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Abstract: Extreme hydrologic events are getting more frequent under a changing climate, and a
reliable hydrological modeling framework is important to understand their mechanism. However,
existing hydrological modeling frameworks are mostly constrained to a relatively coarse resolution,
unrealistic input information, and insufficient evaluations, especially for the large domain, and they
are, therefore, unable to address and reconstruct many of the water-related issues (e.g., flooding
and drought). In this study, a 0.0625-degree (~6 km) resolution variable infiltration capacity (VIC)
model developed for China from 1970 to 2016 was extensively evaluated against remote sensing
and ground-based observations. A unique feature in this modeling framework is the incorporation
of new remotely sensed vegetation and soil parameter dataset. To our knowledge, this constitutes
the first application of VIC with such a long-term and fine resolution over a large domain, and
more importantly, with a holistic system-evaluation leveraging the best available earth data. The
evaluations using in-situ observations of streamflow, evapotranspiration (ET), and soil moisture
(SM) indicate a great improvement. The simulations are also consistent with satellite remote sensing
products of ET and SM, because the mean differences between the VIC ET and the remote sensing ET
range from −2 to 2 mm/day, and the differences for SM of the top thin layer range from −2 to 3 mm.
Therefore, this continental-scale hydrological modeling framework is reliable and accurate, which
can be used for various applications including extreme hydrological event detections.

Keywords: hydrological modeling; high resolution; remote sensing product; continental-scale

1. Introduction

Climate change and human activities impose substantial influences on hydrological
cycles and water resources, resulting in considerable challenges in multi-scale hydrological
research [1]. A lot of research is devoted to solving practical issues, such as detecting and
predicting floods and droughts, managing water resources, and designing water supply
infrastructures at finer scales [2]. As an effective solution, a high-quality hydrological
modeling is key to the improved understanding of land–atmosphere interactions, surface
and subsurface interactions, water quality, and human impacts on the terrestrial water
cycle [3], which can serve as a benchmark for evaluating extreme events and for preventing
record-setting disasters in advance [4,5]. Developing a reliable and accurate hydrological
modeling is also recognized as important for understanding the implications of climate
change [6] and improving the ability of scientists to narrow uncertainties in water re-
sources management [7]. The development of high-quality hydrological modeling requires
extensive validations between simulations and reference datasets (e.g., ground-based ob-
servations and remote sensing products). Ground-based observations record continuous
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values of the water, energy, and carbon budgets. Remote sensing products can provide
detailed information on hydrological and biogeochemistry fluxes and states over a variety
of scales and resolutions. Therefore, both ground-based and remotely sensed datasets are
useful for model evaluations.

At present, hydrological modeling is usually implemented at various spatial and tem-
poral resolutions [8,9] across different regions, such as Mexico [6], Texas [4], Yellow River
basin [10], Xijiang River basin [11], and the Mississippi watershed [7,12,13]. Hydrological
modeling has also been used by a variety of studies to analyze the effects of diversified
climate conditions and land surface properties on the water cycle [14–17]. In recent decades,
many devastating natural disasters occurred frequently worldwide and in China due to
global climate change [18–20]. The intensification of droughts and floods is having a critical
negative impact (i.e., economic losses, agricultural destruction) in China [21]. Therefore,
an accurate and reliable hydrological modeling at a continental scale with long-term,
high-resolution, and acceptable performance is urgently needed to identify and monitor
the underlying processes and intensities of hydrological extremes [22] and to reflect the
regional details of climate change patterns [23].

However, there are difficulties in developing high spatial-resolution hydrological
modeling in China with respect to meteorological forcings, soil and vegetation datasets,
and model evaluation. First, meteorological forcing data hold substantial uncertainties,
because ground-based observation stations are limited in China. Only ~750 meteorological
stations for collecting data (which may be combined with remote sensing datasets) have
been commonly used to generate different resolutions of forcing data [15,18,24], and these
datasets are suitable for modeling at coarse resolutions (>10 km) rather than at high resolu-
tions. The coarse-resolution model simulations are not able to adequately address critical
scientific issues associated with the water cycle [3] or to describe the hydrological processes
and water dynamics at a small scale (<10 km). Second, estimating model parameters
presents a great challenge because the climate, soil, and land cover conditions are highly
heterogeneous over the 9.6 million km2 area of China [24]. Soil properties are fundamental
inputs for the hydrological model which determine the soil water movements and thus
affect other surface and subsurface hydrological fluxes and states. Soil properties (e.g.,
hydraulic conductivity) have high spatial variability, even at very small scales [25,26], there-
fore some of the physical model parameters cannot be accurately estimated by previous
studies and are usually treated as random [27]. Therefore, incorporating a high-quality
and high-resolution soil dataset is essential for hydrological model configuration. Third,
ground-based hydrological stations are extremely scarce in most basins, and hydrological
datasets are insufficient for model calibration and validation. Thus, in some studies, model
parameters were calibrated using limited streamflow data, while evapotranspiration (ET)
and soil moisture (SM) states have not been well evaluated [7,28]. Finally, remote sensing
(RS) data can serve as hydrological model inputs; however, RS data have not been incorpo-
rated into hydrological modeling by previous studies, although they have the potential to
improve model performance [29].

In this study, we attempt to develop a high-quality hydrological modeling framework
for China featured by long-term and fine spatial resolution of 0.0625◦ (~6 km), being
incorporated with a newly released soil dataset and fully evaluated against observations
and remote sensing products. The framework is based on a land surface hydrological
model, (i.e., the variable infiltration capacity (VIC)) [30,31]. Many previous studies set up
the VIC model at a spatial resolution of 0.25◦ or 0.5◦ over China with input forcing data from
the 750 meteorological stations to analyze hydrologic states and fluxes (e.g., soil moisture,
runoff) under climate change [11,32,33] and to develop hydrologic state and flux datasets.
In this study, the VIC model is driven by meteorological forcing data that are generated
based on data from relatively high-density ground-based stations (2481 stations), nearly
tripling the number of meteorological stations when compared with other studies [14,15,34].
The soil parameters of the VIC are updated based on a newly developed soil dataset for
China, which provides an improved representation of hydrological and biogeochemical
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characteristics and is capable of being incorporated into land models [35,36]. The features in
this framework include: (1) an effective scheme is employed to estimate model parameters
for ungauged basins, which can be extended to another ungauged area [37,38]; (2) the
simulated runoff, ET, and SM are extensively evaluated using ground-based measurements
and RS data products.

This hydrological modeling framework has wide applications and potential exten-
sions. The simulated hydrological flux and state variables are useful for understanding
long-term climatic changes and water resource security at various scales. Furthermore,
compared with other researches aiming to produce the state-of-the-art terrestrial hydrolog-
ical dataset [15,39], our study mainly focuses on developing and evaluating a hydrological
modeling framework that can be extended to couple with the China Meteorological Admin-
istration Land Data Simulation System (CLDAS), which provides real-time meteorological
inputs and SM conditions at the same resolution (i.e., 0.0625◦) [40]. This hydrological
modeling, if driven by high-quality and real-time inputs from CLDAS, may improve the
performance for real-time hydrological processes and accuracy for extreme hydrologic
detection.

In the next section, we describe the structure of the VIC model, including its forcing
data and parameters, and present the method of calibration and parameter transfer. In
Section 3, we describe the evaluation of model performance over China. We discuss
its reliability, potential, and limitations in Section 4, and in Section 5 we present our
conclusions and thoughts on future works.

2. Materials and Methods
2.1. Hydrological Model

The VIC model is a distributed and physically-based model that solves the surface
energy and water balance [30,31]. It simulates SM, ET, snowpack, surface runoff, baseflow,
and other hydrological variables in daily or sub-daily time steps. Each grid cell is parti-
tioned into multiple vegetation types, and the soil column has three soil layers, where each
layer characterizes the dynamic response of soil to climatic conditions. The VIC model
characterizes multiple land cover types. Each vegetation type has a leaf area index (LAI),
minimum stomatal resistance, roughness length, displacement length, and relative fraction
of the root [41].

This model was selected for use in this study due to three main advantages: (1) a
conceptual large-scale hydrological model was used that allows the spatial representa-
tion of gridded topography, infiltration rate, soil properties, climate variables, and land
covers, which are important factors in modeling runoff under spatially heterogeneous
conditions [42]; (2) both infiltration and saturation excess runoff generation mechanisms
were considered in the model, making it suitable for application to both arid and humid
regions; (3) it was able to simulate snow and frozen soil processes, which are necessary for
the Tibet Plateau. Finally, the VIC model has also been shown to represent land surface hy-
drologic processes well in numerous studies [29,43] and has been used from global [29,44]
to river basin scales [45] to assess water resources, land-atmosphere interactions, and
overall hydrological budgets.

2.2. Data for Model Inputs
2.2.1. Meteorological Forcing Data

The VIC model is driven by historical meteorological forcing, including precipitation
(mm), minimum and maximum temperature (◦C, and wind speed (m/s). We run the
model in daily time steps from 1970–2016 in a water-balance mode. All of the forcing data
were produced by interpolating ground-based observations from the 2481 meteorological
stations in China (Figure 1a, Table 1), which were obtained from the China Meteorolog-
ical Administration (CMA). These data were interpolated into a gridded dataset (at the
resolution of 0.0625◦) by an inverse distance weighting (IDW) method. There are a few al-
ternative interpolation methods, e.g., Kriging, the synergraphic mapping system (SYMAP)



Remote Sens. 2021, 13, 1247 4 of 20

algorithm [46], but here we used IDW because it is a commonly used method, and the same
interpolation method for generating gridded forcing data has been successfully applied
in previous VIC simulations [14,47,48]. At least five stations around the target grid cell
were searched to conduct this interpolation. A lapse rate of −6.5 ◦C km−1 with respect to
the elevation difference between the station and the target grid cell was used to reflect the
decrease in temperature with increasing elevation.
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Table 1. Summary of datasets used in this study.

Dataset Resolution Stations Period

Model inputs

CMA meteorological forcing 2481 1970–2016
Landsat TM land cover 1 km

GLASS LAI 1 km 2000–2015
Soil database 30 × 30 arc-second

Calibration and Validation

Streamflow stations 29 1970–2014
GLASS ET 0.05 degree 2000–2015

Covariance tower stations 33 2000–2013
ESA-CCI SM 0.25 degree 1978–2013

CMA SM in-situ stations 66 1990–2014
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2.2.2. Vegetation Dataset

Vegetation data needed for VIC simulations included land cover (LC) types and
associated vegetation parameters. Details of the LC types were originally created by
merging a number of Land Satellite Thematic Mapper (Landsat TM) images [49], with a
spatial resolution of 1 km. There are 12 types of LC distributed across China. Based on
these LC types, the fractional area of each vegetation type in a grid cell was calculated.

The parameters for each type of vegetation (e.g., the architectural resistance) are
available from https://vic.readthedocs.io/en/master/Datasets/Datasets/, except for the
LAI. The LAI reflects the amount of available leaf material, and thus, represents the canopy
density and growth of vegetation, and influences the ET process [50]. The LAI data at
a spatial resolution of 1 km were obtained from the eight-day composite Global Land
Surface Satellite (GLASS) product between 2000 and 2015, and they were retrieved from the
Moderate Resolution Imaging Spectroradiometer (MODIS) reflectance data (MOD09A1)
using a general regression neural networks algorithm [51,52]. Hence, based on the LC
maps and the LAI data, vegetation parameters are generated for use in the VIC simulations.

2.2.3. Soil Dataset

Soil datasets define the soil physical and chemical properties of grid cells. Integrating
with reliable soil data is important to improve the quality of the hydrological processes
modeling and the parameterization of hydrological models and especially in ungauged
basins [53,54].

In this study, detailed information on the physical and chemical properties of soils
were obtained based on a 30 × 30 arc-second-resolution soil characteristics dataset [35,36]
derived by using the 1:1,000,000 Soil Map of China and 8595 representative soil profiles
(Table 1). This dataset is specifically suitable for land surface models, so it can be incor-
porated into hydrological models to better represent the role of soils in hydrological and
biogeochemical cycles in China. This soil dataset has 10 layers, which are aggregated to
three layers for the same depth of the VIC model.

Four influential soil parameters (i.e., field capacity, wilting point, saturated hydraulic
conductivity, and bulk density) for each of the three layers were obtained from the dataset
of soil properties for land surface modeling over China [35,36] and then applied to the
0.0625◦ grid in this study. The saturated hydrologic conductivity ranged from 96.9 to
4440.2 mm/day in the top 10 cm layer. The bulk density ranged from 474.8 to 1487 kg/m3.
The minimum and maximum values for the wilting point were 0.09 and 0.68 m3/m3, and
the filed capacity ranged from 0.32 to 0.91 m3/m3, respectively. The other soil parameters,
such as the thermal damping depth, bubbling pressure, surface roughness of bare soil, and
snowpack were prescribed according to data from the Food and Agriculture Organization
(FAO) of the United Nations (UN) dataset, which has been used by Nijssen, et al. [55] and
Nijssen, et al. [56]. Particularly, the dataset from FAO has been successfully applied to
construct modeling for China at a resolution of 0.25◦ [15], which is considered as the initial
or default setting for model parameters in this study.

2.3. Data for Model Evaluation
2.3.1. Streamflow

The VIC model is first calibrated and validated using streamflow data. We obtain 29
stations of streamflow data from the Annual Hydrological Report for P.R. China (Figure 1b,
Table 1). Since it is difficult to accurately evaluate the contributions of all human activities
(e.g., irrigation, dam operations) on the water cycle in different regions, many previous
studies directly used observation datasets without removing human influence in model
evaluation. Therefore, the streamflow stations in our study were not adjusted to reflect
unimpaired conditions. These stations are situated at the outlets of 29 sub-catchments that
have different climatic and LC conditions. The data were partitioned into two groups:
20 stations of data for calibration and the remaining nine for model validation. The VIC
simulated daily runoff in each month over the upstream grids of the control station were

https://vic.readthedocs.io/en/master/Datasets/Datasets/
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accumulated to be compared with the monthly streamflow observations. To highlight
the advantages of updating the soil parameters, we conducted two simulations: one
using the default soil parameters, which were directly downscaled from a 0.25◦ resolution
modeling in the study by Zhang, et al. [15] (denoted as “default parameters”), and the
other employed the updated values of soil parameters along with parameter calibration
(denoted as “updated parameters”).

2.3.2. Evapotranspiration

ET is one of the largest terms in the global land surface water budget [57], and it was
evaluated in this study using ground-based observations and an RS product. Ground-
based observations of ET are obtained from eddy covariance towers (Table 1), which were
assumed to capture ET flux at a footprint less than 1 km. To reduce the scale difference
between the observations and the VIC simulation (~6 km), the stations near to the center
of the target grid cell (<1 km) were selected, thus the ET observations from 33 covariance
tower stations were employed to evaluate the modeling (Figure 1b). Instead of NSE, the
root mean square error (RMSE) was calculated to evaluate the differences between the VIC
simulated ET and the ground-based observations, because it is a widely used measure in
ET and SM evaluations [58].

The RS ET product was from the Global Land Surface Satellite (GLASS). This product
merges multiple sources of RS data to achieve reliable ET estimates [59–62]. Moreover, the
GLASS ET was approximately equal in spatial resolution (0.05◦) to the model in this study,
and was therefore applicable to evaluate the VIC simulated ET.

2.3.3. Soil Moisture (SM)

SM plays an important role in the terrestrial hydrological cycle, and it is also re-
lated to agricultural droughts. SM data from 66 in-situ stations across China (Figure 1b,
Table 1) were obtained from CMA. To guarantee the reliability of the validation results,
we selected the stations that were near to the center of a target grid cell and cover a long
measurement period. The RS SM data are available from the European Space Agency Water
Cycle Multimission Observation Strategy and Climate Change Initiative projects (ESA-CCI
SM). The ESA-CCI product provides relatively consistent and reliable information for SM
worldwide [63] and has been successfully validated by a few studies [64,65].

2.4. Parameter Calibration and Transfer Scheme
2.4.1. Parameter Calibration

After all of the necessary input data for the model were collected and prepared, the
VIC model was calibrated for the selected 20 basins and validated for the nine basins
located in different climate zones (Figure 1b). Most basins were minimally affected by
human activities, such as water extraction, irrigation, and water management. Seven
of the most sensitive VIC model parameters were targeted for calibration in each basin
separately, including the infiltration curve (b), the depths of the soil layers (d1, d2, d3), the
maximum velocity of the baseflow (Dsmax), the fraction of the maximum baseflow velocity
(Ds), and the fraction of the baseflow of the maximum SM where non-linear baseflow
occurs (Ws). The first soil depth (i.e., d1) was usually defined as 10 cm. The parameters
Dsmax, Ds, Ws, and d3 are influential for runoff and early season SM and ET since they
govern water infiltration and baseflow generation [66]. The initial/default values of these
sensitive parameters were obtained from Zhang, et al. [15] at a 0.25◦ resolution and then
were directly downscaled to a 0.0625◦ resolution using the nearest-neighbor mapping
method. The calibration is conducted by searching for the best combination of the seven
parameters to match the simulations with the hydrograph observations.
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Four widely-used metrics were employed to evaluate model performance: (1) the
correlation coefficient (R), (2) the Nash-Sutcliffe efficiency (NSE), (3) the relative error (bias,
%) between observations and simulations, and (4) the Kling–Gupta efficiency (KGE) [67].

R =
∑
(
Qi,obs − Qobs

)(
Qi,sim − Qsim

)√
∑
(
Qi,obs − Qobs

)2
∑
(
Qi,sim − Qsim

)2
(1)

NSE = 1 − ∑(Qi,obs − Qi,sim)
2

∑
(
Qi,obs − Qobs

)2 (2)

Bias(%) =

(
Qsim − Qobs

)
Qobs

× 100% (3)

KGE = 1 −
√
(R − 1)2 + (α − 1)2 + (β − 1)2 (4)

where Qi,obs is the observed flow in the i month, Qi,sim is the respective ith simulated flow
from the model, Qsim and Qobs are the observed and simulated mean monthly discharges
for the calibration period, respectively, α is the ratio between the standard deviations of
simulated and observed values, and β is the ratio between the mean simulated and mean
observed flows.

For each grid cell in the calibrated basins, an adjustment factor (Adj_factor) can be
defined as:

Adj_ f actor =
PAR f inal

PARinitial
(5)

where PARfinal and PARinitial are the final and the initial estimates of the parameter, respec-
tively. Based on this adjustment factor, the estimates of parameters in the calibrated basins
were transferred to the ungauged basins.

2.4.2. Parameter Transfer

The estimated parameters from gauged basins were transferred to ungauged basins
based on their climatic similarity. Specifically, the area of China is divided into nine large
river basins (Figure 2) according to topographic and LC conditions. As the VIC model
parameters are closely related to physical and climatic characteristics of basin properties,
such as LC and meteorological factors, we overlayed the river basins with climate zones to
define a climatic similarity, as described by Xie, et al. [14]. Based on the climatic similarity
and the adjustment factor (Adj_factor), the estimated parameters in the calibrated basins
were transferred to the ungauged/uncalibrated basins. The 20 independent, calibrated
basins were located in different climate zones and designed to estimate the parameters in
the uncalibrated, climate-related areas. Seven climatic zones in China, as defined based on
the Köppen classification criteria [68], are shown in Table 2 and Figure 2. The parameter
transfer scheme has been successfully used by Xie, et al. [14], and it is briefly described as
follows:

Table 2. Classification of Köppen climate zones.

Climate Zones Description Criterion

A Equatorial climate Tmin ≥ +18 ◦C
Bk Dry, cold climate Tann < +18 ◦C
C Rainy, mid-latitude climate −3 ◦C< Tmin < +18 ◦C

Da Continental climate with hot summer Tmax ≥ +22 ◦C

Db Continental climate with cool summer Tmin ≤ −3 ◦C not (a) and at
least 4 Tmon ≥ +10 ◦C

Dc Continental climate with short cool summer not (Bk) and Tmin > −38 ◦C
E Polar climate Tmax < +10 ◦C
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(1) The adjustment factors in each calibrated basin were used to adjust parameters in
uncalibrated basins;

(2) The rainy climate zone was further divided into three parts according to basins of
the Huai River, Yangtze River, and Pearl River, as C1, C2, and C3, respectively;

(3) The tropical climate zone has similar climatic characteristics to the Pearl River basin.
Therefore, the parameters for the tropical climate zone were set to the same adjustment
values as C3;

(4) Parameters of southeastern basins were used as the equivalent multiple as the
Yangtze River basin C2;

(5) The Dc climate zones cover two different regions in northeastern and southwestern
China (Dc east and Dc west). Therefore, the parameters in Dc east and Dc west were
adjusted using the same multiples from the related Da and E zones, respectively.

3. Results
3.1. Runoff Calibration and Validation

Figure 3 presents the monthly discharge of the simulations from the default and
calibrated/updated parameters and the observations over nine river basins, which were
selected to be regionally representative and distributed among diverse climates. The
model performance was considerably better when using the updated parameters rather
than the default parameters (Section 2.4.1). For most basins, the simulations with the
default parameters tended to have higher discharges, especially overestimating the peak
flow during summers, such as in Phujym, Jilin, Heishiguan, and Tsuuang. In contrast,
the simulation with the updated parameters was able to capture the peak flow avoiding
overestimation. For the basins with small rainfall and runoff (i.e., Shetang, Maojiahe, and
Tsyamusy), the simulations with the default parameters do not match the observations
well during the low-flow seasons, but the performance was substantially improved after
parameter update and calibration. Overall, the comparisons revealed that the runoff
dynamics were well captured after parameter update and calibration, and consequently the
model performance was improved relative to the simulation with the default parameters.
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Table 3 lists the model performance for each basin after calibration and validation.
Most of the calibrated basins had high R and NSE values over 0.70. Most of the KGE
values were higher than 0.40. The relative bias presented here was generally within 20%.
The simulations of basins located in southern China (e.g., C1, C2, and C3), which usually
receive abundant rainfall and experience substantial runoff throughout the entire year, tend
to have better agreements with observations than those in northern China (e.g., Da, Db,
and Bk). In general, the calibration improves the model performance, although, in some
basins, such as Dingjiagou and Phujym, the results were unsatisfactory. A possible reason
for such a discrepancy is that the VIC model is unable to capture the impact of human
activities, such as agricultural irrigation. As an external water input, agricultural irrigation
may significantly affect the surface runoff and baseflow, leading to the discrepancy of the
runoff between simulations and observations over irrigated regions.

The simulated streamflow was validated for the remaining nine basins. Compared
with the calibration process, six validation basins covering two climate zones, i.e., Da and
Db, were used to examine the performance of the parameter transfer approach. Overall,
the validation results (Table 3) were similar to the calibration statistics. The R, NSE, KGE,
and bias values for the validation period ranging from ~0.65–0.91, ~0.31–0.87, ~0.01–0.86,
and ~4.29–40.5%, respectively. The Zhangjiashan Basin had a relatively high bias, mainly
because of only two years of observation data available for validation. The best performance
was found in the Hengshi Basin, while the worst was in the Chiling Basin.
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Table 3. Station information and statistics of calibrated and validated monthly streamflows.

Location Latitude Longitude Climate
Zone Period R NSE Bias KGE

Calibration
Yamadu 43.62 81.8 Bk 2006–2008 0.91 0.59 7.59% 0.71

Dingjiagou 37.55 110.25 Bk 1970–1986 0.47 0.26 −20.70% 0.07
Bengbu 32.93 117.38 C1 1970–1986 0.82 0.65 −2.78% 0.43
Tsuuang 36.03 114.52 C1 1970–1979 0.89 0.76 −18.50% 0.38

Heishiguan 34.71 112.93 C1 1980–1982 0.91 0.72 25.40% 0.37
Jian 27.1 114.98 C2 1980–1982 0.86 0.75 −4.86% 0.39

Ankang 32.68 109.01 C2 1980–1982 0.94 0.79 37.70% 0.63
Gongtan 28.9 108.35 C2 1980–1982 0.89 0.74 −11.20% 0.23
Hoiyang 23.17 114.3 C3 1970–1982 0.92 0.74 −3.54% 0.78
Wuzhou 23.48 111.3 C3 1970–1984 0.92 0.79 12.80% 0.86
Nanning 22.8 108.36 C3 1970–1983 0.87 0.74 13.60% 0.75
Shenyang 41.46 123.24 Da 1970–1978 0.97 0.77 25.60% 0.62

Jilin 43.88 126.53 Da 1980–1983 0.85 0.56 −7.61% 0.74
Phujym 45.1 124.49 Da 1977–1979 0.68 0.26 1.23% 0.45

Tsyamusy 46.5 130.2 Db 1970–1978 0.86 0.69 −3.84% 0.84
Shetang 34.55 105.97 Db 1978–1988 0.78 0.58 12.40% 0.75

Maojiahe 35.52 107.58 Db 1978–1982 0.84 0.61 28.60% 0.71
Yangcun 29.3 91.96 E 1971–1975 0.88 0.6 −6.77% 0.73
Changdu 31.18 97.18 E 1975–1982 0.94 0.82 7.04% 0.82

Lasa 29.63 91.15 E 1973–1975 0.93 0.81 5.26% 0.84
Validation

Zhangjiashan 34.63 108.60 Bk, Db 1980–1982 0.91 0.67 40.5% 0.68
Zhanjiafeng 40.37 116.47 Da, Db 1970–1979 0.85 0.69 4.29% 0.54

Dalinghe 41.41 121.00 Da, Db 1970–1979 0.91 0.76 −6.97% 0.83
Chiling 42.20 123.50 Da, Db 1970–1979 0.71 0.31 9.85% 0.01

Luanxian 39.73 118.75 Da, Db 1970–1983 0.91 0.79 9.69% 0.72
Haerbin 45.77 126.58 Da, Dc 1970–1983 0.78 0.51 −9.87% 0.74
Hengshi 23.85 113.27 C3 1976–1979 0.95 0.87 15.5% 0.83

Qianxinzhuang 40.32 116.55 Db 2006–2014 0.65 0.34 6.90% 0.05
Boyachang 40.40 116.65 Db 2006–2014 0.84 0.68 9.76% 0.54

3.2. ET Evaluation

The statistics of the comparison between the ET simulations and the observations are
shown in Figure 4. The VIC model performed well and showed reasonable consistency
at the eddy covariance tower stations with respect to daily ET, with most R values being
greater than 0.5. The RMSE values range between 0.6 mm and 3.6 mm/day. With respect
to bias, many stations located in central China have values between −60% and 20%.
Poor performances appear at a few stations possibly due to the scale difference between
the simulations and the observations [69]. Specifically, the observations with an eddy
covariance tower represent the ET flux of the scale less than 1 km, while the VIC model
produces the hydrological state and flux at the scale of 6 km in this study, although the
eddy covariance tower was near to the center of the target grid cell. Besides, the VIC model
was only able to simulate the natural conditions rather than the human-impact conditions
which may cause uncertainties during comparisons. As a whole, the strong correlations
regarding high R values and the small RMSEs indicate that the ET simulations are generally
acceptable. Figure 5a summarizes the comparisons of the ET between the simulations and
the observations. It provides a way of graphically summarizing how closely a pattern (or a
set of patterns) matches observations. In the Yellow River basin (Figure 5a), for example, the
pattern correlation with observations was about 0.6. The centered RMSE was proportional
to the distance to the point on the x-axis identified as “1.0”. The isoline contours represent
the RMSE, and it can be seen that in the Yellow River basin, the centered RMSE was about
0.8 mm. The standard deviation of the simulated pattern was proportional to the radial
distance from the origin. The standard deviation was about 0.6 for the Yellow River Basin.
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According to the R values, the VIC model showed better results for Hai River, Huai River,
and Southeast River than those for the other basins. The Southwest River basin had the
lowest R value due to the small number of meteorological stations in this area as shown in
Figure 1a.
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The ET simulation was further evaluated with the RS datasets. As shown in Figure 6,
the average monthly ET from the VIC simulations showed comparatively good agreement
with the GLASS ET for each basin. The Southeast River Basin and the Pearl River Basin
had the highest ET flux, while the Inland River Basin presented the lowest ET due to the
inadequate precipitation throughout the year. Figure 7 shows the seasonal changes and the
differences between the VIC simulated ET and the GLASS ET. The VIC simulated ET was
larger than the GLASS in southeastern China and lower in the other areas. The differences
range from −2 to 2 mm/day, which were partly attributable to the different temporal
resolutions (the GLASS ET had a temporal resolution of eight days). However, the average
difference for the four seasons was only about −0.36 mm/day, and thus the VIC simulated
ET was consistent with the RS products, implying an acceptable performance for the model
in this study.
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SM is also evaluated with the ground-based observations and the RS products.
Figures 4 and 5b show the performance of the top 10-cm SM estimates against the ground-
based SM observations. The R values for most stations were higher than 0.6 and the RMSEs
were less than 12 mm. There was a pattern in which stations with high R values (> 0.7) usu-
ally had considerably low RMSEs, indicating R and the RMSE were not two independent
indicators. The best results were shown in the Pearl River basin with the highest R value
(~0.85) among the nine regions. The modeling presents a poor performance at several
stations, potentially because of the differences in temporal (10-day for observations and
daily for simulations) and spatial resolutions. The errors for the central basins, such as Hai
River and Yellow River, may be caused by the effects of human activities (e.g., agricultural
irrigation) on hydrological processes. Overall, given the high R values and the low RMSEs
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for most stations, the comparisons of the two SM datasets demonstrate that they match
reasonably well.
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3.3. SM Evaluation

The ESA-CCI SM product was used to further evaluate the SM results from the spatial
perspective. As shown in Figure 8, the magnitudes of simulated SM in the top layer
matched well with the ESA-CCI product. SM tends to be high in the south region (e.g.,
Pearl River, Southeast River) and the VIC modeling can successfully capture the spatial
pattern. Figure 9 describes the differences between the simulations and the ESA-CCI
product. Relatively large differences in winter (December–February) could be found in
southwestern China. The opposite pattern appeared in summer (June–August), with
high differences in southeastern China. Slight differences between simulations and the
ESA-CCI product were found in spring (March–May), with high values in the Yangtze
River Basin. In autumn (September–November), the southern region was covered by
high differences values, which was distinctly different from northern China. We should
mention that the ESA-CCI SM product holds uncertainties due to its scaling and merging
algorithms [65], and the product performs better over grassland than cropland and urban
areas in China [70]. These results indicate that the VIC model with properly calibrated
parameters provides satisfactory simulations of runoff, ET, and SM.
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4. Discussion
4.1. Reliability of the Modeling

In this study, we developed a hydrological modeling framework for runoff, ET, and
SM at a 0.0625◦ spatial resolution across China from 1970–2016. A few features ensure
the reliability of the modeling framework. First, it employs gridded forcing datasets
that are produced by interpolating observations from 2481 meteorological stations across
China, in contrast to the ~750 stations that have been commonly used in many studies
for China. Based on our previous modeling study over China using 752 meteorological
stations to drive the VIC model, the simulated SM shows a lower correlation coefficient
(<0.4) with the SM observations in the western portion of China. Therefore, increasing
the meteorological stations can substantially improve model performance. Second, the
parameter transfer scheme based on the climactic similarity is used to calibrate the VIC
empirical parameters in ungauged basins. Physical soil parameters, moreover, which
are essential in the VIC modeling, are adopted from the newly released soil datasets of
Dai, et al. [35] and Shangguan, et al. [36] to improve the reliability of hydrological modeling.
Third, our study uses adequate ground observations and RS data to perform extensive
evaluation regarding runoff, ET, and SM. In contrast, most of the other studies have only
validated streamflow [4,6,14], which may not guarantee the reliability for other hydrological
variables, such as ET and SM.

A few other studies constructed national-scale hydrological modeling for China (e.g.,
Xie, et al. [14]; Gou, et al. [71]). Recent work by Miao and Wang [39] produced land
surface fluxes for China using the same VIC modeling, and their work also illustrated the
advantages of the forcing data generated from the 2400 meteorological stations and the
soil parameters from Dai, et al. [35] and Shangguan, et al. [36]. Our work employed an
effective parameter transfer scheme and the modeling was evaluated using streamflow
data from gauge observations. Moreover, the modeling in this study has a relatively fine
spatial resolution (0.0625◦ vs 0.25◦ in Miao and Wang [39]), which is beneficial to detect
extreme hydrological events and to couple with the CLDAS. Therefore, this high-resolution
hydrological modeling could be extended for relevant applications.

4.2. Potential Extension with CLDAS and RS Data

The CLDAS is a system that produces high-quality meteorological forcing and SM
conditions over China at a 0.0625◦ resolution and in hourly time steps (Shi et al., 2011).
Three land surface models are included in the current version of the CLDAS-V2.0 (i.e.,
CLM3.5, Noah-MP, and CoLM). In terms of the Global Land Data Assimilation System
(GLDAS) [72] and the National Land Data Assimilation System (NLDAS) [73], the VIC
model is considered to fully simulate hydrological processes.

In this study, the developed hydrological modeling framework based on VIC has the
same resolution as the CLDAS, and it is easy to couple with the CLDAS. Therefore, this
study provides an opportunity for the CLDAS to be combined with hydrological modeling
to better enhance its services for extreme events analysis.

Based on the high-quality and high-density drivers from the CLDAS, the VIC modeling
framework developed in this study could be applied to real-time hydrological process
estimation across China, and then offer an effective guide to detecting real-time flood and
drought events. Furthermore, the RS data, such as LAI, albedo, and shortwave radiation,
can also be merged into the VIC to improve the model performance by considering the
energy balance.

4.3. Limitations and Future Works

The VIC model is driven by 2481 meteorological stations, while the station density
is low for the western part of China, which could cause uncertainties for simulations. To
address this issue, one option is to use remote sensing products, such as GLASS, TRMM
(Tropical Rainfall Measuring Mission), as the model forcing dataset. As shown in Section 3,
the hydrological simulations are validated with the in-situ observations and the RS data
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over such a large region. However, with the exception of two stations, all of the streamflow
stations only have the data records for the periods before 1990. The ET and SM observation
stations are mostly distributed in North China and are scarce in the northwest of China.
Furthermore, for the large-scale modeling research, the spatial heterogeneity in vegetation
and soil parameterizations over small basins tends to be averaged out. Given the highly
nonlinear features between vegetation/soil parameters and hydrologic processes, global
and regional simulations tend to be biased and are not comparable to point observations,
leading to uncertainties in model validation. Additionally, we calibrate the most sensitive
six parameters of the VIC model (b, d2, d3, Dsmax, Ds, and Ws), while the other parameters
are not calibrated. For example, the wintertime LAI and canopy fraction have a strong
influence on variations in the snow water equivalent [66]. The in-situ observations of
ET and SM are typically representative of the situation in a very small area around the
measurement sites, thus the comparisons between ET, SM observations, and simulations
at grid cell may cause certain uncertainties. We should mention that the RS products of
ET and SM hold uncertainties due to their scaling and merging algorithms [65], leading
to the mismatch for the model evaluation. Therefore, further efforts are needed to reduce
uncertainties from model parameters and to improve the accuracy and application of the
RS products, and to enhance the support of ground-based observation networks.

This study improves the spatial resolution of hydrological modeling to ~6 km across
China, which is just one step toward further increasing the resolution. The modeling needs
to be improved to reach a so-called hyperresolution (~1 km or finer), which is currently
one of the “grand challenges” in the hydrology community [3]. Moreover, as hydrological
processes generally evolve over various temporal scales, from minute to daily time steps,
future studies should also focus on developing hydrological modeling with finer temporal
resolutions [74]. However, the modeling in our study is conducted roughly, at a daily
time step, due to the limitations of the forcing data. Hourly or smaller time step data
can capture more detailed processes, such as flash floods, infiltration, and pore flow [75].
Furthermore, the achievement of high-spatial and temporal-resolution modeling not only
requires the resolution to increase, but also involves the development of hydrological
models to consider more physical processes that are consistent with such high resolutions,
including lateral flow, agricultural irrigation, urbanization effect, glacier and snow process
in high altitudes [47,76,77], and efficient runoff routing algorithms [29,78–80].

5. Conclusions

In order to address fundamental issues associated with extreme hydrologic events of
environmental changes, we develop a long-term and 0.0625◦ resolution hydrological mod-
eling incorporated with newly released soil property dataset and a remotely sensed vegeta-
tion dataset for China using the VIC model and evaluate for the period from January 1, 1970
to June 30, 2016. The modeled runoff, ET, and SM are fully evaluated against datasets from
in-situ stations and RS products temporally and spatially. The modeled runoff results are
significantly improved after parameter calibration and transfer using a climatic similarity
scheme. The R and NSE values for streamflow of most calibrated and validated basins
are greater than 0.70, and the relative biases are generally below 20%. The simulations of
humid regions, such as the Yangtze River Basin, tend to agree better with observations than
those of arid regions. The simulated ET and SM are also validated against ground-based
observations and RS products. The R and RMSE values for ET and SM are quite acceptable.
The simulated ET and SM and the RS products (i.e., GLASS, ESA-CCI) are consistent across
spatial and temporal distributions. Therefore, such a full evaluation for the hydrological
state and fluxes guarantee that this modeling has an improved performance relative to
earlier modeling practices, thus can be used for continental-scale applications (e.g., extreme
hydrologic events evaluation). Furthermore, the model parameters transfer scheme used in
this study can be extended to other regions without ground-based observations for model
calibration.



Remote Sens. 2021, 13, 1247 17 of 20

The modeling framework over a large domain generally involves many aspects,
including the improvement of model physical processes relevant to a fine-scale (e.g., lateral
flow agricultural irrigation, and urbanization effect). The development of a global hyper-
resolution (on the order of 1 km) model is still a grand challenge to the community. This
study does not improve model physical processes, but it makes a step forward for a
continental-scale modeling with a relatively high resolution. This is the first time that
hydrological states and fluxes at a 0.0625◦ spatial resolution are produced and extensively
validated for China, and they are freely available to analyze multi-scale hydrological
conditions. After this evaluation, the model is expected to be coupled with the CLDAS.
Additional efforts are needed to improve the hydrological modeling by including more
physical processes, and developing more model forcing datasets and advanced parameter
calibration techniques.
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