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Abstract: Data acquisition and an efficient processing method for hydrological model initialization,
such as soil moisture and parameter value identification are critical for a physics-based distributed
watershed modelling of flood and flood related disasters such as sediment and debris flow.
Site measurements can provide accurate estimates of soil moisture, but such techniques are limited due
to the number of physical sensors required to cover a large area effectively. Available satellite-based
digital soil moisture data ranges from 9 km to 20 km in resolution which obscures the soil moisture
details of a hill slope scale. This resolution limitation of available satellite-based distributed soil
moisture data has impacted critical analysis of soil moisture resolution variance on physics-based
distributed simulation results. Moreover, available satellite-based digital soil moisture data represents
only a few centimeters of the top soil column and that would inform little about the effective
root-zone wetness. A recently developed soil moisture estimation method called SERVES (Soil
moisture Estimation of Root zone through Vegetation index-based Evapotranspiration fraction and
Soil properties) overcomes this limitation of satellite-based soil moisture data by estimating distributed
effective root zone soil moisture at 30 m resolution. In this study, a distributed watershed hydrological
model of a sub-catchment of Reynolds Creek Experimental Watershed was developed with the GSSHA
(Gridded Surface Sub-surface Hydrological Analysis) Model. SERVES soil moisture estimated at 30 m
resolution was deployed in the watershed hydrological parameter value calibration and identification
process. The 30 m resolution SERVES soil moisture data was resampled to 4500 m and 9000 m
resolutions and was separately employed in the calibrated hydrological model to determine the
soil moisture resolution effect on the model simulated outputs and the model parameter values.
It was found that the simulated discharge is underestimated, infiltration rate/volume is overestimated
and higher soil moisture state distribution is filtered out as the initial soil moisture resolution was
coarsened. To compensate for this disparity in the simulated results, the soil saturated hydraulic
conductivity value decreased with respect to the decreased resolutions.

Keywords: soil moisture; initial condition; input grid resolution; scale effects; SERVES;
hydrological modelling

1. Introduction

Realistic soil moisture information is crucial in the simulation of floods and droughts in global
climate change scenarios and global food security studies [1-4]. Physical site measurements can
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provide relatively accurate estimates of soil moisture, but such techniques are limited due to the
number of sensors required to cover a large area effectively. Therefore, several studies have used
remotely sensed soil moisture observations in the calibration of a hydrological model [5-8]. The correct
initial soil moisture condition is significant as surface runoff generation, the partitioning of rainfall
between infiltration and surface runoff, is controlled by catchment wetness conditions where effective
rainfall and runoff increase with the corresponding increase in the wetness extent and conditions [9,10].
This runoff generation process takes place at a hill-slope scale. Therefore, initialization of soil moisture
in a physics-based distributed hydrological model needs to capture the hillslope scale variability.
Available satellite-based digital soil moisture data ranges from 9 km to 50 km in resolution.

The data satellite sources of the available remotely sensed soil moisture include, Soil Moisture
and Ocean Salinity (SMOS) using fully polarized passive microwave signals [11], assimilated remotely
sensed soil moisture from the Advanced Scatterometer (ASCAT) [12] using scatterometer observations
of the active microwave, and Advanced Microwave Scanning Radiometer-EOS (AMSR-E) using the
passive microwave radiometer [13]. The National Aeronautics and Space Administration’s (NASA)
Soil Moisture Active Passive (SMAP) mission uses an L-band active radar microwave remote sensing
and an L-band passive radiometer microwave remote sensing [14]. The spatial resolution of AMSR-E is
between 36 and 54 km. Similarly, the observation spatial resolution of SMOS is 35-50 km depending on
the incident angle and the deviation from the satellite ground track. The spatial resolution of ASCAT is
around 25 km, and that of SMAP is 9 km. Therefore, all these satellite sources of the available remotely
sensed soil moisture data completely obscure the soil moisture details of a hill slope scale.

Most past research has focused on the topographic input resolution effects [15-20] and forcing
distributed data input resolution effects [21-23] on a hydrological model discharge prediction and
parameter value estimation. Although not globally available, there have been other finer resolution
soil moisture extraction technologies and products developed in recent years [24-26]. However, no
detailed investigations could be found on initial soil moisture resolution effects on physics-based,
distributed model parameter and simulated results [6,7]. Moreover, available satellite-based digital
soil moisture data represents only a few centimeters of the top soil column.

AMSR-E and ASCAT have an observation depth of 2 cm. SMOS and SMAP have an observation
depth of 5 cm. In situ measurements at varying depths show variation in soil moisture profile. Studies
such as radar backscatter and dielectric constant variation with depth [27] have shown the capture
of this heterogeneous vertical soil moisture profile. A shallow observation depth would inform little
about this vertical profile heterogeneity or the effective root-zone wetness. The US Department of
Agriculture Irrigation Guide [28] shows that the effective root zone moisture extraction depth for most
crops/vegetation is 60 cm.

Therefore, methods are needed to improve the accuracy of satellite-based soil moisture data [3]
in the first place and then employ it in the analysis of multi-resolution initial effective root zone soil
moisture physics based distributed hydrological modelling, especially for transferring parametric
information from one scale to another. Hydrological model-derived soil moisture estimates help fill
the temporal resolution gap of satellite derived soil moisture data.

SERVES (Soil moisture Estimation of Root zone through Vegetation index-based
Evapotranspiration fraction and Soil properties) estimates effective root zone soil moisture via
vegetation index-based evapotranspiration fraction and soil properties [4], improving spatial data
resolution and soil moisture measurement depth issues common with satellite based soil moisture
data. SERVES soil moisture internal formulation is derived from the understanding that (a) antecedent
soil moisture condition is an ecosystem’s memory of past rainfall events and this memory has
direct link to the phenology of vegetation, (b) the growing season phenology of vegetation is
dependent on the soil moisture memory of the root zone soil layer which generally extends from
50 to 100 cm deep from the surface. SERVES method is computationally straightforward and
employs freely available web-based digital data (like vegetation indexes from the joint NASA
and United States Geological Survey (USGS) Landsat program (https://espa.cr.usgs.gov/index/) and
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soil properties from the Natural Resource Conservation Service (NRCS) Soil Survey Geographic
(SSURGO) database (http://websoilsurvey.sc.egov.usda.gov/App/WebSoilSurvey.aspx). The SERVES
method/model demonstrated its successful estimation of effective root zone soil moisture at several
locations in the arid semi-arid region of United States, such as Idaho, Montana and Wyoming [4].

The objective of this study is to analyze the initial effective root zone soil moisture resolution
effects on the consistency of a physics-based distributed hydrological model infiltration process
parameterization and the model simulation results. In this study, a distributed watershed hydrological
model of a sub-catchment of Reynolds Creek Experimental Watershed was developed with the Gridded
Surface Sub-surface Hydrological Analysis (GSSHA) model [29-33]. SERVES soil moisture estimated at
30 m resolution was deployed in the watershed hydrological parameter calibration and identification
process. As SERVES estimated soil moisture is the effective root zone soil moisture, the soil moisture
deployed for initialization in the hydrological model in this study is referred to the effective root zone
soil moisture.

The 30 m resolution SERVES soil moisture data was resampled to 4500 m and 9000 m resolutions
and separately employed in the calibrated hydrological model to evaluate soil moisture resolution
effects on the consistency of model parameterization and simulation results. The SERVES 30 m
resolution distributed soil moisture opened this new avenue for the analysis of soil moisture resolution
effects on watershed hydrological modelling by extending the finer resolution soil moisture input
range. Coarsening initial soil moisture resolution significantly decreased the simulated discharge.
Recalibration of the soil hydraulic conductivity value compensated the disparity in the simulated
infiltration rate/volume and simulated discharge, and helped to regenerate the higher soil moisture
distribution when employing a coarse resolution soil moisture initial condition.

2. Study Area

The Reynolds Creek Experimental Watershed (RCEW), with a catchment area of 239 km?
(Figure 1), is located in southwest Idaho and the inter-mountain region of the northwestern USA [34].
The hydrological modelling study area is a 54.7 km? sub-catchment of the RCEW, initiating as the
Tollgate weir gaging station No. 116b at 43.142734° N, 116.762493° W WGS84, shown as the round
marker in Figure 1. For RCEW, the elevation ranges from 750 to 2100 m a.s.l. with the study
sub-catchment above 1400 m a.s.l. Although snow is dominant at the highest elevations, rain generally
drives discharge in the RCEW watershed. Precipitation in the RCEW varies from 250 mm/year at lower
elevations to more than 1100 mm/year at higher elevations. Land cover in the watershed is dominated
by various subspecies of sagebrush, with heights in the range 0.30-0.60 m [35].

3. Data

The observed hourly discharge of Tollgate weir gage was used for calibration and parameter
identification of the watershed hydrological model. This discharge data was obtained from the
US Department of Agriculture (USDA) Agricultural Research Service (ARS) Northwest Watershed
Research Center, ‘reynolds-creek-116b-hourly-streamflow.dat’ retrieved from http://reynoldscreekczo.
org/rcewdata/streamflow/reynolds-creek-116b-hourly-streamflow.dat on 1 August 2019. The observed
hourly precipitation from rain-gage station No. 116c near Tollgate weir gage was used for
hydrological model simulation. This precipitation data was obtained from USDA ARS Northwest
Watershed Research Center (2015), ‘reynolds-creek-116b-hourly-streamflow.dat’ retrieved from
http://reynoldscreekczo.org/rcewdata/precipitation/reynolds-creek-116c-hourly-precipitation.dat on
1 August 2019. The rain gage station 116c is at 43.141415° N, 116.767242° W WGS84, 1460 m a.s.L.

The land-cover maps for the study area were derived from the National Land Cover Database
(NLCD), http://www.mrlc.gov/.

The wilting point (Owp) and field capacity (0¢), used in the SERVES soil moisture estimation
carried out in this study, were derived from the Natural Resources Conservation Service (NRCS)
Soil Survey Geographic Database (SSURGO) database, http://websoilsurvey.sc.egov.usda.gov/App/
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WebSoilSurvey.aspx, using established pedotransfer functions that yield 0y, and ¢ as functions of
soil texture [36].

The US Geological Survey [37] Earth Resources Observation and Science (EROS) Center Science
Processing Architecture (ESPA), https://espa.cr.usgs.gov/, on-demand interface provides 30-m Landsat
Surface Reflectance, with atmospheric corrections applied, Level-2 science products that include the
spectral indices products for Landsat 4-5 Thematic Mapper (TM), Landsat 7 Enhanced Thematic
Mapper Plus (ETM+), and Landsat 8 Operational Land Imager (OLI)/Thermal Infrared Sensor (TIRS).
The Normalized Difference Vegetation Index (NDVI), one of the on-demand spectral indices products,
was used in the SERVES soil moisture estimation carried out in this study. The USGS Global Visualization
Viewer, http://glovis.usgs.gov/, was used to identify the clear-day images in the growing season.

The observed soil moisture data for the June-September growing seasons of 2006-2009, for the
moisture measuring stations in the RCEW (Figure 1), were obtained from the public database at
Northwest Watershed Research Center, Reynolds Creek Experimental Watershed, Public-use Datafiles
and Documentation [35].
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Figure 1. Location of the study watershed in the Reynolds Creek Experimental Watershed in southwest
Idaho, USA.
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4. Methodology

This study analyzed the significance of 30 m hill slope scale, initial soil moisture estimates compared
to coarse, 4.5 km and 9 km resolution inputs in calibration, parameterization, and performance of the
physics-based distributed hydrological model. The distributed 30 m hill slope scale soil moisture input
is derived from the integrated satellite and ground-based SERVES estimates. SERVES soil moisture
estimates were compared with in situ measured soil moisture at several locations. Validated estimates
were used as distributed initial soil moisture condition in calibration and parameterization of the
hydrological model. The simulations were repeated with resampled soil moisture initial condition
resolution of 4.5 km and 9 km. The GSSHA model was deployed to drive physics-based distributed
watershed hydrological simulations of rainfall and runoff events. The topographic and computational
model grid resolution was fixed at 30 m for all the initial soil moisture input scenarios. For all scenarios,
the comparison and analysis were performed for consistency of parameterization, discharge output
performance, and the resulting distribution of simulated soil moisture state.

4.1. SERVES (Soil Moisture Estimation of Root Zone Through Vegetation Index-Based Evapotranspiration
Fraction and Soil Properties) Model Formulation

The relationship between reference evapotranspiration fraction, ET,s, with soil moisture is
defined as [4]:
0; = ET, i(efci - pri) + 6wpi (1)

where,

0 = soil moisture content;

O = field capacity soil moisture content; and

pr = wilting point soil moisture content;

i = any spatial location or grid/tin address for a numerical model.

From the parametric uncertainty analysis of the linear deterministic relationships between ETrf
and the normalized difference vegetation index, NDVI, the likelihood function of evapotranspiration
fraction inversion through NDVI is defined as [4]:

ET,; = 1.33 NDVI-0.049 2)
From Equations (1) and (2), spatially distributed soil moisture content is derived as:
0; = (1.33NDVI —0.049) (0 rci = Ouwpi) + Owpi 3)

Pradhan [4] developed Equation (3) as the root-zone soil moisture estimation model SERVES.
The details on the development, application and verification of Equation (3) is shown in Pradhan [4].

Root zone soil moisture interacts directly with the atmosphere through evaporation and drives
infiltration, hence run off during heavy rain events. Soil moisture data from satellite or remotely
sensing platforms has a maximum soil column depth of 10 cm. Root zone soil moisture accounting
depth reaches deeper for most of vegetation species. The SERVES method estimates the soil moisture
at the root zone depth by taking into account the soil physical properties.

Identification of SERVES Soil Physical Properties

Soil texture is an important factor governing a range of physical properties and processes in soil.
There are various sources for soil texture classification. Among these sources, the NRCS, SSURGO
provides soil textural information for continental United States at 30-m resolution. LaHatte and
Pradhan [38] show a guideline on extracting the soil texture from the SSURGO database.
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Once the soil texture is identified, pedotransfer functions estimate soil water properties.
Rawls et al. [36] is a common source for soil physical parameter value assignments based on the
soil texture, see Table 1.

Table 1. Soil infiltration parameter values from soil textural classification [36].

. Silt Sand Coarse Sand Cla;
Soil Type Loam Loanf Loam Loam Y Loal)!"l
Saturated hydraulic conductivity (cm/h) 0.199 0.199 0.199 0.199 0.199
Capillary head (cm) 10.5 10.7 10.0 10.7 10.7
Porosity (m3/m3) 0.48 0.41 0.43 0.41 0.39
Pore distribution index (cm/cm) 0.234 0.378 0.252 0.378 0.242
Residual point (m3/m?) 0.015 0.041 0.027 0.041 0.075
Field capacity (m3/m?) 0.33 0.207 0.270 0.207 0.318
Wilting point (m3/m3) 0.133 0.095 0.117 0.095 0.197

Figure 2 shows the RCEW study sub-catchment SSURGO soil texture classification identified
through the process described in [38]. Table 1 shows the soil infiltration parameter values from soil
textural classification [36].

[ ] Siltloam
[ ] Sandy loam
|- Loam
B Coarse sandy loam

B Clay loam

Figure 2. Soil texture classification in the Reynolds Creek Experimental Watershed study sub-catchment.
Table 1 shows the soil infiltration parameter values from soil textural classification [36].

4.2. GSSHA (Gridded Surface Sub-Surface Hydrological Analysis) Model

The GSSHA model was developed to allow simulations of coupled surface-water/groundwater
systems. The link between the surface-water zone and the saturated groundwater zone is the area
between the two domains, referred to as the unsaturated zone, or the vadose zone. This area controls the
important fluxes of infiltration, evapotranspiration (ET), and groundwater recharge. The movement of
water in the unsaturated zone is largely vertical [39] and GSSHA was developed with a one-dimensional
(1-d) representation of the unsaturated zone.

The 1-d unsaturated vadose zone in this study is represented by two-layer Green and Ampt
model [40] with redistribution [41] as shown in Figure 3 to provide estimates of infiltration flux into
the unsaturated zone (GSSHAWIKI, 2011, http://www.gsshawiki.com, accessed on 15 December 2019).
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Figure 3. Linking surface water and ground water through soil moisture model.

Water enters the top layer soil as infiltration, and leaves the layer either as recharge to groundwater
or as evapotranspiration to atmosphere. For groundwater recharge from top layer, a unit head gradient
is assumed, so that the recharge is equal to the unsaturated hydraulic conductivity as shown by
Equation (4) [42].

- 91‘ )3+2/A (4)

-0
where

K(6) = soil moisture dependent hydraulic conductivity of the soil (m/s);
K = saturated hydraulic conductivity of the soil (m/s);

0 = water content of the soil;

O = saturated water content of the soil;

0, = residual water content of the soil; and

A = is soil distribution index.

The updated volume of water in the top soil layer is defined by the following mass balance equation:

Vol"*1 = VoI + At Acell (Inf — Rech — AE) (5)
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where

Vol™*! = the updated volume of water in the soil layer (m?);

Vol" = the volume of water in the soil layer at the time of the last update (m3);
At = the amount of time that has elapsed since the last updates (s);

Inf = the infiltration rate (m/s);

Rech = the groundwater recharge rate (m/s);

Acell = the surface area of the cell (m?);

AE = the actual evapotranspiration (m/s).

The soil moisture in each layer of a cell is computed as the updated volume of soil water in the
layer divided by the layer depth. The dynamic groundwater table at different layers controls the layer
depth and water fluxes to and from the layers. When the groundwater table is at the groundwater
unsaturated layer, the volume of water in this zone is considered part of the unsaturated zone water
but not as part of the soil layer. Fluxes are added to, or subtracted from, the groundwater to account
for the water in the unsaturated portion of the groundwater media as the water table rises and falls,
respectively. As the water table continues to rise, the bottom layer is reduced until it disappears.
The same process is repeated as the water table rises into the top layer. If only one soil layer is specified,
the process is the same. When the water table in the first layer reaches to the soil surface, infiltration
into the cell ceases and the groundwater storage term becomes unity. In this case, if the groundwater
elevation is higher than the surface-water elevation then groundwater will spill back onto the overland
flow plane as exfiltration. There is 2-d saturated groundwater later flow.

5. Results and Discussion

Rainfall event of the year 2014 was taken for the hydrological model simulations. Early fall/late
summer rainfall event of 28 September to 29 September 2014 was used for calibrating and parameter
identification of the hydrological model. The RCEW long-term observed hydrograph shows that the
base flow, ground water contribution, is at the lowest in the fall season. Most of the physics-based
hydrological models with base flow capabilities are formulated to take account of shallow groundwater
processes that link the vadose zone hydrology to surface runoff, and that makes the base flow sink
or source to stream. Similarly, the GSSHA is limited to shallow ground water. Hence to avoid
identification of incorrect calibrated parameter values the lowest base flow period, late summer/early
fall season’s event, is chosen for the hydrological model analysis.

5.1. SERVES Estimated Initial Soil Moisture

5.1.1. Verification of SERVES Estimated Soil Moisture

Figure 4 shows the comparison of SERVES estimated soil moisture with the in situ soil moisture
observed at soil moisture measurement sites in the growing season of the years 2006, 2007, 2008 and
2009 in the RCEW [4]. In Figure 4, the coefficient of determination (R?) was 0.65, the root mean square
error (RMSE) was 0.071 cm?/cm? and bias was —0.05 cm®/cm?3. Pradhan [4] also showed successful
application of the SERVES method in other regions of northwest United States.
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Figure 4. Scatter plot of observed soil moisture, at the soil moisture measurement sites in the Reynolds
Creek Experimental Watershed, with SERVES estimated soil moisture in the growing season (June
through September) of the years 2006 through 2009.

Figure 5 shows the scatter plot of the available observed soil moisture versus SERVES calculated
soil moisture in the month of September 2014 for the soil moisture measurement sites in the RCEW as
shown in Figure 1. In Figure 5, the coefficient of determination (R?) was 0.65, the root mean square
error (RMSE) was 0.07 cm3/cm? and bias was —0.02 cm3/cm?3. September of 2014 is selected in Figure 5
because in this study, RCEW GSSHA model simulation was made for the September rainfall event.

0.5

RZ= (.65
0.4 1 RMSE = 0.07 cm¥cm?
Bias =-0.02 cm¥cm?

Estimated moisture content
(em*/em?)
.

0 0.1 0.2 0.3 0.4 0.5

Observed moisture content (cm?/'cm?)

Figure 5. Scatter plot of observed soil moisture, for the soil moisture measurement sites in the
Reynolds Creek Experimental Watershed as shown in Figure 1, with SERVES estimated in the month of
September 2014.

5.1.2. Development of Soil Moisture Initial Condition

A rainfall event of 28 September 2014 was used for the parameter identification and calibration
of the hydrologic model calibration. Hence, SERVES soil moisture was estimated with the Landsat
vegetation index imageries having the satellite overpass date that was closest to the rainfall event.
The Owp and O, for the soil type shown in Figure 2 are defined in Table 1. SERVES Equation (3) was
used to estimate soil moisture and the estimated soil moisture map is shown in Figure 6.
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Figure 6. SERVES (Soil moisture Estimation of Root zone through Vegetation index-based
Evapotranspiration fraction and Soil properties) estimated soil moisture at 30 m grid scale.

5.2. Watershed Hydrological Model Development and Parameter Value Identification

5.2.1. Model Development

The hydrological model was developed with the infiltration and soil moisture accounting processes
defined in the methodology section. Pedotransfer functions estimated the soil water properties as
defined by Table 1 for the soil texture identified in Figure 2. In Table 1, except for soil hydraulic
conductivity, the source for soil physical parameter value assignments was based on [36].

Diffusive wave approach was deployed to route the generated overland runoff. The Manning’s
roughness parameter values for the routing model as shown in Table 2 were employed from the
literature [43,44]. The land-use types defined in Table 2 are from Figure 4

Table 2. The Manning’s roughness parameter values for the routing model.

Land Use Type Manning’s Roughness Value
Open space 0.09
Low intensity development 0.05
Evergreen forest 0.25
Shrub/scrub 0.45
Grassland 0.4
Herbaceous wetlands 0.15

Two dimensional (2-d) overland flow, 1-d stream flow, 1-d infiltration are fully coupled with
2-d groundwater. In GSSHA, only the surficial aquifer is simulated, so the saturated groundwater
domain is down to the first confining layer in the subsurface. The unsaturated zone domain is any
soil above the saturated zone. The unsaturated domain is dynamic in both space and time and can
vary from no domain (groundwater table is at or above the soil surface) to the depth of the surficial
aquifer, depending on groundwater conditions. Higher elevations of the Reynolds Creek Experimental
Watershed are underlain by basalt and latite [45]. Soils derived from basalt and latite tend to be
deeper, with higher organic matter content and finer texture [45]. Therefore, to account for the deeper
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unsaturated, saturated groundwater soil horizon, the bedrock in the model is conceptually set at
20 m deep. Flerchinger et al. [46] shows that the observed water table in the subwatershed of RCEW
fluctuates tens of meters in a year with maximum level in the summer season and minimum in the fall
season. Hence to conceptually allow for increasing limit of the watertable in the summer and also to
set a minimum water table level from the confining layer, the groundwater table is set at 2 m above the
bed rock and the model was allowed to spin up without rain to equilibrate and settle this water table.
The settled water table at the end of the spin up period was then deployed as the initial condition.

5.2.2. Model Calibration

In previous GSSHA model calibrations [30-33], parameter values were adjusted manually to
achieve an acceptable fit to the observed hydrograph with parameter values bounded by physical
understanding and the experience with the model. This study undertook a similar manual calibration
approach for the event of 28 September 2014. Hydraulic conductivity in Table 1 was manually calibrated.

Calibration of the distributed GSSHA hydrologic model is greatly simplified by allocating key
dominant parameters for calibration and by directly assigning the values for the rest of the parameters
based on soil and land-use classification. Such a direct assignment of parameter values require the
physical basis of the hydrological processes along with the knowledge and experience of the model.

GSSHA implements Manning’s equation to relate surface roughness to flow rate, in which case the
hydraulic roughness is represented by the Manning’s roughness coefficient, n [47]. For each land-use
type shown in Figure 7, a Manning’s roughness coefficient was calibrated within the range of physical
values. Table 2 lists the calibrated Manning’s roughness coefficients in the study area.

Open space

Low intensity development
Evergreen forest
Shrub / scrub
Grassland
Herbaceous wetlands

g5

Figure 7. Land cover types in the study area.

Nash-Sutcliffe efficiency maximization was the objective function in the model performance
optimization. The Nash—Sutcliffe efficiency obtained in Figure 8 is 62%.
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Figure 8. Calibration and parameter value identification.

5.3. Disparity in Parameter Identification Scale and Moisture Initial Condition Application Scale

5.3.1. Resampling of Initial Soil Moisture

The 30 m initial soil moisture map shown in Figure 9a is resampled to 4.5 km and 9 km grid
resolution as shown in Figures 9b and 9c. From Figure 9 it is clear that resampling into coarser grid
resolution, the finer soil moisture information is completely averaged out. The resampled 4.5 km and
9 km grid resolution was divided back to 30 m grid resolution without disaggregating the values and
was used individually as initial condition input with the same parameters, Tables 1 and 2, identified by
30 m resolution initial soil moisture input as shown in calibration Figure 8.

Volumetric soil moisture content (cm®/em®)
I 0.09 to 0.16
[ 0160019
[ ]019tw0.23
B 0.23t00.27
Bl 027 t00.33

(a) 30m resolution (b) 4500m resolution (c) 9000m resolution

Figure 9. Resampling the 30 m initial soil moisture map(a) into 4.5 km(b) and 9 km(c) grid resolutions.

5.3.2. Inconsistency in Simulated Discharge

With the same parameter values identified at 30 m initial soil moisture input resolution and
applying the coarser resolution initial soil moisture resulted in significant underestimation in the
output simulated discharge as shown in Figure 10. In Figure 10, the Nash—Sutcliffe efficiency for
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simulated discharge with 4.5 km is 35% and that for 9 km is 25%. This shows that there is inconsistency
in model output discharge when the model parameter identification scale of initial soil moisture does
not match with the model application scale of initial soil moisture.

0 5 10 15 20 25 30 35
0 L L L \-/I L L
= V
S5
2Z, |
=3
5 E
2 E3 1
[-™
4 -
5
0.12
= Observed
0.1 - e
Initial soil moisture at 30-m
—_ resolution
K4 0.08 - — = Initial soil moisture resampled
£ to 4.5-km
e 0.06 - Initial soil moisture resampled
po to 9-km resolution
<
,-‘:) 0.04 -
= 0.02 | ——
0 T
0 5 10 15 20 25 30 35

Time (hours, starting at 1 AM, 29 Sep. 2014)

Figure 10. Comparison of simulated discharges at different initial soil moisture input resolution but
with same parameter values identified at finer initial soil moisture input resolution.

5.3.3. Inconsistency in the Parameter Values

Figure 10 shows the inconsistency in the simulated discharges at different initial soil moisture
input resolution but with same parameter values identified at finer initial soil moisture input resolution.
It was found that the consistency in the simulated discharge can be regained if the parameter values
are re-calibrated or identified for the initial moisture resolution. As soil moisture is a state of the soil
condition, this study identified that re-calibrating the soil hydraulic conductivity regained consistency
in the simulated discharge. The calibrated hydraulic conductivity values decreased by 8.0% and 13%,
as shown in Table 3, for 4.5 km and 9 km moisture input resolution respectively in comparison to the
calibrated hydraulic conductivity values identified at 30 m moisture input resolution. In Table 3, the
resolution factor is the resampled grid resolution, which is 4.5 km and 9 km in this example, to the
original soil moisture input resolution, which is 30 m in this example.

Table 3. Resolution of the initial soil moisture condition and its” effect on the calibrated soil hydraulic

conductivity parameter value.

Soil Moisture Resolution Factor % Decrease in the Hydraulic Conductivity Calibrated Value

150 8.0
300 13.0

Figure 11. shows that the same 62% NS efficiency was obtained when the hydraulic conductivity
was decreased as shown in Figure 10.
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0.15
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E km resolution
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—— ]|
30 40

Time (hours, starting at 1 AM, 29 Sep. 2014)

Figure 11. Recalibrated hydrographs with resampled initial soil moisture.
Readjustment of Either Hydraulic Conductivity Value or Soil Moisture Value

In an infiltration process, Green and Ampt-based infiltration in this case, infiltration rate is a
function of soil moisture deficit and soil hydraulic conductivity. Increasing soil moisture deficit increases
the infiltration. Increasing soil hydraulic conductivity also causes the infiltration rate to increase.

Soil moisture deficit, AG, is defined as:

AO = 0; -0 (6)
where, 0; is saturated water content of the soil, and 0 is the water content of the soil.

Figure 9 shows that higher values of the soil water content is completely filtered out at 9 km initial
soil moisture input resolution. The value of this uniform soil moisture in Figure 9c was 0.1893 cm?/cm?.
Increasing this uniform soil moisture to 0.247 cm3/cm3 reproduced the simulated discharge with the
same 62% Nash-Sutcliffe efficiency. This is because increasing the soil moisture reduced the soil
moisture deficit which in turn increased the infiltration rate. Figure 12 shows the difference in the
simulated cumulative infiltration with 0.245 cm3/cm? initial soil moisture and that of 0.1893 cm?/cm?3
initial soil moisture.

2.5
£ ;\? — When soil moisture was increased from 0.1893
g = 21 L\ cu. cm/ cu. cm to 0.247 cu. cm/cu. cm
X
g g I\ e
£ = 1.5 4 With initial soil moisture of 0.1893 cu. cm/cu. cm
= a‘«E | 1\ and decreasing the saturated hydraulic
e 1 conductivity by 13%.
S =z
£ 2 I\
5 E0.5 -
S E I\
o ‘ — — — — — — — — — — —
0 ' L) L) L) L) L) L) L)
0 5 10 15 20 25 30 35 40

Time (hours, starting at 1 AM, 29 Sep. 2014)

Figure 12. Reproducing similar infiltration amount.
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According to Equation (4), soil hydraulic conductivity is a function of soil moisture content. If soil
moisture is lower, the soil hydraulic conductivity decreases. In fact, a decrease in the soil hydraulic
conductivity decreases the infiltration rate, as defined by the Green and Ampt infiltration process.
But this decrease in the soil hydraulic conductivity in Equation (4) alone could not compensate for the
increment in the infiltration rate due to a decrease in the soil moisture value at a coarse resolution,
9 km. In this case, it was found that, to compensate for the increase in the infiltration rate due to
coarser initial soil moisture input resolution, the saturated hydraulic conductivity needed to decrease.
Therefore, the difference of the cumulative infiltration rate with and without the 13% decrease in the
saturated hydraulic conductivity for 0.1893 cm®/cm? initial soil moisture at 9 km resolution, in Table 3,
produced the similar cumulative infiltration difference with 0.245 cm?/cm? initial soil moisture and
that of 0.1893 cm3/cm3. This makes it clear that to achieve scale invariant discharge from a coarser
resolution initial soil moisture input resolution, 9 km in this case, either the initial soil moisture value
needs to be increased or the saturated hydraulic conductivity needs to be decreased. Figure 13 shows
that the 62% Nash-Sutcliffe efficiency in the simulated hydrograph was achieved with either 13%
decrease in the saturated soil hydraulic conductivity or with readjustment of the soil moisture from
0.1893 ecm?/cm? to 0.247 cm®/em?.

0.15

‘When soil moisture was increased
from 0.1893 cu. cm/ cu. cm to
0.247 cu. cm/cu. cm

With initial soil moisture of
\ 0.1893 cu. cm/cu. cm and
\ decreasing the saturated hydraulic

0.05 conductivity by 13%.

Discharge (m?/s)

I N

— oy
e E———

0 a— T T T
0 10 20 30 40

Time (hours, starting at 1 AM, 29 Sep. 2014)

Figure 13. Reproducing similar hydrograph with 62% Nash-Sutcliffe efficiency.

Although there are various sources and resolutions of remotely sensed soil moisture data, the
analysis in this section provides an option on how to compensate the effect of disparity in the parameter
value identification scale of the initial soil moisture and the parameter value application scale of the
initial soil moisture.

5.3.4. Inconsistency in the Distribution of Simulated Soil Moisture State

As shown in Figure 11, changing the parameter values of the soil hydraulic conductivity corrected
the simulated discharge. The analysis was extended to determine the resolution effect of initial soil
muoisture condition on the simulated soil moisture state as shown in Figures 14 and 15. Further research
was undertaken to see the effect of the readjustment of the soil hydraulic conductivity, for correcting
the simulated discharge, in the simulated soil moisture state as shown in Figures 14 and 15.
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Volumetric soil moisture content (cm/cm?)
[ <037
] 0.37t00.40
[ 0.40t0 0.43
Bl >0.43

¢) From initial soil moisture of 9-km
resolution and with recalibration of
soil hydraulic conductivity.

a) From initial soil moisture of 30-m
resolution.

b) From initial soil moisture of 9-km
resolution and without recalibration
of soil hydraulic conductivity.

Figure 14. Simulated soil moisture state at the peak of the hydrograph. (a) from initial soil moisture
of 30-m resolution; (b) from initial soil moisture of 9-km resolution and without recalibration of soil
hydraulic conductivity; (c) from initial soil moisture of 9-km resolution and with recalibration of soil
hydraulic conductivity.

= 1.000 e From initial soil
g 0.990 moisture at 30-m
= 0.980 resolution
"
g 0.970
‘5 0.960 From initial soil
S 0.950 moisture at 9-km
= resolution and
£ 0940 without re-calibration
é 0.930

0.920 From initial soil

0.4 042 044 046  Moistureat9-km

resolution and with
Soil moisture (cm’/cm’) re-calibration

Figure 15. Cumulative distribution frequency of the simulated soil moisture state at the peak of
the hydrograph.

Figures 14 and 15 show the comparison of the simulated soil moisture state from 30 m and
9 km—available satellite-based digital soil moisture data are at a resolution of 9 km and above—with
the initial soil moisture condition.

Figure 14a is the soil moisture state at the peak of the event of Figure 11 obtained from the
hydrologic model simulation from 30 m resolution initial soil moisture condition. Figure 14b is the soil
moisture state at the peak of the event of Figure 11 obtained from the hydrologic model simulation
from 9 km resolution initial soil moisture condition and with the same hydrological model parameter
values as that in Figure 14a. Figure 14b shows the soil moisture of higher values is filtered out in
comparison to that in Figure 14a. In Figure 15, the solid black line represents the cumulative soil
moisture distribution of Figure 14a and the grey dotted line represents the cumulative soil moisture
distribution of Figure 14b. The comparison of these cumulative distributions makes it clear that the
higher values of the simulated soil moisture state is filtered out when coarser resolution soil moisture
initial condition is applied.

Figure 14c and the solid grey line in Figure 15 is the simulated soil moisture after adjusting the soil
hydraulic conductivity to correct the discharge simulation as shown by the solid grey line in Figure 11.
It is clear the readjustment of the soil hydraulic conductivity in Figures 14c and 15 helped to regenerate
the filtered higher valued soil moisture state. This regeneration of the filtered soil moisture value,
especially when directly applying coarse resolution satellite soil moisture data, by readjustment of the
hydrological model soil parameter, soil hydraulic conductivity, could be an indirect soil moisture state
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scaling approach. The term indirect is employed because of the fact that the scaling in the soil moisture
state is undertaken through the adjustment of the model parameters.

6. Conclusions

Impacts such as those due to climate change cross multiple spatial scales from local to regional
to global. Hydrological studies for planning, design and construction under such impacts also cross
multiple spatial scales from local to regional to global. Therefore, a single high-resolution soil moisture
input is not always feasible for a large-scale hydrological analysis. This study evaluated effective
root zone soil moisture input data resolution effects on the consistency of physics-based, distributed
hydrological model infiltration parameterization and simulation results. Satellite-based SERVES
30 m hill-slope scale resolution soil moisture estimates were used for calibration of the distributed
hydrological model. As the initial soil moisture was resampled to 4.5 km and then to 9 km resolution,
the hill-slope soil moisture variability was lost due to spatial averaging. Ultimately, this averaging
resulted in a lower effective value of the initial root zone soil moisture. Model calibration, parameter
identification, and simulation performance of the physics-based distributed hydrological model was
made with hill-slope scale, 30 m resolution, initial soil moisture condition. The simulations were
repeated with resampled soil moisture initial condition resolutions of 4.5 km and 9 km. The GSSHA
model was deployed to drive physics-based distributed watershed hydrological simulations of rainfall
and runoff events in which the topographic and computational model grid resolution was fixed at 30 m
for all of the initial soil moisture input scenarios. For all of the initial soil moisture input resolution
scenarios, the comparison and analysis were performed for the consistency of the parameter identified
values, the discharge output performance, and the distribution of the hydrological model simulated
distributed soil moisture state. It was found that by changing the input resolution of the initial
soil moisture condition to coarser grid scale would produce significantly underestimated discharge
and overestimated infiltration rate/volume with filtered out higher soil moisture state distribution
when simulated with hydrological model parameters calibrated/identified at finer resolution initial
soil moisture resolution. The inconsistency and underestimation in the simulated discharge, due to
application of the coarse-resolution soil moisture initial condition, was recovered by recalibration of the
model that decreased the soil hydraulic conductivity parameter value. The recalibration/readjustment
of the soil hydraulic conductivity value was found to compensate for the inconsistency in the simulated
discharge and infiltration rate and regenerate the filtered out higher soil moisture state distribution.
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