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Abstract: This paper presents the simulation results obtained from a physically based surface-
subsurface hydrological model in a 5730 km2 watershed and the runoff response of the physically
based hydrological models for three methods used to generate the spatial precipitation distribution:
Thiessen polygons (TP), Co-Kriging (CK) interpolation and simulated annealing (SA). The Hydro-
GeoSphere model is employed to simulate the rainfall-runoff process in two watersheds. For a large
precipitation event, the simulated patterns using SA appear to be more realistic than those using the
TP and CK method. In a large-scale watershed, the results demonstrate that when HydroGeoSphere
is forced by TP precipitation data, it fails to reproduce the timing, intensity, or peak streamflow values.
On the other hand, when HydroGeoSphere is forced by CK and SA data, the results are consistent
with the measured streamflows. In a medium-scale watershed, the HydroGeoSphere results show a
similar response compared to the measured streamflow values when driven by all three methods
used to estimate the precipitation, although the SA case is slightly better than the other cases. The
analytical results could provide a valuable counterpart to existing climate-based drought indices by
comparing multiple interpolation methods in simulating land surface runoff.

Keywords: HydroGeoSphere; Thiessen polygon; Co-Kriging; simulated annealing; rainfall-runoff process

1. Introduction

In the past decades, hydrological models have been developed to simulate hydrologi-
cal variables and water cycles [1]. It is an open issue whether these models are suitable to
capture hydrological drought, in terms of soil moisture, runoff, and evaporation. Compared
to soil moisture and evaporation, runoff is closer to being a verified product from models [2].
Therefore, using runoff-based indexes such as standardized runoff index (SRI) to analyze
drought behavior is a reliable way to be applied in hydrological drought researches. As to
runoff simulation, several articles have discussed the use of physically based hydrological
models to simulate the hydrologic response of surface and subsurface systems to transient
precipitation events. Significant progress has been achieved in improving the accuracy and
efficiency of physically based hydrological models, especially in the last ten years. Many
researchers have exceeded the goals outlined in the Freeze and Harlan [3] blueprint, and
there has been several comprehensive physically based hydrological models developed
such as InHM [4], MODHMS [5,6], and HydroGeoSphere [7,8], to name a few, although
applications were limited to small sub-basins or experimental field sites [4,9–13]. When
applying a physically based hydrological model to a large watershed (Area > 1000 km2),
there are still many issues that need to be addressed.

For a large watershed, a lumped model or a semi-distributed hydrological model is
often employed to simulate the rainfall-runoff process [14], because it is a simple approach
that usually requires fewer input parameters, generally runs in less CPU time than a
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physically based hydrological model, and is easy to understand. As such it has become
a popular tool for flood forecasting as one example. However, the physically based
hydrological models offer many advantages when compared to lumped models, such as
analyzing the spatial variability of precipitation, infiltration, etc. These problems are of
increasing concern to scientists and planners [15]. However, it is a challenging problem
to determine how a physically based hydrological model can be used in large watersheds
(Area ≥ 1000 km2) when driven by uncertain precipitation patterns over large areas.

Recently, there have been some physically based hydrological models applied to
medium-sized watersheds, such as by Jones, Sudicky [16] (area: 75 km2), Li, Unger [15]
(area: 285.6 km2), Goderniaux, Brouyre [17] (area: 480 km2). When the basin is relatively
large (over thousands of square kilometers) many issues need to be considered when
physically based hydrological models are used to simulate the rainfall-runoff process,
including (1) uncertainty in the model output arising from uncertainty in the input data
(measurement and interpolation errors) and in the models themselves (conceptual, logi-
cal, mathematical, and computational errors) and (2) the limited computational capacity
available to many users. The growing trend of model complexity, data availability, and
physical representation has always pushed the limits of computational efficiency, which in
turn has limited the application of physically based hydrological models to small domains
and for shorter durations [18]. To our knowledge, the use of a fully integrated physically
based hydrological model to simulate the rainfall-runoff process over thousands of square
kilometers is rare.

In a fully integrated, distributed hydrological model, the high-precision precipitation
data are the key input that drives the hydrologic process, but if the watershed gauge site is
scarce, remote sensing precipitation product is coarse, it is very important to get the high
precision precipitation product using the interpolation method to improve the accuracy of
the rainfall-runoff process simulation.

Currently, the most widely used method for obtaining the spatial distribution of pre-
cipitation involves the interpolation of observed precipitation data coupled with additional
information obtained from topography, satellite, and radar data [19–23].

Bárdossy and Pegram [23] compared four measures of interpolation quality and they
find that a copula-based method is better than the ordinary and external drift Kriging
method for monthly and daily scales. Similarly, several studies have demonstrated that the
inverse distance weighted (IDW) method is one of the most used deterministic interpola-
tion methods to reproduce rainfall fields [24–27]. For hourly scale, Moulin and Gaume [28]
investigated the interpolation uncertainty of hourly precipitation amounts. They proposed
an error model that considers the temporal dependence of the errors. Further, and signifi-
cantly, they conclude that precipitation uncertainty is possibly the most important source
for rainfall/runoff model errors.

A number of authors evaluated the performance of Kriging in the mapping of precipi-
tation [29–31], finding good performance of this interpolator based on small mean error
generated by the cross-validation, and on the strong spatial dependence presented by the
semivariograms.

The disadvantage of interpolation is the loss of variability, i.e., small values will be
over-estimated and large values will be under-estimated [32], which may result in relatively
large errors, particularly in flood forecasting where extreme rainfall values determine the
model output. Therefore, in such situations, the spatial stochastic simulation of a random
variable (e.g., by Gaussian sequential simulation, turning bands method, simulated annealing,
etc.) is usually employed to generate the spatial precipitation distribution [32,33].

So, an understanding of the impact that various precipitation interpolation methods
have on the performance of the physically based hydrological model is very important.
Moreover, the comparative use of alternative interpolation methods to estimate rainfall as
input for a physically based hydrological model has been very little studied [12,31,34].
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In this paper, the main objective is to study the response of the HGS (HydroGeoSphere)
model to different spatial precipitation interpolation methods. The HGS model will be
applied to the Shiguan River basin of China.

2. The Study Area

The Shiguan river basin (Figure 1) is located in the southern part of the Huai River
Basin and is a closed basin. The catchment area is approximately 5730 km2 and Jiangji is
the basin outlet. The basin slopes from south to north with the elevation changing from
1536 to 18.7 m over a horizontal extent of about 128 km. It is an important tributary of
the Huai River and originates from the northern slope of the Dabie Mountain in the south
Huai River Basin. The river system has two major tributaries: the Shi River to the east
and the Guan River to the west, and they merge near the Jiangji outlet (Figure 1). The two
tributaries are regulated by the Meishan and Nianyushan reservoirs that have watershed
areas of 1970 and 924 km2 respectively, with corresponding travel distances of 88 and 89 km
from the reservoir outflow point to the Jiangji outlet.

Water 2021, 13, x FOR PEER REVIEW 3 of 19 
 

 

Moreover, the comparative use of alternative interpolation methods to estimate rainfall as 

input for a physically based hydrological model has been very little studied [12,31,34]. 

In this paper, the main objective is to study the response of the HGS (HydroGeo-

Sphere) model to different spatial precipitation interpolation methods. The HGS model 

will be applied to the Shiguan River basin of China. 

2. The Study Area 

The Shiguan river basin (Figure 1) is located in the southern part of the Huai River 

Basin and is a closed basin. The catchment area is approximately 5730 km2 and Jiangji is 

the basin outlet. The basin slopes from south to north with the elevation changing from 

1536 to 18.7 m over a horizontal extent of about 128 km. It is an important tributary of the 

Huai River and originates from the northern slope of the Dabie Mountain in the south 

Huai River Basin. The river system has two major tributaries: the Shi River to the east and 

the Guan River to the west, and they merge near the Jiangji outlet (Figure 1). The two 

tributaries are regulated by the Meishan and Nianyushan reservoirs that have watershed 

areas of 1970 and 924 km2 respectively, with corresponding travel distances of 88 and 89 

km from the reservoir outflow point to the Jiangji outlet. 

Climatologically, the basin lies in the warm semihumid monsoon region. The sub-

basin exhibits a diversified natural topography, land surface cover, soil texture, hydroge-

ology, hydrology, and climatology. Precipitation mainly occurs in the period from mid-

May to mid-October, and basin-wide flooding is common during the rainy season and is 

caused by anomalies of the Meiyu front, which is in turn influenced by the South Asian 

monsoon. However, this area often suffers from drought events in flood season (June to 

September), hence the variation of runoff could help for local agricultural management, 

i.e., drought monitoring and irrigation strategies. 

 

Figure 1. Location of the Shiguan river basin. 

Soil types in the mountainous upstream region are predominantly anthrosols (paddy 

soils), luvisols (brown soil), semi-hydromorphic soils (cinnamonic soil, black soil), entisols 

(soils whose parent materials are weathered rock, alluvium, or artificial heap pad materi-

als), and saline soils. Soil types in the lowland downstream region area mainly paddy soils 

derived from Quaternary-aged lacustrine deposits. The China regional soil type classifi-

cation database developed by the Institute of Soil Science, Chinese Academy of Sciences 

(http://vdb3.soil.csdb.cn/, last accessed date: 28 May 2021) is used to determine the soil 

Jiangji

Nianyushan

Huangnizhuang

Meishan

Hydrological Station

Rain Gauge

Reservoir

River

Figure 1. Location of the Shiguan river basin.

Climatologically, the basin lies in the warm semihumid monsoon region. The sub-basin
exhibits a diversified natural topography, land surface cover, soil texture, hydrogeology,
hydrology, and climatology. Precipitation mainly occurs in the period from mid-May to
mid-October, and basin-wide flooding is common during the rainy season and is caused
by anomalies of the Meiyu front, which is in turn influenced by the South Asian monsoon.
However, this area often suffers from drought events in flood season (June to September),
hence the variation of runoff could help for local agricultural management, i.e., drought
monitoring and irrigation strategies.

Soil types in the mountainous upstream region are predominantly anthrosols (paddy
soils), luvisols (brown soil), semi-hydromorphic soils (cinnamonic soil, black soil), enti-
sols (soils whose parent materials are weathered rock, alluvium, or artificial heap pad
materials), and saline soils. Soil types in the lowland downstream region area mainly
paddy soils derived from Quaternary-aged lacustrine deposits. The China regional soil
type classification database developed by the Institute of Soil Science, Chinese Academy of
Sciences (http://vdb3.soil.csdb.cn/, last accessed date: 28 May 2021) is used to determine

http://vdb3.soil.csdb.cn/
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the soil type and soil parameters in the basin, shown in Figure 2. Soil thickness data comes
from the book “Chinese soil species records” Volume 1–6. The CK method was used to
interpolate a continuous soil thickness distribution over a grid of 1 × 1 km2 resolution.
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Figure 2. Land use characteristics, soil types, and hydrogeology types within the Shiguan river basin.

The Shiguan river basin has been subdivided into four unique zones of hydrogeologic
significance, as shown in Figure 2. The China regional hydrogeology classification database,
developed by the Ministry of Geology and Mineral Resources of P.R. China (http://www.
ngac.cn/, last accessed date: 28 May 2021) was used to determine the hydrogeologic type
and parameters in the basin.

A digital elevation model (DEM) from the ASTER Global Digital Elevation Map is
used to set up the flow routing network over the sub-basin. The University of Maryland
1-km Global Land Cover Classification data together with the look-up table in [35,36] are
used to create the land use type data.

The intensive operating period of the Huai river basin experiment of the global energy
and water cycle experiment of the Asian monsoon experiment was carried out mainly
over the Shiguan river basin during the summers of 1998 and 1999 [37–39]. The intensive
operating period data are provided by the Information Center of the Chinese Ministry of
Water Resources. There are 48 rain gauges (Figure 1) covering the Shiguan river sub-basin
and a long-term flux monitoring station located at Shouxian. Streamflows were measured
at the Jiangji and Huangnizhuang hydrology stations. The precipitation was measured
every hour, while streamflow was observed every three hours. The HGS model was a
spin-up model. The spin-up period was from 1 May 1998 to 31 August 1998. The simulated
period begins on May 1 and ends on 30 August 1999. The rainfall drive is hourly scale data,
and the model outputs are hourly scale data too. Runoff observations are 3 h scale data.
Rainfall-driven data are hourly, and the model outputs hourly data. Runoff observations
are 3 h scale data.

The spatial precipitation data used to drive the transient hydrological model comes
from three methods: (1) average value using TP rules for the 48 gauge stations (TP method);
(2) spatial interpolation precipitation using CK for the 48 gauge stations for a 5 × 5 km2

resolution (CK method); (3) the simulated spatial precipitation distribution for a 5 × 5 km2

resolution using the simulated annealing algorithm (SA method).
In addition, the Shiguan river basin’s upstream Huangnizhuang portion (area: 808 km2)

was also selected to study the impact of the rainfall distribution methods on a medium-scale.

3. Methodology
3.1. The Physically Based Hydrological Model

A hydrological model was performed with the HGS hydrological model [7,15,16,40].
HGS simulates an integrated system of 3D variably saturated groundwater flow in porous
and/or discretely-fractured porous media coupled with 2D overland flow over the land sur-

http://www.ngac.cn/
http://www.ngac.cn/
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face. A detailed description of the mathematical basis of HGS can be found in Therrien and
Sudicky [41] (subsurface flow); VanderKwaak and Loague [4]; Panday and Huyakorn [6]
(surface flow); Panday and Huyakorn [6] (evapotranspiration); Aquanty-Inc [7] (compre-
hensive user guide).

3.2. Discretisation, Boundary Conditions, and Computational Process

A three-dimensional finite element mesh, composed of 11 layers of six-node triangular
prismatic elements was generated (Figure 3). The elements have lateral dimensions equal
to approximately 500 m on average, but the lateral dimensions are variable because an
unstructured mesh is used. For example, in rivers and reservoirs, the mesh is refined such
that element sides do not exceed a length of 100 m. The top layer of nodes, defined by the
DEM, represents the soil surface. We assume that the base of the domain is an impermeable
boundary and is defined in the model as a flat plane.
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Subsurface formations are discretized using 11 finite element layers. The top five
layers are distributed uniformly over the first 1 m below the ground surface, with each
layer having a thickness of 0.2 m. The vertical thickness of these layers is relatively small
so that the exchange of soil moisture between layers can be more accurately described. In
the upper 0–2 m of the domain, in addition to the movement of soil moisture, plant-water
root uptake processes are also accounted for.

The thickness of the remaining lower layers is evenly distributed between the fifth
and bottom layers. The physical parameters of each layer are taken from local observa-
tions or are derived from the literature. The CK interpolation method is employed to
interpolate values at every node. The key parameters are calibrated according to the ob-
served groundwater heads. The ground surface is used to define the 2D surface flow grid
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(Figure 3), and the elevation of each surface node is calculated from a DEM raster file with
a 30 m resolution. The total number of surface nodes is 53,607. The total number of surface
elements is 105,601.

The zero-flux boundary condition is applied to the subsurface nodes belonging to the
western, southern, eastern, and bottom boundaries. Cauchy conditions (head-dependent
flux) are applied on the subsurface nodes along the Jiangji outlet (northern boundary) to
take into account groundwater losses in the direction of the adjacent catchment located
north of the Shiguan river basin. No-flow Neumann boundary conditions are applied
along naturally occurring hydrologic limits of the Shiguan river basin for the surface flow
domain. Critical-depth boundary conditions are prescribed at the nodes corresponding to
the catchment outlet, at the location of the Jiangji gauging station.

In the subsurface domain, the hydraulic head and the Darcy flux are computed at
each node. In the surface domain, the water depth and the fluid flux at each node in
the 2D grid are calculated at each time step. The Newton–Raphson method is used to
solve the system of nonlinear equations [5]. The fully-integrated set of nonlinear discrete
equations is linearized using Newton–Raphson schemes and is solved simultaneously
in an iterative fashion at every time step. The Newton–Raphson technique is used to
linearize the nonlinear equations arising from the discretization of variably saturated
subsurface or surface flow equations. The method is described in [6] and is reproduced
here to demonstrate the advantage of using the control volume finite element approach
over a conventional Galerkin method. A Newton–Raphson linearization package provides
improved robustness. The hydrologic parameters required in the HGS model are listed in
Table 1.

Table 1. Parameters used in the flow model.

Subsurface Domain Meaning Unit

K Saturated hydraulic conductivity LT−1

φ Porosity -
Ss Specific storage L−1

α van Genuchten parameter -
β van Genuchten parameter L−1

Swr Residual water saturation -
Surface domain

le Coupling length L
nx Manning roughness coefficient L−1/3T
ny Manning roughness coefficient L−1/3T

Evapotranspiration
Le Evaporation depth L

θe1 , θe2 Evaporation limiting saturations -
LAI Leaf area index -
Lr Root depth L

C1, C2, C3 Transpiration fitting parameters -
θwp , θ f c, θ0, θan Transpiration limiting saturations -

Cint Canopy storage parameter L

Water exchange fluxes between the corresponding surface and subsurface nodes are
calculated from the hydraulic head differences between the two domains multiplied by a
leakance factor characterizing the properties of the surface soil. The model of Kristensen
and Jensen [42] is used to calculate the actual transpiration TP and actual evaporation EP.

3.3. Spatially-Distributed Precipitation Patterns

Three methods, TP, CK and SA, were used to generate spatially-distributed precipita-
tion patterns over the Shiguan river basin using the data from the 48 rainfall gauges. TP is
one of the most widely used and the simplest geostatistical method for spatial rainfall [43].
It calculates the weight of each rain gauge according to the rain gauge location to create
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a polygon network, and applies the gauge rainfall quantity over the polygon area. The
weights of rain gauges are calculated according to the rain gauge location.

The Thiessen polygon approach is probably the most common method used in hy-
drometeorology for determining average precipitation (or snow) over an area when there
is more than one measurement. The basic concept is to divide the watershed into several
polygons, each one around a measurement point, and then take a weighted average of the
measurements based on the size of each one’s polygon, i.e., measurements within large
polygons are given more weight than measurements within small polygons.

In the study, a Thiessen polygon based on 48 rain gauge stations was defined, resulting
in 21 areas of various sizes within which precipitation is assumed uniform. The precipita-
tion amount for each rain gauge was corrected using actual gauge catch corrections.

CK is an extension of ordinary Kriging to situations where two (or more) variables
are spatially intercorrelated. In this paper, only one covariable (DEM) is used [44]. Co-
Kriging is a weighted average of observed values of the primary variable Z1 (the variable
of immediate interest, e.g., precipitation) and the Co-variable Z2. The estimated value of
the primary variable at location X0 is:

Ẑ1(X0) =
N1

∑
i=1

λ1iZ1(X1i) +
N2

∑
j=1

λ2jZ2
(
X2j
)

(1)

where N1 and N2 are the number of neighbor of Z1 and Z2; λ1i and λ2i are the weights
associated to each sampling point. The weights are chosen to minimize the Co-Kriging
variance by solving the Co-Kriging system

N1

∑
i=1

λ1iγ11
(
X1i, X1j

)
+

N2

∑
i=1

λ2iγ12
(
X1i, X1j

)
+ ψ1 = γ11

(
X10, X1j

)
, j = 1, . . . . . ., N1 (2)

N1

∑
i=1

λ1iγ12
(
X1i, X2j

)
+

N2

∑
i=1

λ2iγ22
(
X2i, X2j

)
+ ψ2 = γ12

(
X10, X2j

)
, j = 1, . . . . . ., N2 (3)

N1

∑
i=1

λ1i = 1 ,
N2

∑
i=1

λ2i = 0 (4)

where γ11 and γ22 are auto-semivariograms, γ12 is the cross-semivariogram, ψ1 and ψ2 are
Lagrange multipliers.

The auto- and cross-semivariograms are used the same semivariogram model (i.e.,
exponential model):
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Range, sill and nugget in Equation (5) are simulated using the observed data. The

nugget effects and partial sills must satisfy Ci1Ci2 > C2
i12, for i = 0, 1, where C01 and

C02 are the nugget effects for variable Z1 and Z2, C11 and C12 are the partial sills for
variable Z1 and Z2, and finally C012 and C112 are the nugget effect and partial sill for the
cross-semivariogram. The Co-Kriging variance at the location X0 is given by:

σ2(X0) =
N1

∑
i=1

λ1iγ11
(
X10, X1j

)
+

N2

∑
j=1

λ2jγ12
(
X10, X2j

)
+ ψ1 (6)
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where γ11 is auto-semivariograms, γ12 is the cross-semivariogram and ψ1 ψ2 are Lagrange
multipliers. λ1i and λ2j are the weights associated with each sampling point.

Simulated annealing (SA) is a generic probabilistic meta-algorithm for the global
optimization problem. It was first introduced by Kirkpatrick, Gelatt [45]. In this pa-
per, the simulated annealing method is employed for minimizing the objective function
(Equation (6)). The energy of the annealing process is given by the value of the objective
function (Equation (6)) and the temperature T [46].

1. The initial weight coefficient.
2. The energy is given by the objective function (Equation (6)), Oold = σ2

0 .
3. The initial temperature is determined as: T0 = 1000σ2

0 , where T0 are the initial
temperature and some parameters are selected (Figure 4).

4. The initial configuration is perturbed by randomly selecting one from the rain gauges
and the DEM locations, and the objective function is calculated.

5. Let ∆OF = Onew − Oold. If ∆O ≤ 0, the new configuration is accepted because the
objective function has been minimized. However, if ∆O > 0, the new configuration is

accepted with probability acceptation criterion, e
−∆O

Tk and n = n + 1. If n < N, step 4
is applied again.

6. The temperature is decreased at a certain amount, Tk+1 = R · Tk, 0 < R < 1 and step 4
is applied again.

7. The running of the simulation process is defined by steps 4–6 continues until:

i. A number of prefixed numbers of iterations are reached;
ii. At a given constant T none of the numbers of new configurations have been accepted;
iii. Changes in the objective function for various consecutive T steps are slight.

3.4. Calibration Procedure

An HGS model simulation requires the user to supply values for many physical
parameters and an initial condition (groundwater hydraulic heads and surface water
elevations) for a subsequent transient simulation. In this paper, the main parameters were
obtained from the literature, field experiments, and optimization methods. The initial
conditions are obtained from the steady-state simulation and spin-up process. Several
steps are involved to determine the input parameters and to provide the initial condition.

Step 1. Parameters from references. In the surface flow domain, the Manning rough-
ness coefficients (nx, ny) were assigned based on soil and land use maps. Five categories
of land use, namely ‘beach’, ‘rural’, ‘dry land, ‘grass’, and ‘forest’ have been identified
and roughness coefficient values were obtained from [16]. The surface-subsurface do-
main coupling length was assumed constant [15,17]. The parameters used to calculate the
actual evapotranspiration [42] were taken from the literature for the various land-use cate-
gories [15,47]. During the simulation period, we assume a constant value for LAI. Values
for the empirical transpiration fitting parameters C1, C2 and C3 as well as for the canopy
storage interception Cint were taken from Kristensen and Jensen [42] and Li, Unger [15].

Step 2. Parameters from experiments and simulation. In the subsurface domain, each
of the hydrostratigraphic units was assumed to be homogenous throughout the study
area in terms of their hydrogeological properties. The subsurface system is divided into
two layers: a soil layer and a rock layer. In the soil layer, particle size distributions and
bulk porosity values for each different soil type were measured in the laboratory and then
used in the Rosetta software [48] to compute the van Genuchten parameters [49,50]. In
the rock layer, the values of the van Genuchten parameters are prescribed according to Li,
Unger [15].

Step 3. Obtaining annual average surface water depths and saturated hydraulic
conductivities. Preliminary calibration was performed for a steady-state flow system, using
annual average precipitation and pan evaporation values to establish both the long-term
average water-table elevations (hydraulic heads) for subsurface flow and surface water
depths for streamflow.
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Step 4. Saturated hydraulic conductivities were adjusted during calibration. The
correction criteria include that 1© the relative error of the annual runoff is close to 0; 2©
the Nash–Sutcliffe efficiency of monthly runoff is close to 1 as possible; 3© the correlation
coefficient of the observed monthly runoff is close to 1 as possible. The maximization
of the coupled objective function was based on the shuffled complex evolution method
developed on the University of Arizona (SCE-UA) global optimizer following the approach
introduced by Duan and Sorooshian [51].

Step 5. Model spin-up. A spin-up period (1 May 1998–31 August 1998) was used
during which the state variables evolve from the assumed initial values to their appropriate
equilibrium values according to the meteorological conditions and the model parameter
values. One year of spin-up was found to be sufficient in most cases.

Water 2021, 13, x FOR PEER REVIEW 9 of 19 
 

 

 

Figure 4. Scheme of solution procedure using SA. 

3.4. Calibration Procedure 

An HGS model simulation requires the user to supply values for many physical pa-

rameters and an initial condition (groundwater hydraulic heads and surface water eleva-

tions) for a subsequent transient simulation. In this paper, the main parameters were ob-

tained from the literature, field experiments, and optimization methods. The initial con-

ditions are obtained from the steady-state simulation and spin-up process. Several steps 

are involved to determine the input parameters and to provide the initial condition. 

Step 1. Parameters from references. In the surface flow domain, the Manning rough-

ness coefficients (𝒏𝒙, 𝒏𝒚) were assigned based on soil and land use maps. Five categories 

of land use, namely ‘beach’, ‘rural’, ‘dry land, ‘grass’, and ‘forest’ have been identified and 

roughness coefficient values were obtained from [16]. The surface-subsurface domain 

coupling length was assumed constant [15,17]. The parameters used to calculate the actual 

evapotranspiration [42] were taken from the literature for the various land-use categories 

[15,47]. During the simulation period, we assume a constant value for LAI. Values for the 

empirical transpiration fitting parameters 𝐶1, 𝐶2 and 𝐶3 as well as for the canopy storage 

interception 𝐶𝑖𝑛𝑡 were taken from Kristensen and Jensen [42] and Li, Unger [15]. 

Step 2. Parameters from experiments and simulation. In the subsurface domain, each 

of the hydrostratigraphic units was assumed to be homogenous throughout the study area 

in terms of their hydrogeological properties. The subsurface system is divided into two 

layers: a soil layer and a rock layer. In the soil layer, particle size distributions and bulk 

porosity values for each different soil type were measured in the laboratory and then used 

in the Rosetta software [48] to compute the van Genuchten parameters [49,50]. In the rock 

Generate an initial image

Select two pixels at random, swap their values 

and recalculate the objective function: 

The change is 

accepted

The change is accepted with the probability:

Yes

No

Yes

No

No

Stop

Yes

Figure 4. Scheme of solution procedure using SA.

3.5. Statistical Analysis

The root mean square error (RMSE), the Pearson’s correlation (R), and Nash–Sutcliffe
efficiency (NSF) between the observed and simulated streamflows are used to assess the
performance of the simulation results. The formulas used to compute the RMSE and R can
be found in the literature [52,53].
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4. Results
4.1. Calibrated Parameters and Initial Condition

Using a calibration procedure, final values of the HGS model parameters for the SGH
watershed were estimated and are summarized in Tables 2–4. In all simulations (SA, TP,
CK), the parameters of the model, such as the Manning’s coefficient of the river channel,
have a uniform value.

Table 2. Values for the Manning roughness coefficients and coupling length.

Land Use
nx, ny le

m−1/3 d m

Forest 6.9 × 10−6 0.1
Agricultural 2.3 × 10−6 0.1

Bare rock 3.5 × 10−7 0.1
Urban and rural 2.3 × 10−6 0.1

Alluvium 8.9 × 10−7 0.1

Table 3. Van Genuchten parameters, total porosity, specific storage and full saturated hydraulic conductivities.

Layer Type
α β Swr ∅ Ss K

[-] [d−1] [-] [-] [d−1] [m d−1]

Soil

Anthrosols 0.059 1.480 0.256 0.5 2.6 × 10−4 0.008
Luvisols 0.006 1.590 0.166 0.45 9.2 × 10−4 0.019

Semi-hydromorphic soil 0.009 1.510 0.188 0.35 4.9 × 10−4 0.022
Entisols 0.020 1.410 0.149 0.45 5.0 × 10−4 0.016

Rock

Clastic rock 30.00 3.000 0.050 0.25 4.0 × 10−5 0.2
Magatic rock 30.00 3.000 0.050 0.01 3.4 × 10−6 8.64 × 10−8

Gravel sand 0.145 2.68 0.105 0.25 4.0 × 10−4 864
Metamorphic rock 44.6 0.21 0.030 0.01 3.3 × 10−7 6.0

Table 4. Evapotranspiration parameters from the literature.

Forest Grass Dryland Urban and Rural Beach

Evaporation depth [m] 2.0 2.0 2.0 2.0 2.0
Root depth (Lr) [m] 5.2 2.6 0.0 0.0 0.0

LAI[−] 5.12 2.5 0.0 0.40 0.0
C1[−] 0.3 0.3 0.3 0.3 0.3
C2[−] 0.2 0.2 0.2 0.2 0.2

C3

[
m d−1

]
1 1 1 1 1

Cint[m] 10−5 10−5 10−5 10−5 10−5

Figure 5A shows the computed steady-state surface water depth, and Figure 5B
presents computed steady-state subsurface saturation, with nearly full saturation shown
in red. Figure 6A shows the computed steady-state water depths in the surface domain.
Similarly, Figure 6B presents the computed steady-state subsurface saturation for the period
1961–1990. The reason that the downstream region of the basin has lower steady-state
water depths compared to the upstream region is because the soil depths are different.
The locations of the Shi river, Guan river, Nianyushan reservoir, and Meishan reservoir
are seen. From Figure 6B, in the downstream lowland region, the water table is shallow
while in the upstream mountainous region, the water table is relatively deep. Thus, the
simulated results are similar to the actual conditions. These steady-state results were used
as the initial condition for the transient simulations.
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Figure 6. The spatial distribution of precipitation for a large rainfall in the simulation period using CK (A) and SA (B).

4.2. Spatial Distribution of a Typical Precipitation

Typical precipitation is employed to explore differences obtained when generating
spatial precipitation patterns using TP, CK, and SA. In the simulation period, there is a large
precipitation event occurring on 27 June 1999. The results of the statistical analysis for daily
precipitation on 27 June 1999, is shown that the mean is 79.55 mm d−1 and the variance
is 11,630.69 mm2d−1 between 48 gauging stations. The minimum is 8.5 mm d−1 and the
maximum is 167.9 mm d−1. This indicates that the difference in the daily precipitation
between the observation points is very high. The daily spatial precipitation data at every
grid for this single event was calculated using the TP, CK, and SA methods.

The TP method was applied to the 48 gauging stations within the simulation period
to compute the precipitation time series, which was applied equally at each node in
the surface flow domain. However, high variance cases such as this example present a
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difficulty when the TP method is used and can lead to large errors in the precipitation
inputs. In this example, using the TP method, the daily precipitation on each grid is the
same: 74.5 mm d−1. The different precipitation patterns can be obtained using the CK
and SA methods. Figure 6 illustrates these differences. In Figure 6, the spatial resolution
is 5 km × 5 km. Figure 6A indicates a region of high precipitation at the southern end
of the Shiguan river basin and confirms that the CK method tends to smooth extreme
values of the precipitation data set. Although they exhibit the general spatial patterns of
the precipitation distribution, the CK method may overestimate the size of areas of high
and low precipitation.

For the SA method, some parameters need to be selected. After many experiments, the
best parameters with the smallest variance were obtained. R = 0.001; Tf = 0.0001; N = 10,000;
K = 106. Then SA model was run 10 times. If the variance and the average value have little
difference between differential times, then a stable status is reached. The corresponding
weight is the required weight. The above-mentioned hour-scale precipitation data was
obtained using the interpolation method. Then the hour-scale precipitation data were
merged to obtain daily precipitation data. Figure 6B shows the spatial distribution of
precipitation data obtained by averaging 10 SA simulations on 27 June 1999.

The stochastic simulation seeks to minimize a local error variance and focuses on the
reproduction of the sample histogram and the semivariogram model (objective function) in
addition to honoring the data values [21]. The simulated maps of the precipitation appear
to be more realistic than those obtained with the CK method because they reproduce the
spatial variability from the sample information. The simulated maps reveal that the spatial
distribution and 10 simulated SA realizations preserve the spatial variation of the measured
field, such as the delineation of the high and low precipitation areas.

The TP method does not reflect the effect of elevation on precipitation. The CK
method uses elevation information. The effect of elevation can be eliminated. However, the
weights have a large effect on the CK method. It does not accurately describe the spatial
distribution of precipitation. SA method is used to accurately invert the spatial distribution
of precipitation. SA method can eliminate the effect of elevation.

At large basin scales, the spatial variability of rainfall affects the flooding process. At
field scale or hillside scale, spatial precipitation variability is not a major factor in runoff
forecasting. For example, in the Shiguan River Basin, the maximum rain appeared at
3:00 p.m., 27 June 1999, and it was 500 km away from Jiangji hydrology Station. The peak
time of the flood peak was 9:00 p.m., 27 June 1999.

4.3. Transient Simulations
4.3.1. Large-Scale Simulated Streamflow Results

Figure 7 shows the simulated streamflow computed by the HGS hydrology model
driven by the TP, CK, and SA precipitation data. The input data (precipitation) was a daily
scale and the output data (streamflow) was the daily scale. The simulation period was
between 1 May 1999, and 31 August 1999. For the SA method, SA was run 10 times, the
daily rainfall at each grid point could be obtained during the simulation period. A random
simulation can be performed for the precipitation at each grid point. After comparison,
the 10 SA simulation results were not very different in space. Table 5 shows the statistical
analysis of 10 spatial precipitation simulations on 27 June 1999 in the Shiguan Basin and the
Huangnizhuang basin using SA method. The simulated maximum precipitation location is
on the same grid, and the variance of the 10 simulations is also small in Huangnizhuang
basin. The daily precipitation was obtained from the average of the 10 simulations to
overcome the random error at each grid during the simulation period. The data were used
to drive the HGS model. The simulated results driven by three different precipitation data
are shown in Figures 7 and 8.
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Table 5. Statistical analysis of 10 spatial precipitation simulations in the Shiguan Basin and the
Huangnizhuang basin using the SA method.

Shiguan Huangnizhuang

SA Cases Max Min Var Max Min Var

1 190.78 9.66 25.51 91.40 38.13 18.55
2 151.40 7.66 20.25 93.79 39.12 19.04
3 189.01 9.57 25.28 120.86 50.42 24.53
4 150.68 7.63 20.15 84.94 35.43 17.24
5 196.73 9.96 26.31 104.25 43.49 21.16
6 157.82 7.99 21.11 90.77 37.87 18.42
7 147.52 7.47 19.73 124.72 52.03 25.32
8 151.18 7.65 20.22 113.58 47.38 23.05
9 175.69 8.89 23.50 104.70 43.68 21.25

10 166.11 8.41 22.21 103.47 43.16 21.00
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Our study found that the TP method underestimates the streamflows and the CK
method overestimates the streamflows at Jiangji hydrological station, while the results of
the two methods are opposite at the Huangnizhuang hydrological station. However, the
SA case was slightly more accurate than the other two cases. For flood forecasting, the time
of the flood peak and the value of flood peak are most important. Driving the HGS model
using TP precipitation data, the peak is often underestimated. This is because TP case uses
a precipitation average over a large scale and the spatial precipitation data are calculated
using a simple method. As such, TP-data are not suitable for use with the HGS hydrology
model for flood forecasts. The SA-data and CK-data can, however, be used to drive the
HGS model to simulate the peak flow time and peak values. There were eight days during
which the observed runoff is between 200 and 400 m3/s. The TP case underestimated the
peak streamflow, where the CK cases slightly overestimated the peak flow. The reason for
the overestimation was because of the spatial differences in the rainfall patterns. The flood
peak arrived too early and the flood waters recede too late. However the SA case caught
the peak value of the flood. For the other days, the precipitation was small, the runoff was
small and most of the discharge was less than 100 m3/s. The simulated streamflow was
most accurate for three cases.

From the statistical analysis, Nash–Sutcliffe efficiency (NSE) was 0.95 for the SA case,
0.82 for the CK case, and 0.8 for the TP method. For NSE, the larger values in a time
series were strongly overestimated whereas lower values were neglected, so this led to
an overestimation of the model performance during peak flows and an underestimation
during low flow conditions. NSE was different in the three cases. The SA method was
suitable for catching flood peaks. R also supports this result. R was 0.98 for SA case and
0.95 for CK case and 0.90 for TP case. The RMSE for SA case was the lowest among the
three cases. Because the watershed area was large and there were two large reservoirs in
the basin, the simulation results were impacted. This results in NSE, R, and RMSE were
not satisfied. However for the three cases, the simulated total water resources amount is
the same and only the distribution of the streamflow was differential, so the precipitation
spatial variable had a large impact on the simulated streamflow. Thus, for assessing water
resources in a large-scale system, the use of CK data may be sufficient. If the HGS model
is employed to forecast flooding, the use of SA or CK interpolated precipitation data is
adequate and SA the case is more accurate.

4.3.2. Medium-Scale Simulated Streamflow Results

In this section, we only consider the region of the Shiguan river basin that is upstream
of the Huangnizhuang hydrology station. This is a medium-scale watershed which is
about one seventh the size of the large-scale model and contains only 10 of the original 48
observation points, to which we apply the same methods as we did previously to compute
the precipitation distribution for the three rainfall distribution methods (TP, CK, and SA).
Our purpose here is not to analyze the differences in the resulting precipitation distribution,
but to focus instead on the simulated streamflow at the Huangnizhuang hydrology station,
which is shown in Figure 8 for the three cases (TP, CK, and SA). Because the watershed
is medium scale, the simulated results for the three cases were all better than those for
the large-scale simulation. The NSE and R-values were larger than those obtained for the
large-scale simulation. The lowest R was the TP case at 0.96. The lowest NSE was the TP
case too at 0.96.

The simulated streamflows were very accurate for three cases. For two large flood
peaks (>100 m3/s), the observed streamflow was overestimated for the TP case. The reason
for overestimating was because the forcing precipitation data are the surface average
and therefore could not capture accurately the information of the distribution of the
precipitation. For the CK case, the streamflow was underestimated. This was because the
gridded CK precipitation data underestimated the actual maximum precipitation location
and overestimated the minimum precipitation zone. The SA method was the best among
the three cases and the RMSE of the SA case was the lowest among the three cases.
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There were six days in which the observed streamflow was between 50 and 100 m3/s.
For the TP case, the streamflow was overestimated. The reasons were that (1) the spatial
differences for the precipitation were relatively large; and (2) for physically based surface-
subsurface hydrological models, the spatially gridded precipitation data had a large impact
on the simulated results. If the observed streamflow was less than 50 m3/s, there was no
clear difference between the simulation results and the observed data between all three of
the cases. The CK data and SA data generally reflect the spatial variations of the rainfall,
and the use of more than one method to estimate the gridded precipitation data may be
more suitable to force distributed hydrological models.

In summary, the TP average precipitation may be used to drive a fully integrated
distributed hydrology model when the area is small, but its use is not suitable if the area
is large. The simulation results obtained using the CK and SA interpolated precipitation
data are more satisfactory than those for the TP case. The SA case can capture both the
magnitude and timing of flood peaks.

5. Summary and Conclusions

The physically based, fully-integrated, surface-subsurface hydrological model HGS
was used to simulate the rainfall-runoff response within the Shiguan river watershed,
China, (large-scale) and the Huangnizhuang watershed (medium-scale) during the period
1 May 1999 and 31 August 1999. The primary objective was to assess the runoff response
of the integrated hydrological model when driven by different algorithms to infer the
spatial precipitation patterns. Here, three methods were used to produce the precipitation
patterns: the TP, CK, and SA methods.

First, the hydrological model was calibrated to obtain some key hydrological/
hydrogeological parameters and to establish an appropriate initial condition. This ini-
tial condition was obtained by spinning up the HGS model to a steady-state equilibrium
condition for the coupled surface-subsurface system constrained by the annual-average
streamflow rates at five gauging stations distributed over the entire surface of the water-
shed, as well as by thirty years of hydraulic head data representing the long-term watertable
elevation within the watershed. The level of agreement between the simulated and mea-
sured hydraulic heads and drainage network patterns indicated that the steady-state model
reasonably captured the essence of the surface and subsurface hydraulic characteristics of
the watershed. It is reasonable to assume that the steady-state results can be used as the
initial condition for the transient simulations. Most of the model parameters were obtained
from the literature, with some parameter adjustment during model calibration.

The TP method computes the spatial average value of precipitation for the entire
region, which was applied equally at every land surface node in the finite element mesh.
The CK and SA methods yielded the spatial distribution of the precipitation such that each
mesh node on the land surface could have different values. The CK methods tended to
overestimate the regions of low precipitation and underestimate the high values, so the
largest flood peak was underestimated for the CK method. The TP methods tended to
overestimate the regions of large precipitation and underestimate the regions of the low
precipitation, so the largest flood was overestimated for the TP method.

For the large-scale watershed, the flood peak was not captured for the TP and CK cases.
The CK case underestimated the flood peak, the TP case overestimated the flood peak, but
the SA case accurately simulated the flood peak. Two dams exist in this watershed where
the discharge is artificially controlled. Nevertheless, the CK case and SA case were still
somewhat better than the TP case.

For the medium-scale watershed, the HGS model was able to capture the flood peak,
but it was slightly underestimated for the CK case. For the TP- and SA cases, HGS could
adequately capture the flood peak, and the simulated flood peak for the SA case was the
best among the three cases.

The spatial rainfall variability at larger catchment scales has a large impact on the
accuracy of the rainfall-runoff process simulation. Due to the lack of existing observational
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data, it is impossible to deeply investigate and accurately describe the scale dependence of
the impact of rainfall changes on the rainfall runoff process. Clearly, on a plot or hillslope
scale, spatial rainfall variability is not a major concern for discharge prediction (provided
rainfall is measured locally). On the scale of a large river basin, local rainfall extremes may
not be as important as getting the correct overall trend (along with the questions of flood
routing, etc.). The results in this paper cannot explain the scale dependency.

The spatial variability on the small scale is not very large. For the hydrological process
simulation, the simplest TP method can be used to obtain the average value of surface
precipitation as the driving data of the hydrological model. If the watershed scale is large,
the spatial variability of precipitation is large too. Some appropriate methods, such as the
SA method, can be chosen to find the accurate precipitation at each grid. The simulated
rainfall-runoff process will be more accurate.

At large basin scales, obtaining an accurate flood process is very important. The SA
method combined with a distributed hydrological model can obtain an accurate flood process.

The study demonstrated that a physically based, fully-integrated surface-subsurface
hydrologic model (HGS) can be employed to simulate the rainfall-runoff response in a
watershed of large areal extent provided it is driven by a proper depiction of the spatial
pattern of the precipitation that drives it. In summary, it was found that the spatially
distributed precipitation data obtained with the SA method is better suited for representing
the precipitation patterns than the other two methods used here, and when used to drive
the HGS model, very reasonable flood forecasting could be performed.

Calibration is based on PDE-based hydrological process simulation. This model can
not only simulate a single runoff process but also be used to study the spatial distribution
of precipitation, the relationship between rainfall intensity and runoff, such as where the
extreme runoff comes from, the contribution of groundwater, etc. Because of the lack of
isotope observations and groundwater level data, these problems have not been studied
in this paper. In the future, more detailed studies can be conducted. Furthermore, under
different frameworks of interpolation methods, the obtained results are expected to use
for optimal parallel runoff-related drought analysis by calculating SRI and to improve the
knowledge of drought status.
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