature and 
Moisture Profiles (STAMP) from the ARM sites (Figure 1d). There are 16 STAMP sites available within the 
domain. The observation period for STAMP sites begins in late 2015 and, therefore, model simulated soil 
moisture are compared to STAMP sites for 2016 only due to data availability.

2.3.  Input and Forcing Data

The National Land Data Assimilation System Phase 2 (NLDAS-2, Xia et al., 2012) is employed to drive the 
model. NLDAS-2 is available at 1/8° grid spacing. The model is simulated from 2008 to 2016, the first 3 years 
are treated as spin-up period. Year 2011–2015 are used for evaluating latent and sensible heat flux, and 2016 
for soil moisture given the availability of observation data sets. Variables used to force the model include 
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Figure 1.  General geophysical features within the research domain. (a) Terrain height (units: m) with black box delineating our model domain. (b) Aspect 
angle, which is defined as the direction in which elevation decreases most rapidly, expressed as an azimuth measured clockwise from north (units: degree). (c) 
Slope angle, it is the gradient in the direction in which elevation decreases most rapidly (units: degree). (d) Land use and land cover type within the domain. 
Circles indicate Soil Temperature and Moisture Profiles locations and crosses indicate locations of energy balance Bowen ratio and eddy correlation stations.
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incoming shortwave and longwave radiation, specific humidity, air temperature, surface pressure, zonal (u) 
and meridional (v) components of near surface wind, and precipitation rate. Digital Elevation Map (DEM) 
data are obtained from the Hydrological data and maps based on the National Hydrography Data set Plus 
Version 2 (NHDPlusV2, McKay et al., 2012). NHDPlusV2 integrates the vector stream network, hydrologic 
unit boundaries with the National Elevation Dataset (NED) gridded land surface. It also provides stream 
order and a group of attributes that facilitate rapid stream network traversal and query. The DEM data set 
is processed with the Arcgis toolbox provided by the WRF-Hydro community to obtain the land surface 
characteristics that are related to surface/subsurface routing.

The default soil texture data used in the study are from the State Soil Geographic (STATSGO) database (see 
Figure 2; Miller & White, 1998). It was created by generalizing published and unpublished soil-survey maps, 
country and state general maps, state major land resource area maps, and Landsat imagery. Another soil 
texture data set, the Gridded Soil Survey Geographic (gSSURGO) Database available at 30 m grid spacing, 
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Figure 2.  Soil type data sets obtained by interpolating from (a) the Gridded Soil Survey Geographic (gSSURGO) and (b) the default State Soil Geographic 
(STATSGO) data sets.
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is also included in this study. The gSSURGO Database is derived from the official Soil Survey Geographic 
(SSURGO) Database and it has the most detailed level of soil geographic data that is developed by the 
National Cooperative Soil Survey (NCSS) in accordance with NCSS mapping standards. We also compare 
it with observations collected at multiple sites within the US DOE's ARM Climate Research Facility SGP 
observatory.

The default soil hydraulic parameters in the model are obtained by mapping to the specified soil types 
following a lookup table originally developed by Cosby et al.  (1984). However, the values have not been 
updated for 25 years and some soil hydraulic parameters show sizable biases when compared with recent 
estimations (C. Zhang, Xie, et al., 2018; Y. Zhang, Schaap, & Zha, 2018). Kishné et al. (2017) proposed a new 
soil parameter table based on measured soil properties from 6,749 soil samples located within and around 
Texas. The authors reported that 95% of the soil parameters are significantly different from the measured 
values. Sensitivity tests are performed to estimate the uncertainty associated with using different soil lookup 
tables in this study. For the values of the updated soil hydraulic properties, readers are referred to Table 6 
in Kishné et al. (2017).

The WRF-Hydro model is run with the default NLDAS-2 precipitation as well as the Stage-IV precipitation 
(Du, 2011). The 4-km Stage-IV precipitation were scaled up to a resolution of 0.125° to match NLDAS-2 
while preserving grid-mean precipitation and then interpolated to the grid resolution as input forcing to 
drive the model. Here we assume that the Stage-IV precipitation is more accurate given it is able to capture 
the convective precipitation during the warm season. In fact, a comparison to gauge precipitation at the 
SGP central facility reveals that the Stage-IV precipitation reduces the mean absolute bias by around 4.5% 
compared to the NLDAS-2.

2.4.  Experiment Design

To elucidate the effect of initial and boundary conditions, the lateral flow process, and resolution depend-
ence on soil moisture and surface fluxes, we designed several experiments in this study. Each experiment is 
based upon the previous experiment to isolate the role played by different components for how they affect 
the soil moisture and surface fluxes. The baseline default Noah-MP (A1) simulation is run with nominal 
1 km grid spacing with 392 grid cells in the zonal and meridional directions. It uses the default tabular 
values of LAI and maximum vegetation fraction as a function of land use/land cover, Ball-Berry for canopy 
stomatal resistance, free drainage for runoff option, and Monin-Obukohov for surface layer drag coeffi-
cient (see Table 1 for more details). Starting from the default experiment (A1), we replaced the soil with 
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Physical processes Options

Dynamic vegetation 4 (use Table LAI; maximum vegetation fraction)

Canopy stamotal resistance 1 (Ball-Berry)

Soil moisture factor for stomatal resistance 1 (Noah)

Runoff and groundwater 3 (original surface and subsurface free drainage)

Surface layer drag coefficient 1 (M-O)

Supercooled liquid water 1 (no iteration)

Frozen soil permeability 1 (linear effects, more permeable)

Radiation transfer 3 (two stream applied to vegetation fraction)

Ground snow surface albedo 2 (CLASS)

Partitioning precipitation into rainfall and snowfall 1 (Jordan, 1991)

Lower boundary condition of soil temperature 2 (TBOT at ZBOT read from a file)

Snow-soil temperature time scheme 3 (same as 1, but FSNO for TS calculation)

Surface resistance to evaporation/sublimation 4 (Sakaguchi & Zeng, 2009 for non-snow, rsurf = rsurf_snow for snow)

Abbreviation: LAI, leaf-area index.

Table 1 
Model Specifications for the Default Noah-MP Simulation (A1)
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the gSSURGO soil type in A2. By comparing A1 and A2, we could examine the effect of soil type (e.g., see 
Table 2). Similarly, the soil parameter lookup table in A2 is updated with the new table developed by Kish-
né et al. (2017) in A3. By comparing A2 and A3, one may examine the effect of different soil lookup tables 
(Table 2).

The default vegetation option in the Noah-MP model uses the maximum Greenness Vegetation Fraction 
(GVF) derived from the climatological MODIS mean from 2001 to 2010 and LAI interpolated from an em-
pirical lookup table based on land use and land cover type (DVEG = 4). There is also an option available in 
Noah-MP that uses the actual GVF and LAI (DVEG = 7). The MODIS real-time GVF and LAI observations 
(MYD15A2H, Myneni et al., 2015) provides  the opportunity to feed the model with actual vegetation condi-
tions. The MYD15A2H products closest to the middle of each month are extracted for the whole simulation 
period. For each year, there are 12 sets of GVF and LAI to represent the monthly value. First, these mul-
ti-year monthly GVF and LAI are averaged to obtain a climatological mean for each month. They are then 
ingested into A4 to represent the climatological mean vegetation conditions. A5 represents an experiment 
with near real-time MODIS GVF and LAI. Ideally, A5 is more realistic in terms of vegetation representation 
than A3 and A4. By comparing A3 and A4, one could estimate the effect of using maximum GVF and ta-
ble-based land cover-dependent LAI versus the climatological GVF and LAI. By comparing A4 and A5, we 
could examine the effect of climatological versus the near real-time GVF and LAI.

On the basis of A5, A6 examines the effect of using Stage-IV precipitation versus the NLDAS-2 default 
precipitation. A7 and A8 switch on the surface and subsurface flow, respectively, while A9 turns on both 
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  Description Objective

A1 Default NLDAS-2 input –

A2 Same as A1, with new gSSURGO soil data set The sensitivity of soil data set

A3 Same as A2, with new soil parameter table. The sensitivity of new soil parameter table

A4 Same as A3, with climatological mean GVF and LAI from MODIS The effect of dynamic vegetation

A5 Same as A3, with actual GVF and LAI from MODIS

A6/B1 Same as A5, with Stage-IV precipitation as input The effect of precipitation input forcing

A7 Same as A6, with surface lateral flow The effect of lateral flow

A8 Same as A6, with subsurface lateral flow

A9 Same as A6, with lateral and subsurface lateral flow

B2 Same as A9, LSM at 1 km, routing at 100 m Check the effect of LSM resolution and 
routing resolutionB3 Same as A9, LSM at 1 km, routing at 250 m

B4 Same as A9, LSM at 1 km, routing at 500 m

B5 Same as A9, LSM at 1 km, routing at 1,000 m

C1 Same as A6, LSM at 4 km, no routing

C2 Same as A9, LSM at 4 km, routing at 100 m

C3 Same as A9, LSM at 4 km, routing at 250 m

C4 Same as A9, LSM at 4 km, routing at 500 m

C5 Same as A9, LSM at 4 km, routing at 1,000 m

D1 Same as A6, LSM at 10 km, no routing

D2 Same as A9, LSM at 10 km, routing at 250 m

D3 Same as A9, LSM at 10 km, routing at 500 m

D4 Same as A9, LSM at 10 km, routing at 1,000 m

Note. Format tables using the Word Table.
Abbreviations: gSSURGO, Gridded Soil Survey Geographic; GVF, Greenness Vegetation Fraction; LAI, leaf-area index; LSM, land surface model; NLDAS-2, 
National Land Data Assimilation System Phase 2.

Table 2 
Description of Simulation Plan and their Objectives
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surface and subsurface routing. The surface lateral flow uses the steepest gradient “D8” method (Table 2). 
It should be noted that for experiments A1–A6, run without lateral flow components, we are actually evalu-
ating the performance of the Noah-MP model. It is important to note that the results shown later are prone 
to the underlying assumptions and uncertainties associated with the Noah-MP. The combinations B1–B5, 
C1–C5, and D1–D4 examine the effect of routing resolution with LSM grid spacings of 1, 4, and 10 km, 
respectively. Note that at each LSM resolution, we make sure that channel density remains the same at 
the preprocessing stage by ensuring that the area of routing grid cells to define stream is the same across 
different routing resolutions.

3.  Evaluation of WRF-Hydro
3.1.  Evaluating the Impact of Input Forcings

This section aims to evaluate the effect of different soil type, soil parameter table, vegetation, and precipi-
tation. We emphasize that this study should be considered as a sensitivity study, since we did not calibrate 
the WRF-Hydro and our focus is more on evaluating the effect of model inputs and the routing processes.

3.1.1.  Soil Texture and Soil Parameters

The default STATSGO and gSSURGO soil data sets, when interpolated to the model domain at 1 km grid 
spacing, are shown in Figure 2. The overall spatial pattern of the two data sets agrees reasonably well. The 
dominant soil types are silt and silt loam, distributed mainly in the southern and central domain, whereas 
silty clay loam and clay loam is predominant over the northeastern part. However, there are also clear differ-
ences between these two data sets. The gSSURGO shows much more detail than the STATSGO. For exam-
ple, some of the stream networks are clearly seen in the gSSURGO data set but are missing in the STATSGO. 
Inconsistencies exist between these two data sets, as about 45% of the grid cells are identified differently. 
Compared to the STATSGO, the gSSURGO presents a larger percentage of sand, sandy loam, silt loam, and 
silty clay loam, and less percentages of loamy sand, loam, clay loam, silty clay, and clay (Figure S1). The 
conversion from sand in STATSGO to other soil types in gSSURGO consistently leads to an increase in LH, 
resulting in an overall increase of +0.96 Wm−2, whereas the conversion from silt loam in STATSGO to other 
soil types in gSSURGO leads to a decrease of −0.65 Wm−2 in LH. More details on the impact of soil type 
differences can be seen in Figure S2. Changes in SH is of the same magnitude but with opposite sign. On av-
erage, changing from STATSGO to gSSURGO leads to about 0.18 Wm−2 increase in SH and decrease in LH.

We have also compared the soil type data collected at the STAMP sites; the gSSURGO is not superior or more 
accurate than the STATSGO when compared to the in situ measurements. Out of the 16 STAMP stations, 
both data sets have six sites that are consistent with the observed soil type. We note that this is not an exact 
fair comparison, since gSSURGO and STATSGO both are at 1 km resolution and represent the dominant soil 
type within nearest grid cell to the observation, whereas STAMP represents a point-collected soil sample. 
Nevertheless, the resulting difference in soil hydraulic parameters are quite large due to the use of different 
soil type data sets. The difference in soil property parameters due to the use of different soil parameter ta-
bles is shown in Figure 3. These changes in soil hydraulic parameters induce changes in soil moisture and 
surface energy heat fluxes. Sensitivity tests suggest that maximum soil moisture content (MAXSMC) and 
soil conductivity (SATDK) show the strongest control on the energy fluxes, whereas MAXSMC and wilting 
point soil moisture (WLTSMC) have the strongest impact for soil moisture (Figures S3–S5). The results here 
are consistent with Cuntz et al. (2016), in which the authors also identified that MAXSMC and SATDK are 
the most sensitive parameters that control the land-atmosphere fluxes exchange and surface runoff.

When the new soil parameter table is used, the simulated soil moisture decreases for loamy sand, sandy 
loam, and clay loam, but increases for other soil types, especially for sand and clay (Figure 4a). For the 
energy fluxes, latent heat fluxes increase for sand and clay, but decrease for other soil types, of which sandy 
loam and silty clay loam show the strongest decrease (Figure 4b). The opposite is true for sensible heat flux, 
except for loamy sand, of which both latent heat flux and sensible heat flux decrease (Figure 4c).

Another interesting thing is that even though soil moisture increases for silt loam, loam, silty clay loam, 
silty clay, and organic material, LH (SH) decreases (increases) for these soil types. This is likely because the 
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wilting point of these soil types are increased and as a result it is easier for soil moisture to decline to the 
wilting point and soil evaporation more easily ceases being a limit on latent heat flux.

Comparing sand with loam, the sign of changes in soil properties are all the same, except for SATDK (Fig-
ures S6 and S7). For SATDK, the positive change of loam and negative change of sand resulted in decreased 
LH for loam, but increased LH in sand. This is likely because increased SATDK allows water to more ef-
ficiently exchange water within the soil column and drain it out the bottom, instead of preserving water 
within the soil column. Similarly, comparing sand with silt loam, the only difference is that porosity of silt 
loam is decreased whereas that of sand is increased when the new soil parameter table is used (Figures S6 
and S8), resulting in increased LH in sand, but decreased LH for silt loam. This suggests that a larger poros-
ity is more likely to introduce higher LH.

3.1.2.  Comparison to Observations

Since different inputs and boundary forcings have been considered in this study; here we try to compare 
them within the same context. Figure 5 shows the average monthly time series of LH at the EBBR and 
ECOR observation stations with the model values extracted at the nearest grid cells. The model captures the 
overall trend of the monthly time series, although it is suggested that utilizing more realistic data does not 
ensure better results. This is likely associated with the model deficiencies, since the default parameters are 
optimized for global scale simulations (Niu et al., 2011; Z.-L. Yang et al., 2011). In general, the model un-
derestimates latent heat flux across all model experiments, which has been a known issue for land surface 
models over the Great Plains (e.g., Lin et al., 2017; Ma et al., 2018; Morcrette et al., 2018; Van Weverberg 
et al., 2018; C. Zhang, Xie, et al., 2018; Y. Zhang, Schaap, & Zha, 2018).

The detail statistics of comparison between model simulations and observations, in terms of model mean 
bias, root mean square error and Pearson's correlation coefficient (R) are shown in Tables S1 and S2 for 
LH and soil moisture in the Supplementary information. In general, when compared to observations the 
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Figure 3.  Differences in soil hydraulic properties induced by using the new soil parameter table from Kishné et al. (2017), as opposed to the default soil 
parameter table.
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differences in error statistics between the suite of simulations are quite small. One possible reason is that 
these comparisons are performed only at the ARM sites where observation are available, where the differ-
ences are relatively small. There are other locations in the domain where the differences are significantly 
larger (shown later). More specifically, the gSSURGO data show a nearly negligible effect on the monthly 
averaged latent heat flux (Figure 5a); the use of the new soil parameter table slightly reduces the latent heat 
flux and leads to a larger underestimation (Figure 5b); the use of the maximum GVF, although is seemingly 
unrealistic, in fact produces the best result as compared to the experiments with realistic MODIS GVF (Fig-
ure 5c). Additionally, the use of time-varying GVF and LAI does not yield significantly different LH than 
using the climatological GVF/LAI (Figure 5c). Although Stage-IV precipitation is deemed as more realistic, 
it leads to larger underestimation of latent heat flux (Figure 5d). The consideration of lateral flow partly 
alleviates the underestimation of LH and slightly improves the performance of LH (Figure 5e). The use of 
different routing resolution induces some seasonal differences. Routing resolution only starts to show an 
impact below 500 m resolution over the summer months, and above 500 m they are almost identical when 
averaged over the ARM sites (Figure 5f).

Figure 5 clearly indicates that the differences induced by different model configurations show clear dis-
tinctions in summer than in other seasons. Figure 6 shows the comparison of soil moisture to observations 
collected from the STAMP sites in June, July, and August (JJA) 2016. Only 2016 is shown because of data 
availability. Compared to the STAMP sites, all configurations clearly overestimate soil moisture. Given the 
underestimation in LH in Figure 5, it suggests that the Noah-MP needs to evapotranspire more through ei-
ther direct soil evaporation or transpiration to simultaneously reduce the biases in soil moisture and latent 
heat flux. Specifically, the use of new soil type data and Stage-IV precipitation forcing decrease the bias in 
soil moisture while the new soil table and MODIS dynamic vegetation slightly increases the soil moisture 
bias. The routing scheme mainly increases soil moisture and, therefore, increases the soil moisture bias.
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Figure 4.  Average difference for each soil type by using the new soil parameter table as opposed to the default soil parameter table for (a) column integrated 
soil moisture (top 2 m) (b) latent heat flux (LH), and (c) sensible heat flux (SH). The error bar indicates one standard deviation.

a) SM_2m 

-0.05

0

0.05

0.1

SM
 d

iff
. [

m
]

b) LH

sa
nd

loa
my s

an
d

sa
nd

y l
oa

m

silt
 lo

am silt loa
m

sa
nd

y c
lay

 lo
am

silt
y c

lay
 lo

am

cla
y l

oa
m

sa
nd

y c
lay

silt
y c

lay cla
y

org
an

ic 
mate

ria
l
wate

r

be
dro

ck
oth

er

-5

0

5

10

LH
 d

iff
. (

W
 m

-2
)

c) SH

sa
nd

loa
my s

an
d

sa
nd

y l
oa

m

silt
 lo

am silt loa
m

sa
nd

y c
lay

 lo
am

silt
y c

lay
 lo

am

cla
y l

oa
m

sa
nd

y c
lay

silt
y c

lay cla
y

org
an

ic 
mate

ria
l
wate

r

be
dro

ck
oth

er

-5

0

5

10

SH
 d

iff
. (

W
 m

-2
)



Journal of Geophysical Research: Atmospheres

3.2.  Effects of Routing

Figure 7 shows the spatial pattern of soil moisture differences induced by using different routing options, 
including no routing (A6), surface routing only (A7), subsurface routing only (A8), and both surface and 
subsurface routing (A9). The difference fields thus can isolate the effect of surface versus subsurface lateral 
flow and their interaction as simulated by the WRF-Hydro model. Note these experiments are simulat-
ed at 1-km LSM and 250-m routing grid spacing. Including surface lateral flow consistently increases soil 
moisture across the soil column, but mostly only over the lower-elevation convergence regions. For steeper 
terrain in the southwest of the domain, surface flow does not show noticeable impact on soil moisture 
(Figures 7a, 7d, 7g, and 7j). This is because surface lateral flow very efficiently redistributes water from the 
steep slopes toward lower elevations. The subsurface lateral flow, besides increasing soil moisture over the 
flat terrain at lower elevations, also leads to variable changes in the soil column over the peaks in the South-
west (Figures 7b, 7e, 7h, and 7k). Soil moisture is increased in the top layers and decreased in the bottom 
layers, which is associated with the re-infiltration processes. Over steeper terrains, lateral flow from the soil 
column will increase soil moisture content at shallower layers at the next downstream soil column, while 
decreasing deep layer soil moisture in the current soil column. When both surface and subsurface routing 
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Figure 5.  Comparison between monthly mean latent heat flux at the energy balance Bowen ratio and eddy correlation stations and Weather Research and 
Forecasting-Hydro simulation for 2011–2015. Each panel was designed to isolate the effect of (a) soil type data set of State Soil Geographic (A1) versus Gridded 
Soil Survey Geographic (A2), (b) soil parameter table from Cosby et al. (1984) (A2) versus from Kishné et al. (2017) (A3), (c) default dynamic vegetation (A3) 
versus MODIS climatology (A4) versus MODIS real time (A5), (d) precipitation from NLDAS-2 (A5) versus Stage-IV (A6), (e) without lateral flow (A6) versus 
with surface and subsurface lateral flow (A9), and (f) different routing resolution for lateral flow.
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are turned on, almost the entire domain experiences an increase in the soil moisture content, with the 
exception of the deeper layer over the steepest terrain in the southwest (see Figures 7c, 7f, 7i, and 7l). The 
reduced soil moisture over the steep terrain is mainly associated with subsurface lateral flow. The response 
of LH and SH to different routing choice is shown in Figure 8. In general, the response of LH shows a very 
similar pattern as the soil moisture, while SH shows the opposite.

It is interesting to note that the difference between both routing (A9) and subsurface routing only (A8), 
which is also often treated as an indication of surface flow effect, has a different pattern than the difference 
between surface routing (A7) and no routing (A6) (see difference in first and third column in Figure 7). In 
fact, the difference between simulations with (A7) and without (A6) surface lateral flow shows the isolated 
effect of surface lateral flow only, whereas difference between simulation with both lateral surface and 
subsurface (A9) and with subsurface routing only (A8) includes surface effects as well as the interaction 
between surface and subsurface lateral flow (see Equation 1 below). The interaction between surface and 
subsurface routing turns out to reduce the soil moisture content (Figure 9), meaning that both surface and 
subsurface lateral flows are efficiently removing moisture from the soil columns to deep drainage or chan-
nel networks.

   Interaction both routing surface routing subsurface routing no routing (1)
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Figure 6.  Comparison of soil moisture at 5 cm depth between Soil Temperature and Moisture Profiles (STAMP) stations and Weather Research and 
Forecasting-Hydro simulations for June-July-August in 2016. Each panel is similar to Figure 5 but for soil moisture.
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Figure 7.  Annual averaged soil moisture difference induced by different routing choices. (a, d, g, and j) Difference in soil moisture between surface routing 
(A7) and no routing (A6) in different soil layers. (b, e, h, and k) Difference between subsurface routing (A8) and no routing (A6). (c, f, i, and l) Difference 
between both surface and subsurface routing only (A9) and no routing (A6). Numbers in the parenthesis are the domain average (units: m3 m−3). The black line 
at 37°N is the border between Oklahoma and Kansas.



Journal of Geophysical Research: Atmospheres

3.3.  Effects of Land Surface and Routing Resolution

This section aims to address the question of how land surface variables react to the resolutions of LSM and 
routing schemes. WRF-Hydro is designed such that the resolutions of LSM and routing schemes can be dif-
ferent by using the disaggregation-aggregation methodology. Before the routing starts, the surface variables 
from the LSM are disaggregated to the routing grid cells, and then aggregated to the LSM grid cells when 
then routing scheme finishes. To test the impact of resolution, land surface grid spacing is chosen at 1, 4, 
and 10 km, while routing grid spacing is chosen at 100, 250, 500, and 1,000 m. Experiments are performed 
with each pair of LSM and routing resolution listed above, with the exception of LSM at 10 km and routing 
grid spacing at 100 m.

Figure 10 shows the difference in soil moisture due to the change in routing grid spacing when LSM grid 
spacing is at 1 km. Overall, there are consistently higher soil moisture contents over the steep terrain when 
higher routing resolution is used. The difference fields are consistent for all four soil layers with a similar 
magnitude. When a coarser routing resolution is used for routing, soil moisture is smaller than in simula-
tions with higher routing resolution, indicating that routing resolution is important in regulating the simu-
lated soil moisture content, with higher routing resolution leading to larger soil moisture content, especially 
over steeper terrains.

A similar transition in the difference fields is also found when the LSM grid spacing is coarser at 4 and 
10 km, except that the difference field is almost negligible between routing at 100 and 250 m when LSM 
grid spacing is 4 km, and between 250 and 500 m when LSM grid spacing is 10 km (see Figures 11 and 12), 
meaning that routing does not add extra value at 100 m (250 m) grid spacing for 4 km (10 km) LSM grid 
spacing, although the computation cost for routing is roughly about ∼10 times that of routing at 250 m 
(500 m). Since the difference only shows for steeper terrain, it suggests that the slope of the terrain is an 
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Figure 8.  Similar as Figure 7, but for sensible heat flux (SH) and latent heat flux (LH), units: W m−2. Numbers in the parenthesis are the domain average 
(units: W m−2).
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important factor controlling the changes in soil moisture induced by routing resolution. Figure 13 presents 
the relationship between routing induced soil moisture difference and the slopes at different LSM resolu-
tions. Some general conclusions are synthesized as follows:

1.  At the same LSM resolution, soil moisture generally decreases with a coarser routing resolution espe-
cially over the steeper regions. Or in other words, the difference between the finest and coarsest routing 
resolutions always displays the largest difference.

2.  Soil moisture difference induced by routing resolution over the steep terrain is more obvious in the shal-
low soil layers, and this discrepancy is more obvious when LSM resolution is higher.

3.  Soil moisture is less sensitive to the chosen routing resolution when LSM resolution is coarser, that is, 
when LSM resolution is coarser, the difference in soil moisture due to different routing resolution grad-
ually fades out.

The calculation of water balance following Thornthwaite (1948) and Mather (1978) helps to illustrate the 
reason why differences are shown between high- and low-resolution routing. The water balance equation 
is as follows:
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Figure 9.  Effect of interaction between surface and subsurface routing on soil moisture at different soil layers, as represented by Equation 1. Numbers in the 
parenthesis are the domain average (units: m3 m−3).
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Figure 10.  At 1 km land surface model grid spacing, differences in soil moisture between different routing resolution at different soil layers. (a, d, g, and j) 
Soil moisture difference at different soil layers induced by routing at 100 m (B2) and routing at 250 m (B3). (b, e, h, and k) are similar as (a, d, g, and j) but 
for difference between routing at 100 m (B2) and 500 m (B4). (c, f, i, and l) are similar as (a, d, g, and j) but for difference between routing at 100 m (B2) and 
1,000 m (B5).
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Figure 11.  Similar as Figure 10, but for land surface model resolution at 4 km.
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Figure 12.  Similar as Figure 10, but for land surface model resolution at 10 km.
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  ET ΔSM SplusP (2)

where P is precipitation (mm), ET is evapotranspiration (mm), ΔSM is the change in soil water content 
(mm), and Splus is water surplus. Because there only exists a short lag between the generation of surplus 
water from precipitation and the resultant streamflow, the water surplus can also be seen as a proxy for 
runoff (Xue et al., 2018). Figure 14 shows the differences in water balance components for simulations with 
LSM resolution at 1 km (B2–B5) for JJA 2015. Note that patterns shown in Figure 14 are the differences 
between the high and low-resolution routing. Precipitation is the same in these experiments, so it is not 
shown. Figures 14a–14c indicates that there is less soil moisture storage change induced in the high-reso-
lution routing. Since soil moisture is gradually decreasing during the JJA months, suggesting that there is 
overall more soil moisture in the high-resolution routing, which is consistent with Figure 10. Because of 
the presence of more soil moisture over the domain, ET is also more in the high-resolution routing (Fig-
ures 14d–14f). Based on the water balance equation (Equation 2), Figures 14g–14i show the difference in 
Surplus, which can be viewed as the amount of water turned into streamflow in the channel, as explained 
earlier. It suggests that there is less water converted into streamflow in the high-resolution routing than in 
the low-resolution routing, which can be attributed to the generation of surface runoff (Figures 14j–14l). 
Note the similarity in spatial pattern between surface runoff and Surplus. There is more overland surface 
runoff when routing at high resolution. The amount of overland surface runoff originates as infiltration 
excess, which is a function of precipitation, existing water head, and infiltration capacity. When calculating 
lateral surface flow, the effect of terrain slope is taken into account as part of the friction slope. With high 
routing resolution, the terrain effect is more obvious as terrain slope is not smoothed out as in low-reso-
lution routing. Under the same condition, in high-resolution routing, there will be more surface runoff 
generated and converged toward lower elevations, and because surface runoff will keep existing on the land 
surface, unlike being removed after each time step in the default Noah-MP, the existing surface runoff will 
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Figure 13.  Soil moisture difference between different routing resolutions, as a function of slope. (a–d) for land surface model (LSM) at 1 km, (e–h) for LSM at 
4 km, and (i–l) for LSM at 10 km.
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remain in the domain and keep recharging the shallower soil layers, thus increasing ET. This explains the 
soil moisture and ET differences shown in Figures 10 and Figures 14d–14f. From a water balance perspec-
tive, more surface runoff in the high-resolution routing results in less subsurface runoff; this explains the 
opposite pattern in subsurface runoff seen in Figures 14m–14o. Similar results are found (not shown) for 
LSM grid spacings of 4 km (C1–C5) and 10 km (D1–D4).
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Figure 14.  Routing-resolution induced differences in water budget components and surface and subsurface runoff. Difference in soil moisture storage term 
(∆SM) induced by high and low routing resolution (a) between routing at 100 m and routing at 250 m, (b) between routing 100 m and routing at 500 m, (c) 
between routing 100 m and routing at 1,000 m. (d–f) are the same as (a–c) but for evapotranspiration (ET). (g–i) are the same as (d–f) but for Surplus water. (j–l) 
are the same as (d–f) but for surface runoff. (m–o) are the same as (d–f) but for subsurface runoff.
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4.  Discussion
WRF-Hydro still underestimates latent heat fluxes over the SGP, even when more realistic inputs and 
boundary forcings are included. As a result, more energy is partitioned into SH, resulting in a warm bias 
that is a well-known issue in the modeling community. Many studies have attempted to address it from dif-
ferent perspectives (Lin et al., 2017; Ma et al., 2018; Van Weverberg et al., 2018; C. Zhang, Xie, et al., 2018; 
Y. Zhang, Schaap, & Zha, 2018) and different theories are proposed. For example, an underestimation in 
evaporative fraction (EF, defined as the ratio of LH to the sum of LH and SH) has been attributed as the 
dominant source of error in models with a large warming bias. Handling of anthropogenic impacts (or 
lack thereof), such as neglecting irrigation in the LSMs, has also been attributed to the warming bias (Pei 
et al., 2016; Qian et al., 2020; Z. Yang et al., 2019). Here, we show that increased LH and decreased SH occur 
when lateral flow is considered, suggesting that lateral flow might also play an important role in alleviating 
the warming bias over the SGP.

Comparing simulations using the STATSGO and gSSURGO soil data sets, we found that differences in 
soil hydraulic parameters are quite large and lead to changes in domain-averaged surface energy fluxes 
and soil moisture. The use of different soil parameter tables gives us the opportunity to identify which soil 
parameters are the most sensitive ones to control the rate of energy fluxes and soil moisture. As shown 
earlier, MAXSMC and SATDK show the strongest control on energy fluxes and MAXSMC and WLTSMC 
have the strongest impact for soil moisture, which agrees with previous sensitivity studies such as in Cuntz 
et al. (2016) and Cai et al. (2014).

We note that the baseline Noah-MP model tends to overestimate soil moisture and underestimate LH, 
which indicates more water should be evaporated into the atmosphere instead of retaining in the soil layers. 
This bias could potentially be addressed by adjusting parameters suggested in previous parameter sensitiv-
ity studies (e.g., Cai et al., 2014; Cuntz et al., 2016; Hogue et al., 2006). For example, the surface dryness 
factor, which is defined to determine the soil surface resistance to ground evapotranspiration, will increase 
the soil evaporation as it increases. Similarly, increases in evapotranspiration can also be achieved by low-
ering the stomatal resistance (rsmin or rcmin) as it determines the diffusion of water from inside the leaf to 
the atmosphere. Another option is to increase roughness length, as it will affect the intensity of mechanical 
turbulence and fluxes above the surface. A larger roughness implies more exchange between the surface 
and the atmosphere. Calibrating these parameters can improve the model performance. However, as stated 
earlier, the purpose of this study is not on parameter calibration or estimation, but rather on understanding 
the sensitivity by using different sources of input forcings.

It is also worth stating that LSMs like Noah-MP were originally developed for simulations with much coars-
er grid spacings (e.g., ∼25 km). Some assumptions and parameters used in these models need to be revisited 
when running at higher resolutions. For instance, Fmax is the potential or maximum saturated fraction for 
a grid cell that was initially derived following the TOPMODEL concepts rooted from watershed hydrology. 
When high-resolution digital elevation models (DEMs) are available, Fmax can be estimated from the distri-
bution function of a logarithmic topographic index that varies spatially and is resolution-dependent (Niu 
et al., 2011), while in typical coarse resolution applications, it is often set universally as 0.38 for conveni-
ence. Another example is the maximum subsurface runoff Rsb,max which should also be spatially varying and 
resolution dependent but has been set at 5.0 × 10−4 mm s−1 based on calibration against the global runoff 
field (Niu et al., 2011). When running at higher resolutions, these hard coded parameters will likely need 
to be revisited.

We also found that if another soil reference data set is used, that is, the soil water and temperature system 
(SWATS), the simulated soil moisture is consistently underestimated. The reason we use STAMP instead 
of SWATS is because STAMP soil moisture is deemed as significantly more reliable than the SWATS (Jen-
ni, 2020, personal communication). Therefore, we recommend taking precautions when choosing reference 
data sets since they also contain uncertainties that could lead to opposite conclusions.

It is interesting to see that both lateral surface and subsurface flow contribute to increased soil moisture over 
the SGP. From the water balance perspective, when lateral flow is not turned on, surface runoff is generated 
when the effective precipitation exceeds the maximum infiltration capacity of the underlying soil column. 
The calculated surface runoff is then accumulated and removed from the model hydrological budget. At the 
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next time step, the sum of precipitation rate and existing ponded water head needs to be greater than infil-
tration capacity again to be able to generate surface runoff. Conversely, when lateral flows are considered, 
effective precipitation is more likely to accumulate on the grid cell given the existence of ponded water, 
as long as the sum of precipitation rate and existing ponded water is greater than the infiltration capacity. 
Therefore, when surface lateral flow is turned on, it is more likely to generate and maintain runoff on the 
surface. The infiltration excess or ponded water later moves freely in the presence of a hydraulic gradient 
and infiltrates into the soil column, thereby increasing soil moisture over the domain.

Since the lateral flow process involves the disaggregation-aggregation and routing of surface and subsurface 
flows, computation costs are significantly increased in the offline WRF-Hydro simulations when lateral 
flow is turned on. We find that with finer LSM resolution (at 1 km), soil moisture is more sensitive to the 
choice of routing resolution, especially over steeper terrains. This may shed light on the choice of LSM and 
routing resolution at different topographic conditions. For example, for complex terrain, one may benefit 
from high LSM and routing resolution and conversely, over flat regions high-resolution routing may be 
not necessary, especially when LSM resolution is coarse. One could take advantage of this and design opti-
mized, multi-resolution model grids that only employ high resolution for the LSM and routing where there 
are larger benefits.

5.  Conclusions
Using WRF-Hydro, we performed a series of experiments to study the effect of lateral flow on soil moisture 
and surface energy fluxes over the SGP. To ensure the correctness of input forcing, gSSURGO soil data set, 
a new soil parameter table, MODIS dynamic vegetation, and Stage-IV precipitation are ingested into the 
model for the purpose of minimizing uncertainties associated with input forcing, where possible. By switch-
ing on and off lateral flow options, and testing different combinations of routing and LSM resolution in the 
WRF-Hydro, a series of tests were performed to understand their impact on the soil moisture and surface 
energy fluxes. We summarize our key findings as follows:

•  When compared with observations collected at the STAMP sites, the newly developed gSSURGO is 
found to perform identically as the default STATSGO soil data set, as both soil data sets extracted at the 
nearest grid cells have 6 out of 16 sites that have the same soil type as the STAMP.

•  The default Noah-MP underestimates latent heat fluxes and overestimates soil moisture when compared 
with observations collected at the ARM sites. Ingesting the updated realistic input forcing does not re-
duce these biases, which indicates there are deficiencies embedded in the model. Parameter calibration 
could potentially alleviate such deficiencies (Fersch et al., 2020), but the trend toward higher-resolution 
modeling primarily suggests to enhance model correspondence to physical reality by representing new 
processes such as lateral flow in this study, or other processes such as groundwater-surface water inter-
action, rooting dynamics, and/or irrigation in the model.

•  The impact of surface and subsurface lateral flow on soil moisture behaves differently. Surface lateral 
flow is more likely to increase soil moisture over the lower terrain and convergence zones, without af-
fecting soil moisture over steeper terrain. This is likely induced by the efficient redistribution of water 
from high to low elevation. The subsurface lateral flow also exhibits an increase in soil moisture over 
the entire domain, but with a stronger signal over the steep terrain. Subsurface lateral flow increases 
soil moisture in shallower layers but decreases soil moisture in the deeper layers because of the re-in-
filtration process, that is, with a sufficiently strong topographic gradient, deep-layer soil moisture is 
transported to shallower layers at the next downstream grid cells, resulting in the opposite response of 
soil moisture in the soil column.

•  Routing resolution is found to be an important regulator to the response of soil moisture. With high 
LSM resolutions, the response of soil moisture is very sensitive to the choice of routing resolution and 
higher soil moisture is seen with finer routing resolution, especially over the steep terrain. With lower 
LSM resolution, the added value of using high-resolution routing becomes smaller, for example, the 
difference between routing at 100 and 250 m spacing when LSM grid spacing is 4 km, between routing at 
250 and 500 m spacing when LSM grid spacing 10 km, are almost negligible. This indicates that as LSM 
resolution get coarser, it is not necessary to use high routing resolution. This indicates that as LSM res-
olutions get finer, it is necessary to refine routing representations and better estimate their parameters. 
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Such studies are becoming more critical as weather and climate models are moving into higher and 
higher resolutions.

The present study focuses primarily on the response of soil moisture and energy fluxes to different input 
forcing, lateral flow, and LSM and routing resolution. We acknowledge that the calibration of the param-
eters associated with generating runoff (Fersch et al., 2020; Lahmers et al., 2019, 2020; Yucel et al., 2015; 
Z. Zhang et al., 2019) is important to ensure reasonable streamflow predictions. It should be noted that 
the goal of this study is not to calibrate the WRF-Hydro model or obtain a best model configuration with 
smallest model bias. Instead, our objectives are to quantify the impact of model input, including soil types 
and properties, precipitation, vegetation and routing processes on simulation results, and to improve our 
process-level understanding of hydrology in this region. The differences induced by different resolution also 
calls attention to scale awareness in future development of the routing scheme.
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