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Abstract: Although the parameters of hydrological models are usually regarded as
constant, temporal variations can occur in a changing environment. Thus, effectively
estimating time-varying parameters becomes a significant challenge. Following a
survey of existing estimation methodologies, this paper describes a new method that
combines (1) the basic concept of split-sample calibration (SSC), whereby parameters
are assumed to be stable for one sub-period, and (2) the parameter continuity
assumption, i.e., the differences between parameters in consecutive time steps are small.
Dynamic programming is then used to determine the optimal parameter trajectory by
considering two objective functions: maximization of simulation accuracy and
maximization of parameter continuity. The efficiency of the proposed method is
evaluated by two synthetic experiments, one with a simple two-parameter monthly
model and the second using a more complex 15-parameter daily model. The results
show that the proposed method is superior to SSC alone, and outperforms the ensemble
Kalman filter if the proper sub-period length is used. An application to the Wuding
River basin indicates that the soil water capacity parameter varies before and after 1972,
which can be interpreted according to land use and land cover changes. Further
application to the Xun River basin shows that parameters are generally stationary on an
annual scale, but exhibit significant changes over seasonal scales. These results
demonstrate that the proposed method is an effective tool for identifying time-varying
parameters in a changing environment.

Keywords: hydrological model; time-varying parameter; calibration; dynamic

programming
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23 1. Introduction

24 Conceptual models describe the physical processes that occur in the real world by
25  means of certain assumptions and empirically determined functions (Toth and Brath,
26 2007). In spite of their simplicity, conceptual models are effective in providing reliable
27 runoff predictions for widespread applications (Quoc Quan et al., 2018; Refsgaard and
28  Knudsen, 1996), such as real-time flood forecasting, climate change impact
29  assessments (Dakhlaoui et al., 2017), and water resources management. Conceptual
30 hydrological models typically have several inputs, a moderate number of parameters,
31  state variables, and outputs. Among these, the parameters play an important role in
32 accurate simulation and should be related to the catchment properties. However,
33  parameter values often cannot be obtained by field measurements (Merz et al., 2011).
34  Analternative approach is to calibrate parameters based on historical data.

35 Parameters are usually regarded as constants, because of the general idea that
36  catchment conditions are stable. Constant parameters become inaccurate in differential
37  split sample test (DSST) conditions (Klemes, 1986). For example, parameters
38 calibrated based on data from a wet (or dry) period may fail to simulate runoff in a dry
39 (or wet) period for the same catchment. Broderick et al. (2016) used DSST to assess the
40  transferability of six conceptual models under contrasting climate conditions. They
41 found that performance declines most when models are calibrated during wet periods
42  but validated in dry ones. Fowler et al. (2016) pointed out that the parameter set
43 obtained by mathematical optimization based on one climate condition may not be

44 robust when applied in different conditions. Additionally, the catchment properties can
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change over time, such as in the case of afforestation and deforestation (Guzha et al.,
2018; Siriwardena et al., 2006). These changes need to be taken into account through
model parameters (Bronstert, 2004; Hundecha and Bardossy, 2004). Hence, temporal
variations in parameters should reflect the changing environment.

One challenge here is the methodology used to identify time-varying parameters.
In the literature, three approaches have been discussed. The first is split-sample
calibration (SSC), whereby available data are split into a moderate number of sub-
periods and the parameters are calibrated individually for each period (Thirel et al.,
2015). The second method is data assimilation (Deng et al., 2016; Pathiraja et al., 2018).
This method assimilates observational data to enable errors, states, and parameters to
be updated (Li et al., 2013), making it possible to identify time-varying parameters. The
third approach is to construct a functional form or empirical equation according to the
correlation between parameters and some climatic variates such as precipitation and
potential evapotranspiration (Deng et al., 2019; Jeremiah et al., 2013; Westra et al.,
2014). Note that this study focuses on methods to identify time-varying parameters
rather than modelling them; hence, only comparisons between SSC and data
assimilation are discussed.

SSC is the most commonly used method (Coron et al., 2012; Fowler et al., 2018;
Paik et al., 2005; Xie et al., 2018). Merz et al. (2011) investigated the time stability of
parameters by estimating six parameter sets based on six consecutive five-year periods.
Lan et al. (2018) clustered calibration data into 24 sub-annual periods to detect the
seasonal hydrological dynamic behavior. Despite broad application, it remains
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debatable whether a particular mathematical optimum gives the parameter value during
one period. Many equivalent optima can exist simultaneously for one dataset when
calibrating the model against observations (Poulin et al., 2011). Several studies
addressed this question by adding more constraints to the objective function over the
respective period. For example, Gharari et al. (2013) emphasized consistent
performance in different climatic conditions, while Xie et al. (2018) modified SSC by
selecting parameters with good simulation ability for both the current sub-period and
the whole period. However, few reports have considered the continuity of parameters
in the SSC method.

Continuity requires differences between the parameters in consecutive time steps
to be small, because changes in the watershed characteristics occur over a prolonged
period. This assumption is the basic idea behind data assimilation methods. For
example, the a priori parameters in ensemble Kalman filter (EnKF) methods are
commonly derived from updated values from the previous time step (Moradkhani et al.,
2005; Xiong et al., 2019). From this, a trade-off between simulation accuracy and
parameter continuity is established, and parameters that enable greater continuity are
more likely to be selected. Deng et al. (2016) validated the ability of the EnKF to
identify changes in two-parameter monthly water balance (TMWB) model parameters.
Pathiraja et al. (2016) proposed two-parameter evolution models for improving
conventional dual EnKF, and obtained superior results for diagnosing the non-
stationarity in a system. EnKF and its variants are relatively advanced approaches for
identifying time-varying parameters (Lu et al., 2013). However, for a hydrological
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model, the states may change over every time step, whereas the parameters may not, in
particular for hourly time scales. This can be offset by SSC, which assumes that the
parameters retain stable for a pre-determined period (such as decades, years, or months).
Compared to EnKF, the simplicity of SSC is another advantage, as it has a less complex
mechanism and reduced redundancy (Chen and Zhang, 2006).

The aim of this study is to present a new method for time-varying parameter
estimation by combining the strengths of the basic concept of SSC and the continuity
assumption of data assimilation, which is a useful tool for diagnosing the non-
stationarity caused by a changing environment. Compared with data assimilation, the
proposed split-sample calibration based on dynamic programming (SSC-DP) avoids
overly frequent changes of parameters, such as hourly or daily variations. Compared
with SSC, the distinctive element is that SSC-DP considers the parameters to be related
over adjacent sub-periods, and selects parameter sets with good performance for each
period and small differences between adjacent time steps. In this study, three aspects of
the proposed method are evaluated: (1) The performance of SSC-DP is compared with
that of existing methods in terms of the estimation of time-varying parameters; (2) The
applicability of SSC-DP to more complex hydrological models with a considerable
number of parameters; (3) The ability of SSC-DP to provide additional insights on
parameter variations and their correlations with the properties of real catchments. To
investigate the above issues, the proposed method is compared with SSC and EnKF in
two synthetic experiments (one with a two-parameter monthly model, the other with a
15-parameter daily model). SSC-DP is also applied to two real catchments for
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parameter estimation under different environmental conditions.

The remainder of this paper is organized as follows. Section 2 describes the
proposed method, reference methods, and performance evaluation indices. Section 3
describes two synthetic experiments and two real catchment case studies for
comparison among different time-varying parameter estimation methods. Sections 4
and 5 present the results and discussion, respectively, before the conclusions to this

study are drawn in Sect. 6.

2. Methodology

The two hydrological models considered in this study are the TMWB and
Xinanjiang models. Their concepts and differences are presented in Sect. 2.1. To avoid
the prohibitive computational cost of the Xinanjiang model’s calibration procedure,
sensitivity analysis is employed to select behavioral parameters with less uncertainty,
as outlined in Sect. 2.2. Three time-varying parameter estimation methods (SSC, SSC-
DP, and data assimilation) are then used to determine the variations in these behavioral
parameters, as described in Sect. 2.3. Finally, to evaluate the performance of the time-
varying parameter estimation methods, four evaluation criteria are selected and

formulated in Sect. 2.4.

2.1 Hydrological models
2.1.1 Two-parameter monthly water balance model

The TMWB model developed by Xiong and Guo (1999) is efficient for monthly

runoff simulations and forecasts (Dai et al., 2018; Guo et al., 2002; Kim et al., 2016;
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132 Yang et al., 2017). The model requires monthly precipitation and potential
133 evapotranspiration as inputs. Its simplicity and efficiency of performance mean that
134 TMWB can easily be used to investigate the impacts of climate change (Deng et al.,
135 2016; Luo et al., 2019). Its outputs include monthly streamflow, actual
136  evapotranspiration, and soil moisture content index. The model has only two
137  parameters (Table 1), C and SC. The parameter C takes account of the effect of the
138  change of time scale when simulating actual evapotranspiration. The parameter SC

139  represents the field capacity.
140  2.1.2 Xinanjiang model

141 The Xinanjiang model (Zhao, 1992) is widely used in China (Li and Zhang, 2017;
142 Sietal., 2015; Yinetal., 2018). It takes precipitation and pan-evaporation data as inputs
143 and estimates the actual evapotranspiration, soil moisture storage, surface runoff,
144  interflow, and groundwater runoff from the watershed. The simulated streamflow is
145  calculated by summing the routing results of the surface, interflow, and groundwater
146 runoff (Sun et al., 2018). In this study, the surface runoff is routed by the instantaneous
147 unit hydrograph (Lin et al., 2014), while the interflow and groundwater runoff are
148  routed by the linear reservoir method (Jayawardena and Zhou, 2000). A schematic
149  overview of the model is presented in Fig. 1. The 15 parameters in the Xinanjiang model
150  are defined in Table 2.

151 There are two important differences between the TMWB and Xinanjiang models:
152 (1) TMWB is a monthly rainfall-runoff model, whereas the Xinanjiang model can run

153 on hourly or daily step sizes; (2) the TMWB model is much simpler and has fewer
8 / 58
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parameters than the Xinanjiang model.
2.2 Parameter sensitivity analysis method

Sensitivity analysis is used to identify which parameters significantly affect the
performance of the Xinanjiang model and reduce the number of parameters to be
calibrated. Numerous sensitivity analysis methods are available, such as the Morris
method (Morris, 1991) and Sobol analysis (Sobol, 1993). The Morris method provides
similar results to Sobol analysis with a reduced computational burden (Rebolho et al.,
2018; Teweldebrhan et al., 2018; Yang et al., 2018).

The Morris method assumes that if parameters change by the same relative amount,
the parameter that causes the larger elementary effect is the more sensitive (King and
Perera, 2013). The elementary effect is calculated as follows:

0,0ys0, 1,0, + A0, 1.0 O0) = V(6. Oy,
EEp(Hl,HZ,...,HNp,A):y(lz p1p pAl o) = Y(01: OB "

where 9p represents the p-th parameter; A is the relative amount; Np is the total
number of parameters, and | is the model output based on a particular parameter set.

Each parameter is changed in turn and every parameter set produces an elementary
effect. The parameter sensitivity is evaluated using the mean value £ of the
elementary effects. If a parameter has a higher value of £, itis more sensitive. In fact,
interactions between parameters should be taken into account (Jie et al., 2018). Hence,
the standard deviation O can be calculated. A higher value of O indicates a

stronger nonlinear correlation between parameters (Pappenberger et al., 2008).

2.3 Time-varying parameter estimation method
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2.3.1 Split-sample calibration

SSC provides a simple way of diagnosing parameter non-stationarity under a
changing environment (Merz et al., 2011). As illustrated in Fig. 2(a), the method usually
has two steps (Hughes, 2015; Kim et al., 2015): (1) Available data are divided into
several consecutive periods, which can be arbitrarily chosen as hours, days, months,
seasons, or years; (2) Parameters are calibrated separately for the respective period.
This procedure gives better simulation performance than using constant parameters, but
leads to the estimated parameters fluctuating strongly over adjacent sub-periods,

producing false temporal variants.
2.3.2 Split-sample calibration based on dynamic programming

To overcome this problem, the SSC-DP method identifies time-varying parameters
with consideration of temporal continuity. SSC-DP has five steps (Fig. 2(b)):

(1) Split-sample periods. This process is the same as the first step of the SSC.

(2) Feasible parameter space generation. An ensemble of nearly optimal parameter
sets for each sub-period is obtained using Markov chain Monte Carlo (MCMC)
sampling (Chib and Greenberg, 1995). The likelihood measure of the i-th sub-period
links the parameter to observations using the Nash—Sutcliffe efficiency (NSE) (Nash

and Sutcliffe, 1970) as follows:

ixI ~
z (Qt _Qt)z
L(0)=1- t:(i;i?xlﬂ — @)
(Q{ _Q‘)Z

t=(i-1)xI+1

where Q, and Qt are the observed and simulated runoff at time step t,respectively,
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195 and | isthe length of the sub-period.

196 (3) Dynamic programming optimization. The goal is to find parameters that
197  provide both good model performance and continuity. The continuity condition aims to
198  minimize the difference between the estimated parameters for sub-periods i and i+1.
199  For N sub-periods, the objective function can be expressed as follows:

200 Max F = £, [(NSE; + NSEjp; + NSEgps ) — o x X7, AZeew—0inl 4 3)

p=1 Hmax,p—gminvp
i (In(Q)-In(Q))*
o NSE,,; =1- t=(i?3>d+l -~ o
Y. (n(Q)-In(Q))’*

t=(i-1)x1+1

ix| ‘Ql _Ql‘
202 NSEabs,i :1_[:0;3)('”—_ (5)
[2-Ql

t=(i D41
203 where 6;, is the p-th estimated parameter over the i-th sub-period; 6,4y, and
204 Oy are its maximum and minimum values, respectively; Np is the number of the
205  parameters; and o is the weight, reflecting parameter continuity. The weights of
206  NSE;, NSE,;, ;, and NSE,,,s; are set to 1 following the work of Merz et al. (2011), who
207  used equal weights for the NSE and its variants.

208 As the decision-making process during the current sub-period is related to that of
209  the previous sub-period, the parameter estimation over N periods becomes a multi-stage
210  optimization problem. To solve this, a dynamic programming technique (Bellman, 1957)
211 isemployed to decompose the optimization into a number of single-stage problems and
212 determine the optimal trajectory of the time-varying parameters. Dynamic
213 programming is a useful method for handling sequential operation decisions. It allows
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the problem to be solved using a backward recursive procedure, whereby the decision-
making for each sub-period maximizes the sum of current and future benefits (Li et al.,
2018; Ming et al., 2017). In this study, the objective function is formulated as the
following recursive equation:

{Fi* = max{fi[9;1, 92 93, 0ip| + Fies} ©6)

Fy=0

where F;" is the evaluation index using the optimal time-varying parameters from the
N-th to the i-th sub-periods, and Eq. (6) calculates the objective function from the N-th
sub-period to the first sub-period.

(4) Update initial states. The initial states, such as that of the soil water content,
are important in model simulation and calibration. As the final states for sub-period i
are not used as the initial states for sub-period i+1 during steps (1)—(3), the time-varying
parameter set obtained from step (3) is applied to the hydrological model to update the
initial states of each sub-period for the next iteration.

(5) Steps (1)-(4) are repeated until the initial states of each sub-period are

generally stable.
2.3.3 Data assimilation

Another approach for diagnosing variations in parameters is data assimilation,
using methods such as the EnKF and ensemble Kalman smoother (EnKS). These are
used here as reference methods. The EnKF has been widely applied to conceptual
models, including TMWB (Deng et al., 2016). Li et al. (2013) noted that the EnKF

struggles to handle the time-lag in routing processes. However, the routing component

12 / 58

Hydrology and
Earth System
Sciences

Discussions



https://doi.org/10.5194/hess-2019-639
Preprint. Discussion started: 20 December 2019
(© Author(s) 2019. CC BY 4.0 License.

235
236
237
238
239
240
241
242
243
244
245

246

247

248
249
250
251
252
253
254

255

is vital to the Xinanjiang model. EnKS can efficiently determine the states of the
Xinanjiang model (Meng et al., 2017), but the estimation of routing parameters deserves
discussion. Most previous studies have used a fixed distribution of the routing
hydrograph in data assimilation (Lu et al., 2013), i.e., the parameters are constant for
routing processes. With respect to these issues, a modified EnKF (named SSC-EnKF)
is established as a third data assimilation reference method in the synthetic experiment
with the Xinanjiang model (described in Sect. 3.1).

The EnKF includes two main steps: model prediction and assimilation. The state
vector is augmented with parameter variables so that time-varying parameters can be
estimated simultaneously with model states. For model prediction, the augmented
vector is derived by adding noise on that from the previous time step through the

following equation:

_ k+ k
"gtlirl lgt 5t k k
| ke e oG =N(OR).& ~N(0.G,) @)
Xt+1 f (Xt ’6t+1’ ut+1) gt
where @ is the parameter vector at time step t represented as (61,1:91,27---7@,Np)?

x, isthe state vector; 9, and X, are the k-th ensemble member forecasts at time

¢
step t+1; $“and X are the updated values of the k-th ensemble member forecasts
at time step t; u,,, denotes the forcing data (e.g., precipitation) at time step t+1; &,
and & are the white noise for the k-th ensemble member, which follow a Gaussian
distribution with zero mean and specified covariance of R, and G, respectively.

In the assimilation process, the augmented vector is updated using the following

equations if suitable observations are available:
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{sz:lJ _ [ sz+1] . [ KA: |:ytk+1 - yﬁl}} (8)
g5) \8a) K2 [y - 9]

Yia=Yea t & &a =~ N(OW,), 9)

Vs =h0es, 9%) (10)

where y,,, isthe observation vector attime t+1; y!, is the k-th observation ensemble

member at time step t+1; vy, is the simulation vector at time t+1; h is the

observational operator that converts the model states to observations; &<, is the

measurement error, which follows a Gaussian distribution with a covariance of W, ;
and K/, isthe Kalman gain matrix (for details, see Feng et al., 2017).

The EnKS is based on the EnKF. Whereas the EnKF updates the model states and

parameters at the current time step, the EnKS takes account of those values over the

past time steps. The main steps of the EnKS are identical to those of the EnKF, but the

equation of the assimilation process is formulated as follows:

+ _ xX* k gk
{thaflat—n»fz ] _ (th-t-lﬁt—nﬁ-Z J 4 Km |:y1+1 y‘+1:| (11)
‘%tzqtfmz lgtl:’;%t*n‘l’z Kf: l:ytk+1 - ytk+1:|
ok k— k—
yt+l = h(xt+14>t—n+2’ l9t+14>'(—n+2 (12)

where K; is the Kalman gain matrix of EnKS. The fixed time window n of EnKS
is pre-determined based on the response function or unit hydrograph. Meng et al.
(2017) suggested that the time window should be set as half of the recession time of
a flood.

A third data assimilation approach is constructed based on the SSC. Instead of
assimilating one observed variable, it assimilates the observed variables during a given
period in one assimilation process. Assuming that the parameters are constant in the
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given period, the equation of the assimilation process for the i-th sub-period is
expressed as follows:
(xﬁj} _ (XJ X { S VSIS e ]J )
5) () LK Yo = Voo |
yilil+1~>(i+1)><l = h(xil(+17 |k+1) (14)
where 9 is the parameter vector for sub-period 1, represented as (64,605 )

x; is the initial state vector for sub-period I;and | isthe length of the sub-period.
This approach addresses the routing-lag issue by allowing parameters of the

routing processes, such as the instantaneous unit hydrograph, to remain constant for

each sub-period and to be time-varying over the whole period.
2.4 Model evaluation criteria

The streamflow simulations and parameter estimations given by the proposed
time-varying parameter estimation approach are verified using the NSE, root mean
square error (RMSE), and Pearson correlation coefficient (R?). The simulated
streamflow is evaluated using the NSE. A higher NSE value indicates a better

simulation.

The estimated parameters are evaluated by the RMSE (Alvisi et al., 2006) and R?

(Kim et al., 2007). For the p-th parameter, the formulations are as follows:

RMSE, = /%Z(e{,p -6,) (15)
t=1
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296 where 6, and 67t are the true parameter and its estimated value at the t-th time step,

297  respectively; §p and 5p are the mean value of the true parameters and its estimated

298  values, respectively; and M s the length of the data during the whole period. RMSE

299  quantifies the accuracy of the estimated parameters, and R? records the overall

300 agreement between the true and estimated parameters. Smaller values of RMSE and

301 higher values of R? indicate stronger parameter identification ability. A Taylor diagram

302 s used to summarize the standard deviation, RMSE, and R? in a polar plot, providing a

303  graphical representation of the performance of SSC-DP.

304 3. Dataand study area

305 Two synthetic experiments and two real catchment case studies were designed to

306  assess the performance of SSC-DP. The experiments are described in Table 3.

307 3.1 Synthetic experiments

308 The two synthetic experiments examine the ability of SSC-DP to identify the time-

309  varying parameters of the TMWB and Xinanjiang hydrological models. The merit of

310  synthetic experiments is that the parameters can be synthetically generated to be either

311  constant or time varying. Hence, it is convenient to compare the estimated values with

312 theapriori known parameters to evaluate different parameter estimation methods. Note

313  that synthetic experiments have been successfully used in several time-varying
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parameter identification studies (Deng et al., 2016; Pathiraja et al., 2016; Xiong et al.,

2019).

3.1.1 Synthetic experiment with the TMWB model

Synthetic data of monthly precipitation and potential evapotranspiration were
collected from the 03451500 catchment of the Model Parameter Estimation Experiment
(MOPEX) (Duan et al., 2006). The data cover 252 months. Runoff was derived by the
TMWB model using synthetic precipitation, potential evapotranspiration, and the
known parameters. Gaussian noise was added to the simulated runoff to represent
uncertainties. The mean of the noise was set to zero, and the standard deviation was
assumed to be 3 % of the magnitude of the values (Deng et al., 2016).

Eight scenarios with different known parameters were investigated (Table 4). The
first scenario considered constant parameters. Scenarios 2 and 3 considered month-by-
month variations in TMWB model parameters, i.e., the parameters remain constant
during each month, but change from month to month. Scenarios 4 and 5 considered
parameters that change every six months. Scenarios 6-8 considered year-by-year
variations. The changes in both C and SC were considered to be linear in scenarios 2,
4, and 6 (Trend) and sinusoidal in scenarios 3, 5 and 7 (periodicity), reflecting the
impacts of climate change and human activities (Pathiraja et al., 2016). Scenario 8
considered a periodic variation with an increasing trend for parameter C and only the

linear variation in SC.
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3.1.2 Synthetic experiment with the Xinanjiang model

Hourly precipitation and pan evaporation data were collected from the Baiyunshan
Reservoir basin in China. The data cover a period of 18000 h. The Xinanjiang model
has 15 parameters, which can lead to a significant computational burden. To reduce the
total number of model runs, only the sensitive parameters were considered to be free.
The Morris method was used to detect the free parameters (Fig. 3), with the results
showing that KE, CI, CG, KI, KG, and NK are sensitive parameters. Thus, the other
parameters were held constant for the whole period.

Similar to the experiment with the TMWB model, synthetic runoff was derived
from the Xinanjiang model with added Gaussian noise. The mean of the noise was set
to zero, and the standard deviation was assumed to be 5 % of the magnitude of the
values. As presented in Table 5, all 15 parameters were set to be constant in the first
scenario. The known sensitive parameters were considered to vary with a certain trend
and periodicity in scenarios 2 and 3, respectively. Scenario 4 considered a combined
variation of trend and periodicity for the parameter KE, with the other free parameters
set to vary linearly. The parameter variations in scenarios 2—4 were assumed to occur

once a year.

3.2 Study area: Wuding River basin

The Wuding River basin (Fig. 4(a)) examined in the first case study is a large sub-
basin of the Yellow River basin located on the Loess Plateau (Xu, 2011). The Wuding
River has a drainage area of 30261 km? and a total length of 491 km. The average slope
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is 0.2 %, and the elevation varies from 600-1800 m above sea level. The area is a semi-
arid region with mean annual precipitation of ~401 mm. The annual potential
evapotranspiration is 1077 mm, and the mean annual runoff is 39 mm. The data for this
basin were collected over the period 1958-2000. The daily precipitation was obtained
from Thiessen polygons using records from 122 rain gauges. Based on meteorological
data from the China Meteorological Data Sharing Service System (http://data.cma.cn),
areal pan evaporation data were obtained. As illustrated in Fig. 4(a), the station furthest
downstream, Baijiachuan, drains an area of 29,662 km? (98 % of the total basin) and
records the daily runoff data.

The erosion of loess, vegetable degradation, and human activities mean that the
Wuding River basin suffers severe soil erosion. Soil and water conservation measures,
such as reservoir construction and afforestation, have been undertaken since the 1960s.
Several studies have reported the anthropogenic impacts of this area and demonstrated
the changing relationship between precipitation and runoff (Gao et al., 2017; Jiao et al.,

2017).

3.3 Study area: Xun River basin

The proposed method was also applied to the Xun River basin, China (Fig. 4(b)).
Located between 108°24’-109°26° E and 32°52°-33°55” N, the study area covers
approximately 6448 km?. The Xun River is ~218 km long and has an average annual
flow of 73 m%s (Li et al., 2016). The basin has a subtropical monsoon climate. The

weather is wet and moderate with an annual average temperature of 15-17 °C. The daily

19 / 58

Hydrology and
Earth System
Sciences

Discussions



https://doi.org/10.5194/hess-2019-639
Preprint. Discussion started: 20 December 2019
(© Author(s) 2019. CC BY 4.0 License.

376
377
378
379
380
381
382

383
384
385

386

387
388
389
390
391
392
393
394
395

396

hydrological data from 1991-2001 include precipitation from 28 rainfall stations, pan
evaporation from three hydrological gauged stations, and discharge at the outlet of the
Xun River basin. Areal precipitation was obtained using the Thiessen polygon method,
and areal pan evaporation was computed using the average value of the data from
gauged stations.

As atributary of the Han River, climatic impacts are important factors in the South-
to-North water diversion project. Given that the majority of rainfall (approximately 70—

80 % of the total) occurs in the summer, seasonal variations should also be considered.

4, Results

4.1 Synthetic experiment

4.1.1 Results of synthetic experiment with the TMWB model

When using SSC-DP, the first task is to define how the hydrological data series
should be split into the k sub-periods within which the parameters are assumed to be
constant. As climate change can induce seasonal or half-annual variations while human
activities usually influence the watershed annually, lengths of three months, six months,
and 12 months were arbitrarily chosen. Thus, this experiment compared the following
four methods: (1) EnKF; (2) 3-SSC-DP; (3) 6-SSC-DP, and (4) 12-SSC-DP.

Table 6 presents the runoff simulation performance for various scenarios. There is
little difference among the four methods in terms of NSE, with all NSE values higher
than 99 % in scenarios 1, 2, 4, 5, 6, 7, and 8. In scenario 3, the NSE values of 6-SSC-

DP and 12-SSC-DP decrease significantly, because the assumed sub-period length is
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longer than the time-scale of actual variations. This issue does not appear in scenario 2,
where the NSEs of 6-SSC-DP and 12-SSC-DP are greater than those of 3-SSC-DP and
EnKF. All of the SSC-DP methods exhibit superior simulation performance compared
with ENKEF in scenarios 1, 4, 5, 6, and 8, and both 6-SSC-DP and 12-SSC-DP have
higher NSEs than EnKF in scenario 7. SSC-DP offers improved accuracy if the proper
length is chosen.

Figure 5 focuses on the ability of the four methods to identify time-varying
parameters. In scenario 1, 12-SSC-DP gives the best performance (see Fig. 6(b)).
Although 6-SSC-DP and EnKF give similar estimates for SC in this scenario, 6-SSC-
DP gives a better estimation of parameter C with a lower RMSE. When the synthetic
true parameters vary linearly (scenarios 2, 4, and 6), 12-SSC-DP produces a lower
RMSE and higher R? for C and SC in comparison with EnKF, 3-SSC-DP, and 6-SSC-
DP, regardless of the difference between assumed and actual sub-period lengths. When
the synthetic true parameters vary sinusoidally (scenarios 3, 5, and 7), the results are
more complex. EnKF gives the best performance in scenario 3, where the parameters
vary sinusoidally from month to month. The poor performance of 6-SSC-DP and 12-
SSC-DP can be explained by the assumed length being much longer than the actual one,
preventing parameter variations over short timescales from being identified. When the
parameters vary periodically at six-month intervals (scenario 5), 6-SSC-DP yields the
best performance (Fig. 6(a)). For the annual variation in parameters (scenario 7), 12-
SSC-DP produces the optimal results. It can be inferred that a proper period length is
important for identifying sinusoidal variations, but does not limit the ability of SSC-DP
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to identify linear variations. Note that in scenario 5, where the parameters vary
sinusoidally at six-month intervals, 12-SSC-DP and EnKF provide similar performance.
This indicates that, even when the lengths are unsuitable, SSC has the potential to
achieve comparable results to EnKF. Further evidence is that both 12-SSC-DP and 6-
SSC-DP are generally better than EnKF in scenario 8, where C has a combined variation
from year to year.

The 3-SSC-DP model fails to detect parameter variations among different
scenarios, because the assumed length that serves as a calibration period for MCMC is
too short (i.e., three months). Thus, the estimated parameters are associated with higher

uncertainties.

4.1.2 Results of synthetic experiment with the Xinanjiang model

The Xinanjiang model is more complex than TMWB, and so some sensitivity
analysis is necessary. As stated in Sect. 3.1.2, the sensitive parameters are KE, Cl, CG,
Kl, KG, and NK. The 18000 hourly hydrological data points were divided into 25 sub-
periods (monthly time scale) and 12 sub-periods (bimonthly time scale). It is considered
that a monthly time scale helps diagnose seasonal variations, whereas a two-monthly
time scale provides data for longer calibration lengths.

Three data assimilation methods (see Sect. 2.3.2 for details) were applied to the
synthetic data: (1) EnKF; (2) EnKS, and (3) SSC-EnKF. The results in Table 7 indicate
that EnKS is superior to EnKF, as previously observed (Li et al., 2013), although SSC-

EnKF gives the best results. This is probably because SSC-EnKF is based on the
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assumption that the parameters remain constant during each sub-period.

The simulated streamflow and identification of time-varying parameters was
compared across four methods: 1-SSC, SSC-EnKF, 1-SSC-DP, and 2-SSC-DP. The
simulation performance is summarized in Table 8. The NSE value of 1-SSC-DP is lower
than that of 1-SSC for scenarios 2 and 4. Overall, the difference between the simulation
ability of 1-SSC-DP and 1-SSC is slight, because 1-SSC-DP is based on 1-SSC with
more continuous parameters at a cost of some accuracy. However, the NSE value of 1-
SSC-DP is greater than that of 1-SSC for scenario 3. This may be because the
parameters estimated by 1-SSC introduce more uncertainty than SSC-DP when the
“true” parameters fluctuate sinusoidally. The simulation performance of 1-SSC-DP is
superior to that of SSC-EnKF, but 2-SSC-DP is inferior to SSC-EnKF. That is because,
when there are more sub-periods (but the length of each sub-period is not too short),
the performance tends to be better.

Figure 7 compares the time-varying parameter estimation performance among the
four methods. There is a slight difference between 1-SSC and 1-SSC-DP for both
scenarios 1 (constant) and 2 (trend). However, 1-SSC-DP offers a significant
improvement over 1-SSC in scenarios 3 (period) (Fig. 8) and 4 (combination). This
indicates that SSC-DP selects more continuous parameters and provides lower RMSE
and higher R? values when identifying time-varying parameters.

Model 1-SSC-DP significantly outperforms SSC-EnKF under any scenario for
parameter KE in terms of RMSE and R2. For the other parameters, SSC-EnKF gives a
slightly better estimation than 1-SSC-DP. However, the difference is small in terms of
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RMSE and R2. In particular, 1-SSC-DP generates better estimations than SSC-EnKF in
scenario 3 for parameters CG and KI. The results indicate that SSC-DP achieves high-
quality, robust parameter estimations when a proper period length is specified. Figure
7 provides further evidence that 2-SSC-DP performs better than 1-SSC-DP and SSC-
EnKF in scenarios 1 (constant) and 2 (trend), giving a lower RMSE and higher R2.
However, it performs worse than 1-SSC-DP and SSC-EnKF in scenarios 3 (period) and

4 (combination).

4.2 Case study: Wuding River basin

Figures 9(a) and 9(b) show the double mass curves between daily runoff and
precipitation for the Wuding River basin. Similar to the work of Deng et al. (2016), the
two linear slopes of the curves are different before and after 1972, demonstrating the
relationship between precipitation and runoff changes under the soil and water
conservation measures. This suggests that there are annual variations in the watershed
characteristics. Hence, the length of each sub-period was set to 12 months, and the time-
varying parameters were identified using 12-SSC-DP. Based on daily Wuding data from
1958-2000, sensitivity analysis showed that nine parameters of the Xinanjiang model
are relatively sensitive: WM, WUM, WLM, KE, IMP, KI, KG, N, and NK.

The simulation results given by 12-SSC-DP were benchmarked against those from
12-SSC, data assimilation, and the conventional method in which all Xinanjiang model
parameters remain constant. The simulation performance of the conventional method

is presented in Fig. 10(a) (NSE = 40.7 %). Model 12-SSC-EnKF gives the best
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simulation results among the data assimilation methods described in Sect. 2.3.2, with
an NSE value of 38.0 % (Fig.10 (b)). The inferior performance compared with the
conventional method is probably because 12-SSC-EnKF is inapplicable to such a semi-
arid catchment and there are too many parameters to be updated. The performance of
12-SSC (NSE = 48.5 %) and that of 12-SSC-DP (NSE = 51.3 %) are illustrated in Figs.
10(c) and 10(d), respectively. Itis evident that 12-SSC and 12-SSC-DP can significantly
improve the simulation performance of the Xinanjiang model in this semi-arid region.

Although the objective function of 12-SSC-DP considers the trade-off between
simulation accuracy and parameter continuity, 12-SSC-DP gives a higher NSE value.
This may be because 12-SSC locates a local peak over one sub-period, resulting in
unreasonable model states for the beginning of the next sub-period, whereas 12-SSC-
DP uses dynamic programming to explore more reasonable parameter values and model
states. Figure 10 shows the quantile-quantile plots, from which it can be seen that if the
parameters are assumed to be constant, streamflow is highly underestimated. Models
12-SSC and 12-SSC-DP reduce this underestimation by using time-varying parameters.
Additionally, 12-SSC-DP is slightly inferior to 12-SSC in terms of peak flows, but is
superior in terms of simulating streamflow lower than 100 m%/s, which accounts for 80 %
of the whole streamflow time series. It can be inferred the 12-SSC-DP is more
applicable to the simulation of streamflow in semi-arid regions.

The estimated time-varying parameters estimated by 12-SSC-DP are plotted in Fig.
11. The results show that WM remains constant before and after 1972, but WUM varies
significantly over this period, indicating that the distribution of soil water capacity may
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change, i.e., WUM decreases but WLM increases. It can be inferred that less severe soil
erosion occurred, because the upper layers became thinner while the lower layer, where
vegetation roots dominate, became thicker (Jayawardena and Zhou, 2000). KE changes
slightly, suggesting reduced impacts on the ratio of potential evapotranspiration to pan
evaporation. Similarly, the differences in KI, KG, N, and NK before and after 1972 are
not significant. However, IMP decreases significantly, indicating a reduction in
impervious areas of the basin. This can be attributed to the soil and water conservation
measures, especially the implementation of tree and grass plantations and land terracing.
The variations in WLM and IMP slowed down after the turning point, similar to the

results of Deng et al. (2016).

4.3 Case study: Xun River basin

Figures 9(c) and 9(d) show the double mass curves between runoff and
precipitation for the Xun River basin. The linear slope of the curve is generally
stationary for the whole ten-year period shown in Fig. 9(c), with a correlation
coefficient of 99.6 %. In contrast, the linear slope for an intra-annual timescale is non-
stationary (Fig. 9(d)). Based on these results, it can be inferred that the relationship
between precipitation and runoff is stable from 1990-2000, but varies over the intra-
annual timescale. Hence, sub-periods of three and 12 months were examined in the Xun
River basin using models 3-SSC-DP and 12-SSC-DP. From the Xun River basin data
from 1991-2000, sensitivity analysis suggested that five parameters of the Xinanjiang

model are relatively sensitive, namely KE, B, KI, KG, and NK.
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Similar to the case study of the Wuding River basin, the simulation performance
of 3-SSC-DP was benchmarked against that of 3-SSC, data assimilation, and the
conventional calibration method. Among the data assimilation methods described in
Sect. 2.3.2, 3-SSC-EnKF gives the highest simulation accuracy. All methods performed
well, with NSE values of 92.5 %, 93.0 %, 95.0 %, and 94.8 % for the conventional
method, 3-SSC-EnKF, 3-SSC, and 3-SSC-DP, respectively. This shows that 3-SSC-DP
outperforms 3-SSC-EnKF, while 3-SSC gives slightly better performance than 3-SSC-
DP, which can be intuitively attributed to the multi-objective function used in the SSC-
DP method. This result is different from that in the Wuding case study. Here, the reason
can be attributed to the fact that streamflow is easier to model in wet regions, i.e., the
Xun River basin, in which the parameters and model states of each sub-period have less
uncertainty. However, the uncertainty increases in dry regions, i.e., the Wuding River
basin. The superior performance in the Wuding River basin suggests that SSC-DP is
more useful when simulating streamflow in dry regions (or periods).

The estimated parameters using 3-SSC-DP are presented in Fig. 12(a). Some
parameters vary significantly over an intra-annual time scale. Among them, the
parameter KE, representing the ratio of potential evapotranspiration to pan evaporation,
exhibits the most distinct seasonal variations. A fast Fourier transform was used to
calculate the spectral power of the KE time series to explore its periodic characteristics.
As can be observed from Fig. 12(b), 3-SSC-DP had the greatest spectral power, for a
period of 4.0 cycles per year, somewhat higher than the power obtained by 3-SSC and
3-SSC-EnKF. This means a stronger periodic pattern is captured by 12-SSC-DP. Given
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that the estimated KE varies at three-monthly intervals, it has a one-year periodicity.
The other parameters do not exhibit significant one-year periodic patterns. This may be
because only KE, linking potential evapotranspiration and pan evaporation, is directly
impacted by seasonal climate variations, such as temperature.

In this experiment, 12-SSC-DP was also applied to the Xun River basin and
benchmarked against 12-SSC and the conventional method. The resulting NSE values
of 93.2 % for 12-SSC and 93.1 % for 12-SSC-DP are similar to those in the above
analysis. The simulation performance decreases slightly from 12-SSC to 12-SSC-DP
because of the tradeoff between simulation accuracy and parameter continuity. The
estimated time-varying parameters using 12-SSC are plotted in Fig. 12(c). As can be
seen, five sensitive parameters vary over a relatively small extent compared to the
parameter ranges listed in Table 2, indicating that the associated watershed
characteristics of Xun River basin lacked a strong temporal pattern over an annual scale
during 1990 to 2000. Hence, seasonal climate variability is the main cause of the non-
stationarity in the hydrological processes of the Xun River basin. This finding is in
agreement with the work of Lan et al. (2018), who also recognized and analyzed the

seasonal hydrological dynamics of this study region.

5. Discussion

As noted in the methodology section, the performance of the proposed method is
influenced by several factors, such as the weights in the objective function and the
choice of lengths. Some suggestions regarding the improvement of the proposed

approach are now discussed in detail.
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5.1 Objective function of dynamic programming in SSC-DP

In the conventional method, a parameter set is identified as optimal for providing
the best simulation over the calibration period. However, other parameter sets with
slightly worse (but still good) performance can also be candidates. Allowing for input
data uncertainty and local optima, SSC-DP identifies parameter sets that perform near-
optimally and display less fluctuations over sub-periods. This can be adjusted by
weights in the objective function of the dynamic programming approach (see Eq. (3)).
As the weighting for accuracy increases, parameters providing more accurate
simulations are chosen, but parameter continuity is less important. If too much
importance is given to continuity, the variations in real world processes may be
underestimated. Here, the influence of different weights has been assessed for
simulation accuracy and parameter continuity based on synthetic experiments with the
TMWAB and Xinanjiang models, respectively. Specifically, the weight for simulation
accuracy was set to 1, and the weight for parameter continuity a varied from zero to a
small positive value (e.g., 1). When o = 0, only simulation accuracy was considered.

Figure 13(a) shows the R?value of 12-SSC-DP with various continuity weights for
scenario 4 in the synthetic experiment with the TMWB model. It can be seen that R? is
lowest when a = 0 for both C and SC. There is some improvement when a nonzero
weight is applied. As « increases, the performance of 12-SSC-DP improves, and then
worsens; the differences among schemes with nonzero weights are not distinct. Similar
results can be observed in Fig. 13(b), which presents the R? value of 12-SSC-DP with

various a for scenario 2 in the synthetic experiment with the Xinanjiang model.
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Therefore, nonzero continuity weights can significantly improve the parameter
estimation performance compared with the zero-weight case. It is suggested that
weights of 1 (accuracy) and 0.005 (continuity) be used with the TMWB model and
weights of 1 (accuracy) and 0.2 (continuity) be applied with the Xinanjiang model, as

in this study.

5.2 Choice of sub-period length in SSC-DP

As mentioned by Gharari et al. (2013), there are different ways of determining the
sub-period lengths. The sub-periods can be non-continuous hydrological years (Seiller
et al., 2012), months or seasons (Deng et al., 2018; Paik et al., 2005), and discharge or
precipitation events (Singh and Bardossy, 2012). This introduces a controversial issue
whereby parameters are impacted by the length of the calibration period. Merz et al.
(2009) suggested that 3-5 years is an acceptable calibration period, whereas Singh and
Bardossy (2012) indicated that a small number of events may be sufficient for
parameter identification. As reported in Sect. 4, the length should be neither too long
nor too short so as to increase the reliability of the calibration while guaranteeing that
variations in real processes are captured. Thus, given that the time scale of variations is
unknown, the proposed SSC-DP can be used with different split-sample lengths. It is
suggested that the length should be as long as possible without degrading the simulation
performance. For example, in the synthetic experiment with the TMWB maodel, if the
difference between the NSE values of 6-SSC-DP and 3-SSC-DP are small, the preferred

length is six months.
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However, many studies are based on the conventional assumption that parameters
of different sub-periods are independent. Hence, the sub-period lengths should be long
enough to reduce the degree of uncertainty. In this study, the assumption of parameter
continuity is introduced to give another constraint that considers correlations between
parameters of adjacent sub-periods. It appears that the determination of sub-period

lengths deserves further investigation.

6. Conclusions

This paper has described a time-varying parameter estimation approach based on
dynamic programming. The proposed SSC-DP combines the basic concept of SSC and
the continuity assumption of data assimilation to estimate more continuous parameters
while providing comparably good streamflow simulations. Two synthetic experiments
were designed to evaluate its applicability and efficiency for time-varying parameter
identification. Furthermore, two case studies were conducted to explore the advantages
of SSC-DP in real catchments. From the results, the following conclusions can be drawn:

1. One synthetic experiment used the TMWB model with two parameters and eight
scenarios, and the results indicate that the impact of sub-period lengths on the
performance of SSC-DP is significant when the known parameters vary sinusoidally.
Using a suitable length not only produces better simulation performance, but also
ensures that the parameter estimates are more accurate than with SSC and EnKF.

2. The second experiment involved the Xinanjiang model with 15 parameters and
four scenarios. A sensitivity analysis was performed to reduce the probable

computational cost and improve the efficiency of identifying the time-varying
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parameters. The results were similar to those in the first experiment, demonstrating that
SSC-DP has the potential to deal with more complex models.

3. In a case study applied to the Wuding River basin, SSC-DP produced the best
simulation performance. Additionally, it detected that parameters reflecting soil water
capacity and impervious areas changed significantly after 1972, reflecting the soil and
water conservation projects carried out from 1958-2000. A second case study focused
on the Xun River basin. The results from a fast Fourier transform suggest that SSC-DP
detects stronger one-year periodicity than other methods, indicating the distinct impacts
of seasonal climate variability. Thus, SSC-DP can be used to detect the relationship
between the temporal variations of parameters and the changing environment in real
catchments.

This study has demonstrated that the proposed method is an effective approach for
identifying time-varying parameters under changing environments. Further work is still

needed, such as to determine an objective method for choosing the sub-period lengths.
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Table 1 Parameters of the TMWB model
Parameter Physical meaning Range
C Evapotranspiration parameter 0.2-2.0
SC Catchment water storage capacity 100-2000
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Table 2 Parameters of the Xinanjiang model

Category Parameter  Physical meaning Range
WM Tension water capacity 80-400
X WUM=X>WM, WUM is the tension 0.01-0.8

water capacity of lower layer
Evapotranspir Y WLM:YWYM, WLM is the tension 0.01-0.8
ation water capacity of deeper layer

Ratio of potential evapotranspiration

K . 0.4-1.5
to pan evaporation
C The coeffw@nt_of deep 0.01-0.4
evapotranspiration
B The e?<ponent of the tension water 0.1-10
Runoff capacity curve
production IMP The ratio of the |mperV|ous to the 0.01-0.15
total area of the basin
SM The areal mean of the fre(_e water 10-80
capacity of the surface soil layer
Ex The e?<ponent of the free water 0.6-6
Runoff capacity curve
separation KG The outflow coefficients of the free 0.01-0.45
water storage to groundwater
KSS The outflow Coefflments of the free 0.01-0.45
water storage to interflow
N !\Iumber of reserymrs in the 0.5-10
instantaneous unit hydrograph
NK F:ommon storagg coefficient in the 120
Flow instantaneous unit hydrograph
concentration i
KKG The recession constant of 0.6-1
groundwater storage
KKSS The recession constant of the lower 0.9-1

interflow storage
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Table 3 Different cases of synthetic experiments and real catchment case studies for

comparison and evaluation

Time-varying parameter

Hydrological estimation methods
Data
model 3SC SSC- Data
DP assimilation
. TMWB
. Monthl thet t v v
Synthetic onthly synthetic data model
experiment Hourly synthetic data Xinanjiang v v v
model
Real Da.|Iy da.ta from. Xinanjiang v v v
Wuding River basin model
catchment Daily data from Xun Xinanjian
case study ye . J1ang v v v
River basin model
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Table 4 True parameters of different scenarios in the synthetic experiment with the
TMWB model

Scenario  Description

1 Both C and SC are constant

2 Both C and SC have increasing linear trends and change every month

3 Both C and SC have periodic variations and change every month

4 Both C and SC have increasing linear trends and change every six months
5 Both C and SC have periodic variations and change every six months

6 Both C and SC have increasing linear trends and change every year

7 Both C and SC have periodic variations and change every year

C has a periodic variation with an increasing linear trend, whereas SC
only has an increasing linear trend.

The parameters change every year
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Table 5 True parameters of different scenarios in the synthetic experiment with the
Xinanjiang model

Scenario  Description

1 KE, ClI, CG, KI, KG, and NK remain constant
2 KE, CI, CG, KI, KG, and NK have linear trends and change every year
3 KE, CI, CG, KI, KG, and NK have periodic variations and change every year

KE has a periodic variation with an increasing linear trend, whereas CI, CG,
Kl, KG, and NK only have periodic variations.

The parameters change every year
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Table 6 Simulation performance for streamflow in the synthetic experiment with the

TMWB model

scenariol scenario2 scenario3 scenario4 scenario5 scenario6 scenario7 scenario8

ENKF 99.71%  99.83%  99.84%  99.72%  99.67%  99.67%  99.66%  99.73%

3_SDSPC- 99.88%  99.78%  99.44%  99.79%  99.96%  99.95%  99.63%  99.94%
6-SSC-

DP 99.88%  99.94%  98.11%  99.94%  99.93%  99.92%  99.93%  99.94%
12-SSC-

DP 99.86%  99.91%  9451%  99.91%  99.38%  99.92%  99.91%  99.94%
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Table 7 Comparison among EnKF, SSC-EnKF, and EnKS in the synthetic experiment

with the Xinanjiang model

Scenario 1 (trend)

Scenario 3 (combination)

Scenario 4 (constant)

EnKF  SSC-EnKF EnKS EnKF SSC-EnKF EnKS EnKF SSC-EnKF EnKS
KE  0.097 0.058 0.068 0.135 0.071 0.127 0.112 0.124 0.107
Cl 0.065 0.012 0.031 0.051 0.01 0.044 0.035 0.674 0.035
RMSE CG  0.093 0.015 0.036 0.061 0.013 0.056 0.026 0.22 0.039
Kl 0.141 0.004 0.023 0.094 0.004 0.083 0.06 0.057 0.065
KG  0.012 0.002 0.017 0.015 0.001 0.016 0.011 0.009 0.011
NK 2273 0.249 2.459 3.241 0.279 2.084 1.502 0.195 1.978
Mean RMSE  0.300 0.053 0.156 0.256 0.050 0.215 0.236 0.138 0.271
KE 57.60%  66.00%  73.30% 25.70%  50.30%  26.40%
Cl 86.70%  97.90%  54.10% 71.40%  98.10%  82.50%
R? CG -18.80%  96.40%  91.10% 60.70%  96.40%  88.20%
KI  7240%  99.50%  89.30% 38.30%  99.50%  27.30%
KG 97.20%  98.60%  97.20% 96.70%  98.30%  97.60%
NK 8230%  98.90%  84.30% 79.40%  98.50%  69.80%
Mean R? 62.90%  92.88%  81.55% 62.03%  90.18%  65.30%

Note. The mean RMSE is the average value of the normalized RMSE so that the
identification results for the parameters with different ranges can be summarized. Mean

R? is calculated in the same manner.
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Table 8 Simulation performance for streamflow in the synthetic experiment with the

Xinanjiang model

Scenariol Scenario2 Scenario3 Scenario4
SSC-EnKF 99.72% 99.80% 99.72% 99.78%
12-SSC 99.93% 99.74% 99.75% 99.72%
12-SSC-DP 99.92% 99.74% 99.61% 99.73%
24-SSC-DP 95.66% 95.98% 94.89% 95.47%
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Figure 4 Location of (a) Wuding River basin and (b) Xun River basin.
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Figure 5 Taylor diagram showing a comparison between the EnKF and SSC-DP

methods for parameter identification in the synthetic experiment with the TMWB

model. Note the radial distance, linear distance from the observation, and angle

represent the standard deviation, RMSE, and R?, respectively. A = Constant; T =

trend; P = Periodicity; C = Combination.
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Figure 6 Comparison among different methods for (a) scenario 5 and (b) scenario 1 of

the synthetic experiment with the TMWB model.
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Figure 7 Taylor diagram showing a comparison between the SSC, SSC-EnKF, and

SSC-DP methods for parameter identification in the synthetic experiment with the

Xinanjiang model. The radial distance, linear distance from the observation, and angle

represent the standard deviation, RMSE, and R?, respectively.
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Figure 8 Comparison between estimated parameters and their true values for scenario

3 of the synthetic experiment with the Xinanjiang model.
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Figure 9 Double mass curves between daily runoff and precipitation for (a) Wuding

River basin from 1958-1972; (b) Wuding River basin from 1973-2000; (c) Xun River

basin from 1991-2001. Subgraph (d) represents the double mass curve between the

mean daily runoff and precipitation from 1991-2001.
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Figure 10 Streamflow simulation hydrographs (left panels) and quantile-quantile plots

(right panels) using (a) conventional method, (b) 12-SSC-EnKF, (c) SSC, and (d) SSC-

DP for the Wuding River basin. The right subgraphs represent the quantile-quantile

plots for streamflow lower than 100 m3/s.

55 / 58



https://doi.org/10.5194/hess-2019-639 Hydrology and
Preprint. Discussion started: 20 December 2019 Earth System
(© Author(s) 2019. CC BY 4.0 License. Sciences

Discussions
oY

WM X(WLM) Y(WUM)
580 08 08
480 0.6 0.6
380
04 0.4
280 meov—»/\»»«
180 02 02
80 0
1958 1965 1972 1979 1986 1993 2000 1958 1965 1972 1979 1986 1993 2000 1958 1965 1972 1979 1986 1993 2000
KE IMP Kl
16 0.12 12
12
0.08 1
o W
0.04 0.8
04
0 0 0.6
1958 1965 1972 1979 1986 1993 2000 1958 1965 1972 1979 1986 1993 2000 1958 1965 1972 1979 1986 1993 2000
KG N NK
1 5 10
4 8
0.998
3 6
0996 2 4
! MM :
0 0

.9941958 1965 1972 1979 1986 1993 2000 1958 1965 1972 1979 1986 1993 2000 1958 1965 1972 1979 1986 1993 2000
Figure 11 Estimated sensitive parameters of the Xinanjiang model for the Wuding River
basin. The blue and orange solid lines represent the estimated parameters pre- and post-

1972, respectively.
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Figure 12 Estimated sensitive parameters of the Xinanjiang model for the Xun River

basin over (a) seasonal time scale and (c) annual time scale. Plot (b) illustrates the

spectral power of parameter KE using different methods.
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Figure 13 Correlation efficiency results of SSC-DP using different weights of

parameter continuity for synthetic experiments with (a) TMWB model and (b)

Xinanjiang model. The mean R? is the average value of the R? such that the

identification results for parameters with different ranges can be summarized.
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