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Abstract: Integration of satellite-based data with hydrological modelling was generally conducted
via data assimilation or model calibration, and both approaches can enhance streamflow predictions.
In this study, we assessed the feasibility of another approach that uses satellite-based soil moisture
data to directly estimate the parameter β to represent the degree of the spatial distribution of soil
moisture storage capacity in the semi-distributed Hymod model. The impact of using historical
root-zone soil moisture data from the Soil Moisture Active Passive (SMAP) mission on the prior
estimation of the parameter β was explored. Two different ways to incorporate the root-zone soil
moisture data to estimate the parameter β are proposed, i.e., one is to derive a priori distribution of β,
and the other is to derive a fixed value for β. The simulations of the Hymod models employing the
two ways to estimate β are compared with the results produced by the original model, i.e., the one
without employing satellite-based data to estimate the parameter β, at three study catchments (the
Upper Hanjiang River catchment, the Xiangjiang River catchment, and the Ganjiang River catchment).
The results illustrate that the two ways to incorporate the SMAP root-zone soil moisture data in
order to predetermine the parameter β of the semi-distributed Hymod model both perform well in
simulating streamflow during the calibration period, and a slight improvement was found during the
validation period. Notably, deriving a fixed β value from satellite soil moisture data can provide better
performance for ungauged catchments despite reducing the model freedom degrees due to fixing the
β value. It is concluded that the robustness of the Hymod model in predicting the streamflow can be
improved when the spatial information of satellite-based soil moisture data is utilized to estimate the
parameter β.

Keywords: streamflow simulation; parameter estimation; SMAP; Hymod model; soil moisture
storage capacity

1. Introduction

Numerous studies have highlighted the value of introducing additional data sources into
hydrological models [1,2]. Traditionally, hydrological models generally utilized precipitation and
potential evapotranspiration as inputs and tended to be calibrated against available streamflow
observations. In recent decades, it was found that incorporating additional data that describe
the hydrological process and internal states may help improve streamflow predictions and reduce
uncertainty [3,4]. As a critical role of the hydrological cycle, soil moisture measurement was considered
to be an important additional data source for hydrological models [5,6]. Specifically, soil moisture
controls partitioning of rainfall into infiltration or runoff [7,8], and the catchments with higher
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antecedent soil moisture conditions tend to produce a larger runoff ratio [9]. Hydrological models
typically adopt a Soil Moisture Accounting (SMA) module to conceptualize the complex behavior of soil
moisture dynamics rather than directly use soil moisture data as inputs due to the fact that ground-based
measurements of soil moisture are unavailable in many regions [10]. It is difficult to estimate the
spatial variability of the soil moisture from in-situ soil moisture measurements that only represent
a small spatial range. Fortunately, satellite-based observation provides an alternative approach to
obtain the spatial information of soil moisture over a large scale, which compensates for the shortage
of a ground-based measurement [11]. Numerous satellite-based soil moisture products have become
available in recent decades after remote sensing techniques have experienced rapid development.
Currently, microwave remote sensing is the most promising technique for soil moisture retrieval since it
can routinely provide large-scale data [12]. Microwaved observations from active and passive sensors
are the most widely used, which include Advanced Microwave Scanning Radiometer (AMSR-E) [13],
the Advanced Scatterometer (ASCAT) [14], the Soil Moisture and Ocean Salinity (SMOS) [15], the Soil
Moisture Active Passive (SMAP) [16], and the Sentinel missions [17]. They provide extensive soil
moisture products at different spatio-temporal resolutions. Compared to in-situ measurements, passive
microwave soil moisture is mainly limited by a low spatial resolution. Nevertheless, various approaches
have been developed to improve the spatial resolution of original soil moisture products [18], such
as the combination of passive and active microwave soil moisture data [19–22], and the fusion of
microwave and thermal or optical remote sensing data [23,24]. Additionally, several soil moisture
products have been produced by blending satellite data and the other data sources, such as soil
moisture products from the European Space Agency’s Climate Change Initiative (ESA CCI) [25].

The application of satellite-based soil moisture data has attracted attention from hydrological
communities [5,26]. Generally, there are two approaches to incorporate them into the hydrological
simulations. One approach is to assimilate soil moisture data into hydrological models to update
the soil moisture states. Data assimilation based on satellite-based soil moisture has been proven
for its effectiveness to improve the accuracy of hydrological model prediction [27–34]. Brocca et
al. [32] explored the assimilation of the ASCAT soil moisture products into a two-layer continuous
hydrological model for a small catchment in central Italy with the Ensemble Kalman Filter (EnKF) and
concluded that a significant improvement was found in discharge predictions. The other approach
of utilizing soil moisture data is by calibrating model parameters. Several studies have shown the
positive impacts of using remotely sensed soil moisture data together with streamflow measurements
on batch calibration [35–39]. Kundu et al. [36] found that the Root Mean Square Error (RMSE) of
streamflow prediction was reduced in the Soil and Water Assessment Tool model (SWAT) when
adopting soil moisture products from the European Space Agency (ESA_SM) over the Warrego River
catchment (69290 km2). They concluded that remotely sensed soil moisture data has the potential
to be used as a calibration variable for hydrological models. The multi-objective calibration using
SMOS near-surface soil moisture was tested in southeast Australia by Li et al. [35] who found that
the introduction of the spatial information of the remotely sensed soil moisture data substantially
improved the streamflow predications at the locations where streamflow observation are not used for
calibration. Overall, satellite-based soil moisture data can bring important benefits for a more accurate
streamflow prediction due to their effective spatial and temporal coverage. They have the potential to
combine with physical process models to develop into a new hybrid model [40].

Although the approaches of data assimilation and hydrological model calibration are able to
utilize the temporal variability information of the soil moisture data over the whole catchment, they
fail in fully exploiting the spatial information hidden in the soil moisture data. Previous studies have
demonstrated that soil moisture variability in space is stable and mainly affected by static factors such
as topography and land cover [41,42]. Parameters of hydrological models are generally related to
specific basin characteristics, such as soil moisture capacity. The approach of the parameter estimation
might be another potential approach to exploit the added value of spatial information provided by
the soil moisture data [43], but, in practice, few studies have completed research relating the spatial
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information of soil moisture data to the model parameter. Therefore, the study on the link between the
parameter concerned and the spatial information of soil moisture data should be carried out. In theory,
this approach can reduce the number of free parameters and simplify the calibration procedure, which
may improve the streamflow prediction at ungauged catchments.

In this study, we adopted the satellite-based soil moisture data for a prior estimation of a
hydrological model parameter, which represents the degree of the spatial distribution of soil moisture
storage capacity in the semi-distributed Hymod model and is denoted by β. In general, most
satellite-based soil moisture data only provide an estimate of the moisture condition in the top few
centimeters at most with a temporal repeat every two to three days [33,44], whereas most hydrological
applications require the information of root-zone soil moisture [45,46]. Therefore, we chose root-zone
soil moisture datasets produced by the SMAP mission [16] as data resources despite the diverse
availability of satellite-based soil moisture. We extracted statistical information from the SMAP
satellite-based root-zone soil moisture and used the method of moments estimation to estimate the free
parameter β in the Hymod model. Lastly, we tested the performance of the proposed model setup
during the calibration period and validation period using objective functions like the Nash–Sutcliffe
Efficiency (NSE), the Kling-Gupta Efficiency (KGE), and a signature measure known as the Flow
Duration Curves (FDC). The ability that facilitates estimating parameters in ungauged catchments was
also assessed.

The remaining sections of this paper are organized as follows. Section 2 describes the study
catchments and data used. Then, Section 3 provides the details of the methodology. In Section 4, the
results and the discussion are presented. Lastly, Section 5 presents a summary and conclusions.

2. Study Area and Data

2.1. Study Area

Three experimental catchments considered in this study are the Upper Hanjiang River Catchment,
the Xiangjiang River Catchment, and the Ganjiang River Catchment. They all lie in the Yangtze River
basin (see Figure 1a). Since the hydrological models were run using a semi-distributed scheme, each
catchment was delineated into sub-catchments. Models were calibrated against observed streamflow at
the catchment outlets, i.e., Baihe, Xiangtan, and Waizhou hydrological stations. It should be mentioned
that two of them, which are the Xiangjiang River Catchment and the Ganjiang River Catchment, are
geographically contiguous. In that regard, these two catchments were selected for ungauged studies.

2.1.1. Upper Hanjiang River Catchment

The Hanjiang River is the longest tributary of the Yangtze River in central China. It rises in the
Mountains Bozhong, flowing into the Yangtze at Wuhan, which is the provincial capital city of Hubei.
The length of the Hanjiang River is about 1530 km. The Baihe hydrological station is located at the
Upper Hanjiang River, as shown in Figure 1b. The catchment area above the Baihe Station is 59,115 km2

(106◦14′–110◦27′E and 31◦49′–34◦38′N). This study area is classified as a semi-humid climate and
mountainous region. The observed mean annual runoff and precipitation are about 370.8 mm and
876 mm, respectively. Hereafter, this catchment will be called the Hanjiang River Catchment.

2.1.2. Xiangjiang River Catchment

Xiangjiang River is another important tributary of the Yangtze River, which rises in the Guangxi
province and flows into the Hunan province. With a total length of 800 km, Xiangjiang River has
a river basin area of about 94,721 km2. The outlet of Xiangjiang River is the Xiangtan hydrological
station. The Xiangjiang River catchment located between 110◦43′–114◦22′E and 24◦91′–28◦18′N, with
a total drainage area of approximately 81,638 km2. The overview of the Xiangjiang River catchment is
illustrated in Figure 1c. The mean annual runoff of the Xiangjiang River catchment at the Xiangtan
station is about 818.9 mm. Under a subtropical monsoon climate, the mean annual precipitation ranges
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from 1350 to 1830 mm. The mean annual temperature is about 17.4 °C. For more information about the
Xiangjiang River catchment, we refer the reader to Zhu et al. [47].

2.1.3. Ganjiang River Basin

The Ganjiang River, which is one of the principal southern tributaries of the Yangtze River, is
about 766 km in length and the major geographical backbone of Jiangxi province, China. The Ganjiang
River flows north through Jiangxi province into Lake Poyang and then into the Yangtze River. The
Ganjiang River basin, shown in Figure 1d, covers a drainage area of 80,948 km2 above the Waizhou
hydrological station (28◦38′N, 115◦50′E) located within 24◦30′–28◦42′N and 113◦42′–116◦38′E. The
mean annual runoff of the Ganjiang River at the Waizhou station is about 845.34 mm. The Ganjiang
River basin has a typical humid subtropical climate with short, cool, damp winters, and very hot,
humid summers. The average annual precipitation is approximately 1506.6 mm. Much of the rainfall
occurs during the late spring and summer [48].
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stations selected for sub-catchments (SC). Sub-catchments are indicated by red lines. (b) The upper
Hanjiang River catchment, (c) the Xiangjiang River catchment, and (d) the Ganjiang River catchment.

2.2. Data Description

Potential evapotranspiration (PET), precipitation, and observed hydrological data used in this
study were at a daily time step. Observed meteorological data (i.e., precipitation and temperature)
were obtained from the National Climate Center of the China Meteorological Administration (Source:
http://cdc.cma.gov.cn). Daily potential evapotranspiration for the analyses in this paper was calculated
from daytime hours and daily temperature with the Blaney-Criddle method [49]. Catchment average
precipitation was interpolated using an inverse distance weighted method (IDW). Daily streamflow

http://cdc.cma.gov.cn
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data were both collected from the Bureau of Hydrology, Changjiang (Yangtze) Water Resources
Commission. Ten-year streamflow data at the daily step for study catchments were used in this
study (Table 1). For a model application, the first two years of the data were used as a warm-up
period, the next five years were used for calibration, and the following three years were used for
independent validation.

Table 1. Information on sub-catchments, their area, and data used in the semi-distributed setup. The
bold name indicates the outlet of catchment.

Sub-Catchment
Upper Hanjiang River

Hydrological station Area (km2) Data period

SC_1 Baihe 20,490 2008-2017
SC_2 Ankang 14,820 –
SC_3 Shiquan 14,476 –
SC_4 Hanzhong 9329 –

Sub-Catchment
Xiangjiang River

Hydrological station Area (km2) Data period

SC_1 Xiangtan 29,518 2007-2016
SC_2 Hengyang 30,779 2007-2016
SC_3 Laobutou 21,341 –

Sub-Catchment
Ganjiang River

Hydrological station Area (km2) Data period

SC_1 Waizhou 18,224 2000-2009
SC_2 Xiajiang 22,493 2000-2009
SC_3 Dongbei 24,198 –
SC_4 Xiashan 16,033 –

2.3. SMAP Root-Zone Soil Moisture Data

The National Aeronautics and Space Administration (NASA) has developed a Soil Moisture
Active/Passive (SMAP) mission [16], which was launched in January 2015. It aims to obtain a global
mapping of soil moisture by utilizing a passive L-band radiometer combined with an active L-band
radar. The SMAP mission provides four levels of data products, and they are freely available at
https://smap.jpl.nasa.gov/data/. The potential applications of SMAP products for hydrology research
have been widely reported [50,51]. In this study, the three-hour SMAP Level 4 Surface and Root Zone
Soil Moisture Geophysical Data (SPL4SMGP) [52] was selected as the source of root-zone soil moisture
data due to its relatively high spatial resolution. The spatial coverage of SMAP Level 4 root-zone
soil moisture data spans from 180◦W to 180◦E with a spatial resolution of 9 km. The root-zone soil
moisture has been provided as volumetric percent or soil wetness united by SPL4SMGP. We chose
the soil wetness units (dimensionless), which vary between 0 and 1. This indicates relative saturation
between completely dry conditions and completely saturated conditions, respectively.

Root-zone soil moisture data were extracted over study catchments from SMAP global products
from 31 March, 2015 to 28 March, 2019. Figure 2 demonstrates the map of temporal average values of
SMAP root-zone soil moisture over the Hanjiang River catchment, the Xiangjiang River catchment,
and the Ganjiang River catchment. The observed spatial patterns of soil moisture within the three
catchments appear consistent with topography. The root-zone soil moisture varies from 0.28 to 0.79
over the Hanjiang River catchment, from 0.57 to 0.89 over the Xiangjiang River catchment, and from
0.38 to 0.89 over the Ganjiang River catchment.

https://smap.jpl.nasa.gov/data/
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Figure 2. Temporal average values of SMAP root-zone soil wetness (dimensionless) over (a) the
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3. Methodology

3.1. Structure of Hymod Model

A parsimonious conceptual rainfall-runoff model structure of the Hymod model was adopted in
this case study. The Hymod model has been widely applied in hydrological modeling and provided
satisfactory performance [53–56]. This five-parameter model is based on the probability-distribution
model (PDM) proposed by Moore [57] and was originally introduced by Boyle et al. [58]. As shown
in Figure 3a, the model structure consists of two main components, which are the rainfall excess
component and the routing component. Table 2 presents a brief description of the free parameters of
the Hymod model.
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Table 2. Description and prior uncertainty ranges of the Hymod model parameters.

Parameter Model Part Description Unit Prior Range

Sm Rainfall excess Maximum soil moisture
storage capacity mm 0–500

β Rainfall excess The degree of spatial variability of
soil moisture storage capacity – 0–2

α Routing The split parameter to divide the
excess rainfall – 0–1

Rs Routing The slow flow residence time of
the conceptual linear reservoir day 0–0.1

Rf Routing The fast flow residence time of
three conceptual linear reservoirs day 0.1–1

The core of the Hymod model is a two-parameter nonlinear tank with a rainfall excess component.
In order to split the rainfall into direct runoff and subsurface runoff, this tank statistically describes the
heterogeneous spatial distribution of soil moisture storage capability. It is hypothesized that the soil
moisture storage capacity C varies across the catchment and has a maximum soil moisture storage
capacity, Sm. Thus, this tank allows deriving the saturated proportion of a catchment and its relative
saturation. In practice, a Pareto distribution function describes the fraction of the catchment having a
storage capacity C.

F(C) = 1−
(
1−

C
Sm

)β
, 0 ≤ C ≤ Sm (1)

where C denotes the soil moisture storage capacity, Sm[mm] is the maximum soil moisture storage
capacity in the catchment, and parameter β[−] defines the degree of spatial variability of storage
capacities over the catchment (see Figure 3a). Figure 3b demonstrates the examples of Equation (1),
which is plotted for different values of attention β. The corresponding probability density function of
the soil moisture storage capacity is shown below.

f (C) =
dF(C)

dC
=
β

Sm

(
1−

C
Sm

)β−1
, 0 ≤ C ≤ Sm (2)

A similar function is also employed in the Xinanjiang model [59] and the Variable Infiltration
Capacity (VIC) model [60]. Figure 3a illustrates that the area producing fast runoff is calculated from
the proportion of the catchment with saturated reservoirs. The effective rainfall is equal to the soil
moisture excess calculated at each time step.

The routing component consists of two series of linear reservoirs, a single reservoir for the slow
flow, and three identical quick flow reservoirs (Figure 3a). The slow flow reservoir, modelled using
one linear reservoir, represents the groundwater. The quick flow is routed by surface runoff using a
cascade of three linear quick flow reservoirs. A more detailed description of the Hymod model can be
found in Moore [61].

3.2. Semi-Distributed Model Setup

In this study, the Hymod model was set up using a semi-distributed modelling system. The
semi-distributed scheme was applied in two catchments, which had been respectively delineated into
three sub-catchments. Modelling at each sub-catchment was performed using the lumped version of the
Hymod model. The river routing between sub-catchments was conducted by a linear Muskingum river
model [62]. The forcing data (i.e., precipitation and potential evapotranspiration) was interpolated,
according to sub-catchment boundaries with the purpose of running a semi-distributed model. Only
the streamflow data at the outlet station were used for calibration. The lumped Hymod model was run
at each sub-catchment, and the same set of parameters was estimated for all sub-catchments. Since
the amount of sub-catchment is small and the area of each sub-catchment is similar, two parameters
in the Muskingum routing model were both treated as homogeneous. As a result, in addition to the
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parameters of the Hymod model, the Muskingum river model has two free parameters that need to
be calibrated.

3.3. Prior Estimation of the Degree of Parameter β

The prior estimation of the βwas conducted by using SMAP root-zone soil moisture data based on
the method of moments. As mentioned in Section 3.1, β is the shape parameter of Pareto distribution,
which was utilized to describe the spatial variability of soil moisture storage capability. This spatial
distribution can be related to different soil moisture storage capacity among the study catchment.

The form of the curve of the spatial distribution of soil moisture storage capacity is shown in
Equation (2), and the first theoretical moment of Equation (2) is shown below.

E(C) =
∫ Sm

0
C · f (C)dC =

Sm
β+ 1

(3)

Solving for β in Equation (3) gives the following.

β =
Sm

E(C)
− 1 (4)

In this study, SMAP root-zone soil moisture data were used to yield the samples (SRi) for the soil
moisture storage capacity C. For each cell of SMAP data, the soil moisture storage capacity sample SRi
of the i-th cell could be estimated as follows:

θmax
i = max

1≤t≤T
θi(t) (5)

θmin
i = min

1≤t≤T
θi(t) (6)

SRi =
(
θmax

i − θmin
i

)
· L (7)

where θi(t) means the SMAP root-zone soil moisture for the i-th cell at the time step t, T is the total
number of time steps, and L is the depth of the root zone. Note that Equation (7) is based on the
assumption that the soil moisture will reach the maximum and minimum soil wetness at least once
during the study period.

According to the definition, Sm can be denoted by the formula below.

Sm = max
1≤i≤N

(SRi) (8)

where N is the total number of cells over the whole catchment or sub-catchment. Additionally, the
sample mean SR could substitute the E(C) in Equation (4). Hence, for Equation (4), the method of
moments estimator for parameter β can be derived from SMAP root-zone soil moisture data by using
Equation (9).

β̂ =
max
1≤i≤N

(
θmax

i − θmin
i

)
1
N
∑N

i=1

(
θmax

i − θmin
i

) − 1 (9)

where β̂ refers to a prior estimate of the parameter β. The estimated β̂ can be used to substitute the free
parameter β before calibration.
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3.4. Model Calibration Methodology and Performance Evaluation

Estimation of posterior distributions of free model parameters was performed using the Differential
Evolution Adaptive Metropolis (DREAM) algorithm developed by Vrugt et al. [63]. The DREAM has
been widely and successfully used in hydrological research and applications [64–66]. This method
uses the Bayesian framework where model parameters are treated as probabilistic variables. The prior
parameter distribution P(θ|x ) is utilized to infer posterior parameter distribution P(θ|Q,x) by using
Equation (10).

P(θ|Q,x) ∝ L(Q|θ,x)P(θ|x ) (10)

where L(Q|θ, x ) represents a likelihood function. DREAM infers the posterior probability distribution
of calibrated model parameter values with an adaptive Markov Chain Monte Carlo (MCMC) sampling.
In this study, we used the sum of absolute error residuals as a likelihood function [67]. The prior
distribution of free parameters of the Hymod model was assumed to be uniform (noninformative)
prior distributions and the ranges of each parameter are listed in Table 2. DREAM runs multiple
chains simultaneously, which walk through the parameter space for global exploration. A Gelman
and Rubin [68] criterion was used for monitoring whether each chain converges to a stationary
distribution. The final posterior distributions are generated from 8000 samples and, additionally,
an ensemble of 2000 parameter sets was obtained in this study, which represents the final posterior
probability distribution.

In order to evaluate the streamflow modelling results at the catchment outlet, two performance
criteria were used to assess the objective model efficiency in the calibration and validation periods,
including Nash-Sutcliffe Efficiency (NSE) [69] and Kling-Gupta efficiency (KGE) [70].

NSE values emphasizes the high flow when it is utilized to evaluate the predictive skill. The
score of 1 indicates that the simulated discharges perfectly match the observations. A negative value
implies that the simulated discharges are worse than using the average value of the observations. NSE
is defined by the equation below.

NSE = 1−

∑n
j=1

(
Qsim, j −Qobs, j

)2

∑n
j=1

(
Qobs, j −Qobs, j

)2 (11)

where Qsim, j and Qobs, j are the simulated and observed values of streamflow at the j-th step and n is the
total number of time steps.

KGE optimizes for the bias, variability, and correlation simultaneously, and it is sensitive to both
high flow and variance. KGE is defined as Equation (12) below.

KGE = 1−
√
(r− 1) + (a− 1) + (b− 1) (12)

where r is the Pearson correlation coefficient between the simulations and observations, a is the ratio
between the variance of the simulations and the variance of the observations, and b is the ratio of the
means of the simulations and observations. KGE ranges from −∞ to 1 with an ideal value of 1.
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3.5. Experimental Design

An original model setup and two experimental scenarios were established to assess the impact of
incorporating the SMAP root-zone soil moisture data. These three model setups were calibrated against
daily streamflow at outlets of three study catchments. The original semi-distributed Hymod model
(Hd_0) served as a benchmark. Details of two experimental model setups are described as follows.

(1) Scenario one (Hd_S1): In the first experimental scenario, the semi-distributed setup of the
Hymod model included an informative priori distribution of β. To derive the priori distribution of β,
a moving window with a length of 15 months was applied to the whole period (about 48 months).
For each window, a β could be calculated for the whole catchment using the method mentioned in
Section 3.2. A total of 34 samples could be obtained for each study catchment. These samples fitted a
uniform distribution between the defined range from the minimum of samples to the maximum of
samples, which would, consequently, be used as priori distribution for the β.

(2) Scenario two (Hd_S2): In this scenario, the parameter βwas fixed at each sub-catchment using
SMAP data for the whole period rather than being calibrated. As a result, this scenario has six free
parameters to calibrate.

Additionally, in order to evaluate the robustness of Hd_S2 using the estimated β, the Xiangjiang
River Catchment and the Ganjiang River Catchment would be assumed as “ungauged” catchments.

4. Results and Discussion

4.1. Results of the Estimated β Value and Its Uncertainty

The parameter β controls the spatial heterogeneity of soil moisture storage capacity, and it has
been commonly calibrated against observed streamflow. We plotted the distributions of soil moisture
storage capacity for different β values based on the estimation method described in Section 3.3 and the
model calibration method. Figure 4 compares the distributions of soil moisture storage capacity of
three study catchments. The values of β vary at different catchments since the parameter β is affected
by factors like topography, land cover, and soil texture. Considering the same catchment, two methods
produced comparable β values. They showed low differences (0.044 for the Hanjiang River Catchment,
0.075 for the Xiangjiang River Catchment, and 0.035 for the Ganjiang River Catchment), which suggests
that the prior estimation method proposed in Section 3.3 is reliable.

Choosing different periods of SMAP root-zone soil moisture data could lead to different β
samples. Figure 5 shows the sampled values for the parameter β at each catchment using the sampling
strategy mentioned in Section 3.5. Compared to the original range of parameter β, narrower ranges
were produced for parameter β at each catchment, which were [0.258, 0.644] for the Hanjiang River
Catchment, [0.363, 0.689] for the Xiangjiang River Catchment, and [0.375, 0.607] for the Ganjiang River
Catchment. These values were utilized as a prior range for the parameter β in Hd_S1, while original
Hd_0 still simply employed a uniform distribution of the range [0, 2]. Since the β value represents the
spatial variability of soil moisture storage capacity, their uncertainties derived from SMAP root-zone
soil moisture data were found to be relatively low. The results suggested that the spatial patterns of
soil moisture storage capacity are stable.
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We only considered the difference of periods as the source of uncertainty for the β parameter in
this study. To estimate the value of β using the method described in Section 3.3, the spatial resolution of
soil moisture data is also important, due to the fact that coarse spatial resolution can hardly represent
the spatial variability of soil moisture capacity at the same spatial scale. As a result, it would generate
more uncertainty on parameter β. Therefore, further investigations should be carried out concerning
the spatial resolution of soil moisture data.

4.2. Comparison of Model Simulations

For further evaluation of the feasibility of estimated β values, the performances of three model
setups (see Section 3.5) were compared in this section. Three model setups were calibrated to daily
streamflow observations at catchment outlets, i.e., the Baihe station, the Xiangtan station, and the
Waizhou station. All 2000 calibrated parameter sets obtained from the DREAM method (see Section 3.4)
were then used to perform a prediction in validation periods. Two statistics, i.e., NSE and KGE,
were applied to evaluate the model efficiency for the calibration and validation periods. Tables 3
and 4 display the best NSE/KGE results for the three catchments during calibration and validation
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periods, respectively, for the three catchments. Note that larger NSE and KGE values indicate a better
model performance.

For the calibration period, the individual results across three catchments reached high scores
(Table 3), which indicates that the semi-distributed Hymod model is suitable for selected study
catchments. It was found that the Hd_0 and Hd_S1 produce comparable results. The Hd_0 always
provided the highest NSE values, while the Hd_S1 produced the highest KGE. The Hd_S2 resulted
in slightly lower NSE and KGE values due to the smaller number of free parameters. However, it is
encouraging to find that differences in NSE/KGE between the Hd_S2 and Hd_0 were 0.24%/0.96% for
the Hanjiang River catchment, 0.02%/0.48% for the Xiangjiang River catchment, and 0.02%/0.09% for
the Ganjiang River catchment. The slight differences infer that using uncalibrated β values did not
sharply deteriorate model efficiency.

For the validation period (see Table 4), the results demonstrated that Hd_0 only showed the best
performance at the Ganjiang River catchment. For the Hanjiang River catchments and the Xiangjiang
River catchments, Hd_S2 resulted in best model performance in terms of NSE (76.13% for the Hanjiang
River catchment and 89.06% for the Xiangjiang River catchment), and Hd_S1 showed the best KGE
values (72.84% for the Hanjiang River catchment and 94.12% for the Xiangjiang River catchment). Hd_0
showed worse predictions when compared with both the Hd_S1 and Hd_S2. This can be explained by
the equifinality issue in hydrological modelling. Both Hd_S1 and Hd_S2 showed better consistency
compared to the Hd_0.

In order to consider the prediction uncertainty of the model setups, boxplots of the NSE and KGE
values concerning all 2000 calibrated parameter sets were given in Figure 6. Figure 6 demonstrates
a more comprehensive comparison of simulation performances during validation periods, which
compared the distribution of the three metrics obtained from Hd_0, Hd_S1, and Hd_S2 at the validation
period. For NSE values, Hd_S2 always provided better values. Considering KGE values, Hd_S1
could give a better performance. The explanation for this can be that constraining the value of the β
parameter could reduce equifinality.

In summary, the results showed that Hd_S1 and Hd_S2 using the prior estimation of the βwere
able to produce consistent streamflow predictions in study catchments in terms of NSE/KGE. The
results indicated that the estimated β values were feasible in the semi-distributed Hymod model.

Table 3. Model performance, in terms of NSE and KGE, for the calibration period. The bold values
indicate the best performance.

Model Setup

Baihe Station
(Hanjiang River)

Xiangtan Station
(Xiangjiang River)

Waizhou Station
(Ganjiang River)

NSE (%) KGE (%) NSE (%) KGE (%) NSE (%) KGE (%)

Hd_0 82.70 81.15 89.26 93.38 92.33 95.37
Hd_S1 82.70 81.35 89.26 93.45 92.31 95.73
Hd_S2 82.46 80.19 89.24 92.90 92.31 95.28

Table 4. Model performance, in terms of NSE and KGE, for the calibration period. The bold values
indicate the best performance.

Model Setup

Baihe Station
(Hanjiang River)

Xiangtan Station
(Xiangjiang River)

Waizhou Station
(Ganjiang River)

NSE (%) KGE (%) NSE (%) KGE (%) NSE (%) KGE (%)

Hd_0 75.93 72.39 88.96 93.96 91.50 95.57
Hd_S1 75.87 72.84 89.00 94.12 91.49 95.53
Hd_S2 76.13 68.41 89.06 93.74 91.49 95.31
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Figure 6. Boxplots of NSE/KGE values obtained by the three model setups during the validation
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River Catchment (e,f), the optimized parameter sets obtained from DREAM were used to perform all
validation tests. The boxplots show the 0.1, 0.25, 0.5, 0.75, and 0.9 percentiles.
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4.3. Analysis of the Posterior Distribution of β

As mentioned in Section 3.4, the DREAM algorithm was employed to estimate model parameter
posterior distribution. In this scenario, we analyzed the parameter uncertainty based on the final 2000
samples after convergence. Figure 7 shows the marginal posterior distribution of the β parameter. The
comparison between the priori distribution of β (Figure 4) and the posterior distribution derived from
Hd_S1 (left panels of Figure 7) could suggest whether samples of β are able to supply reliable prior
information for Hd_S1. As shown in Figure 7, the prior ranges of β provided by SMAP soil moisture
data could cover the posterior ranges.
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The distance between two posterior distributions of parameter β derived from Hd_0 and Hd_S1
were determined to assess the reliability of information added to the model. With the probability values
of 0.32 (Hd_0) and 0.31 (Hd_S1) for the Hanjiang River Catchment, 0.46 (Hd_0) and 0.46 (Hd_S1) for
the Xiangjiang River Catchment, and 0.39 (Hd_0) and 0.40 (Hd_S1) for the Ganjiang River Catchment,
we found that the β parameter for all six setups was well-identified.

The derived posterior distributions for β all showed an approximately normal distribution. For
the same catchment, values of β from Hd_0 and Hd_S1 are located at almost the same points. Since the



Remote Sens. 2019, 11, 2580 15 of 23

prior distribution of βwas constrained in Hd_S1 by information extracted by SMAP soil moisture data,
it could be inferred that the boundaries are reliable. By comparing posterior distributions of β, it can be
concluded that the uncertainties generated from different periods are reasonable. The similar posterior
distributions also indicated that the method for an estimate of βwas feasible.

4.4. Streamflow Signature (Flow Duration Curves)

Flow Duration Curves (FDC) are derived from the simulated and observed streamflow data.
FDC represents the probability of a given flow being exceeded or equaled. It is one of the typical
hydrological signatures to evaluate the model behavior of a catchment, which provides insights about
how streamflow is distributed across high to low flow regimes [71].

In Figure 8b,c, the Xiangjiang River catchments and the Ganjiang River catchments show an
approximate linear FDC, while the Hanjiang River catchment shows a nonlinear curve (Figure 8a).
The nonlinear curve in the Hanjiang River Catchment indicates that observed data at calibration
and validation periods constitute a disproportional representation of high, medium, and low flow
regimes [66]. The nonlinearity in the Hanjiang River catchment may lead to lower simulation
performance than the Xiangjiang River catchment. The results of the comparison between Hd_0 and
Hd_S2 simulations and observations show that the low flows in both the Hanjiang River catchments
and the Xiangjiang River catchments were well captured during calibration and validation periods.

For all three catchments, Hd_0 and Hd_S2 provided comparable FDC in the calibration period
while the benchmark setup (i.e., Hd_0) underestimates high flows at validation. This could explain
the results that the NSE value of Hd_S2 is higher than the Benchmark setup in the validation period
(seeTable 4).

In summary, the prior estimation of parameter β leads to a consistent improvement of streamflow
simulations during the validation period since the ability of the simulated high flows were improved.
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Figure 8. Flow duration curves for observed and modeled streamflow at (a) the Hanjiang River
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calibration period (left) and validation period (right).

4.5. Impact on Prediction Ability at Ungauged Locations

To assess the reliability of the estimated β, a comparison was conducted at ungauged catchments.
As shown in Section 3.5, only the Xiangjiang River catchment and the Ganjiang River catchment were
selected for an ungauged catchment study, because they are geographically contiguous. Each of them
were treated as “ungauged” when the other acted as a donor catchment. At ungauged catchment,
the streamflow data was considered unavailable, but model input, i.e., precipitation and potential
evapotranspiration, and SMAP soil moisture data were available. We used the proximity-based
parameter transfer to evaluate predictive performance. More specifically, for the Hd_0 and Hd_S1,
all parameters calibrated at donor catchment were transferred to the receiver, while, for Hd_S2, all
parameters except β were transferred to the receiver and β was estimated using SMAP data over
the receiver.

Figures 9 and 10 illustrated the predictive performance during the validation period using
parameter sets transferred from the donor catchment. The results showed that the prediction from
Hd_S2 consistently outperformed Hd_0 and Hd_S1 in terms of NSE/KGE. Notably, the improvements
at catchments including more sub-catchments (Xiangtan station and Waizhou station) were more
remarkable than those with fewer sub-catchments (Hengyang station and Xiajiang station). Considering
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the best value of NSE/KGE, Hd_S1 and Hd_S2 showed better performance than Hd_0. According to
the tests, it can be concluded that incorporating soil moisture data made the model more robust.
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Figure 9. Performance for Xiangtan station (a,b) and Hengyang station (c,d) at the Xiangjiang River
catchment in terms of NSE and KGE using parameter sets from the donor catchment. The boxplots
represent the variation due to 2000 simulations.

Using the distribution of NSE/KGE, we investigated the prediction uncertainties for ungauged
catchments. Although predictions from Hd_S1 and Hd_S2 were both improved for the Xiangjiang
River catchment, only the latter had reduced the uncertainties. This result could be explained by the β
value being fixed in Hd_S2, which leads to less freedom. However, it can be found that the uncertainty
results at the Ganjiang River catchment were not as sensible as the Xiangjiang River catchment.

It is encouraging to find that using β based on SMAP soil moisture data outperformed versus
transferring the parameters, including β from the donor catchment. Prediction at ungauged catchments
is still challenging in hydrological modelling. The strategy for estimating parameters only using SMAP
soil moisture data provide an alternative way for parameter identification at ungauged catchment.
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4.6. Discussion

This study has explored the impact of using SMAP root-zone soil moisture data on estimating
the parameter value of β in the semi-distributed Hymod model. Compared to the methods of
data assimilation and model calibration, the method for utilizing the soil moisture data to estimate
parameters proves two benefits. For example, this method simplifies the parameter optimization
procedure. Traditionally, a hydrological model is calibrated against measured streamflow data. The
proposed estimation method of the parameter β is independent of precipitation and streamflow
data that are essential for data assimilation and model calibration methods [28,35]. Recent studies
have suggested that adopting additional information in selecting parameter values can improve the
performance of hydrological models [4,72]. It is a physically-based way of finding a suitable value for
the parameter β by only using SMAP root-zone soil data. This also explains why the semi-distributed
Hymod model that uses β has good performances at ungauged basins.
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Additionally, choosing different periods of SMAP root-zone soil moisture data leads to similar
results of β value, which has been shown in Section 4.1. In the estimation procedure, the main
information extracted from SMAP root-zone soil moisture data is the spatial variability, and the spatial
patterns of soil moisture have been proven to be stable over time [41]. It indicated that the β value
estimated from historical SMAP data can be used to model the prediction, which means that the need
for real-time data was reduced. As a result, this method can provide a lasting improvement to the
model performance that should persist even when the SMAP soil moisture data become unavailable.

Note that this strategy uses SMAP data for finding suitable parameters for the hydrological model,
which was only tested at three large catchments. The applicability of this estimation method might be
limited at smaller catchment scales. Clearly, these estimated results βmay suffer high uncertainty at a
small catchment scale, because the number of cells would be small. Currently, the spatial resolution of
SMAP root-zone soil moisture data (9 km) used in this study is relatively high among the available soil
moisture products. The feasibility should be analyzed at the small catchments when the root-zone soil
moisture data with higher spatial resolution data are available.

The study on streamflow forecast, especially at ungauged catchment, is still the main challenge
faced by the hydrological community [73,74]. The traditional process of model calibration needs
abundant hydro-meteorological measurements. Along with developing earth observation techniques,
the satellite-based data have shown its underlying strength for hydrological modelling [75]. Future
works should focus on developing a hybrid modelling system, and coupling the physical process
models with the earth observation data by expert techniques like machine learning [40]. Thus,
hydrological models can potentially provide more accurate streamflow predictions by integrating more
knowledge obtained from observations.

5. Conclusions

This paper introduced a prior estimation method for parameter β in the semi-distributed Hymod
model using only SMAP root-zone soil moisture data. The major objective of this study was to examine
the feasibility of the estimated β values. The examination of transferability of estimated β alongside
other calibrated parameters in time and space was conducted by the temporal and spatial transfer
process. The main conclusions are as follows.

1. The different results between calibrated β and estimated β values (0.044 for the Hanjiang River
catchment, 0.075 for the Xiangjiang River catchment, and 0.035 for the Ganjiang River catchment)
indicated that the method proposed in this study can derive reasonable β values for the Hymod
model only based on SMAP soil moisture data before calibration.

2. It was found that both Hd_S1 and Hd_S2 setups both performed well in terms of NSE and KGE
that are comparable to the benchmark setup (i.e. Hd_0) in the calibration period. This result
indicated that the method proposed can derive a set of feasible values for the β parameter. In
the validation period, the transferability of the parameter over time was tested, and a slight
improvement was found. This improvement could be explained by the prior estimation of
parameter β preventing over-fitting.

3. More consistent improvement was generally identified at ungauged neighborhood catchments,
with improved NSE values at all four stations. It was demonstrated that the information provided
by root-zone soil moisture data was reasonable and increased the robustness of the model. Thus,
we highlighted the value of SMAP soil moisture data for finding suitable model parameter sets
for the ungauged catchment.

The results of this study emphasized the potential value of using satellite-based soil moisture
data. The added information offered by the data helps us investigate hydrological processes across a
wide range of spatial and temporal scales, especially for catchments with sparse hydrological data.
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