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SUMMARY

The ensemble Kalman filter (EnKF) is recognized as a powerful data assimilation
technique that generates an ensemble of model variables through stochastic perturbations
of forcing data and observations. However, relatively little guidance exists with regard to
the proper specification of the magnitude of the perturbation and the ensemble size, posing
a significant challenge in optimally implementing the EnKF. This paper presents a robust
data assimilation system (RDAS), in which a multi-factorial design of the EnKF
experiments is first proposed for hydrologic ensemble predictions. A multi-way analysis of
variance is then used to examine potential interactions among factors affecting the EnKF
experiments, achieving optimality of the RDAS with maximized performance of
hydrologic predictions. The RDAS is applied to the Xiangxi River watershed which is the
most representative watershed in China’s Three Gorges Reservoir region to demonstrate
its validity and applicability. Results reveal that the pairwise interaction between perturbed
precipitation and streamflow observations has the most significant impact on the
performance of the EnKF system, and their interactions vary dynamically across different
settings of the ensemble size and the evapotranspiration perturbation. In addition, the
interactions among experimental factors vary greatly in magnitude and direction depending
on different statistical metrics for model evaluation including the Nash—Sutcliffe efficiency
and the Box—Cox transformed root-mean-square error. It is thus necessary to test various

evaluation metrics in order to enhance the robustness of hydrologic prediction systems.

Keywords: Ensemble Kalman filter; Data assimilation; Hydrologic ensemble prediction;

Interaction; Streamflow; Uncertainty
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1. Introduction

Since hydrologic models are mathematical representations of complex watershed
processes, uncertainty is pervasive throughout hydrologic predictions (DeChant and
Moradkhani, 2014). Uncertainty in hydrologic predictions originates from various sources,
including the descriptions of boundary and initial conditions, the errors in model forcing
data, difficulty in obtaining accurate parameter estimates, and model structural deficiencies
(Ajami et al., 2007). Therefore, efficient quantification and reduction of uncertainty are
necessary to provide reliable hydrologic predictions (Moradkhani et al., 2012; Wang et al.,
2015c¢).

Over the past few decades, tremendous efforts have been made in the development
and application of sequential data assimilation techniques for explicitly dealing with
various sources of uncertainty in hydrologic modeling (Weerts and El Serafy, 2006; Liu
and Gupta, 2007; Ryu et al.,, 2009; Gharamti et al., 2013; Panzeri et al., 2014;
Randrianasolo et al., 2014; Khan and Valeo, 2016; Wang et al., 2017). Sequential data
assimilation techniques continuously update model states when new observations become
available to improve the forecast accuracy (Vrugt et al., 2005). The Kalman filter (KF) is
the most commonly used sequential data assimilation technique, which was developed in
the 1960s for optimal control of linear dynamic systems (Kalman, 1960). For nonlinear
dynamics, the extended Kalman filter (EKF) can be used, which linearizes the error
covariance equation by using a tangent linear operator. However, EKF produces unstable
results when the nonlinearity in dynamic systems is strong and requires considerable

computational effort due to the error covariance propagation (Evensen, 1992). As a result,
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the ensemble Kalman filter (EnKF) was introduced by Evensen (1994). The EnKF takes
advantage of the Monte Carlo method to approximate the error covariance evolution
equation used in the EKF, which is capable of providing the forecast error estimate with a
significantly lower computational cost and without any closure problem in the error
covariance evolution equation.

Due to its attractive features of real-time adjustment and efficient implementation, the
EnKF has been extensively used for recursive estimation of hydrologic model parameters
and state variables (Xie and Zhang, 2010; Cammalleri and Ciraolo, 2012; DeChant and
Moradkhani, 2012; Rafieeinasab et al., 2014; Gharamti et al., 2015; Liu et al., 2016;
Pathiraja et al., 2016b). For example, Moradkhani et al. (2005) proposed a dual state-
parameter estimation approach based on the EnKF for sequential estimation of both
parameters and state variables of a hydrologic model. Wang et al. (2009) proposed a
constrained EnKF framework for simultaneous state estimation and sequential parameter
learning in hydrologic modeling, in which the naive method, the projection and
accept/reject methods were used to deal with inequality constraints. Samuel et al. (2014)
evaluated the variations of streamflow and soil moisture by using the EnKF with dual state-
parameter estimation for streamflow assimilation, soil moisture assimilation, and combined
assimilation of streamflow and soil moisture. Pathiraja et al. (2016a) investigated the
potential for data assimilation by using the EnKF to detect known temporal patterns in
model parameters from streamflow observations. The EnKF is recognized as a powerful
data assimilation technique that generates an ensemble of model variables through
stochastic perturbations of forcing data and observations (inputs and outputs). Thus,

identification of perturbation factors and selection of the ensemble size are key features of
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the EnKF (Moradkhani et al., 2005). However, relatively little guidance exists in literature
with regard to the proper specification of the magnitude of the perturbation and the
ensemble size, posing a significant challenge in optimally implementing the EnKF (Crow
and Loon, 2006).

Since inappropriate specification of factors affecting the EnKF experiment can
degrade the performance of the data assimilation system, sensitivity experiments are often
carried out for identifying error parameters and estimating the ensemble size (Clark et al.,
2008; Sun et al., 2009; McMillan et al., 2013; Rasmussen et al., 2015). However, the
sensitivity analysis experiments are limited in determining optimal settings of the EnKF
applied to a particular problem. Thus, Yin et al. (2015) used a series of mathematical
derivations to derive the optimal ensemble size of the EnKF used for a sequential soil
moisture data assimilation system. In the EnKF, stochastic perturbations account for
uncertainties in model parameters, inputs, and outputs. Specification of perturbation factors
is a key feature of the EnKF, which plays a crucial role in the performance of sequential
data assimilation experiments (Clark et al., 2008).

As a recursive scheme for estimating state variables and model parameters, the
experimental factors involved in the EnKF are actually correlated with each other, and their
interactions have a remarkable influence on the behavior of nonlinear dynamic systems.
For example, many of the highly sensitive factors may provide redundant and misleading
information regarding the variability of response variables since their sensitivities may be
correlated with those of the other factors. As a result, failure to account for potential
interactions among experimental factors can degrade the performance of the EnKF system

(Crow and Loon, 2006; Thiboult and Anctil, 2015). It is thus necessary to examine the
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interactions among experimental factors and to quantify their contributions to the variation
in model responses in order to maximize the predictive performance.

In this paper, we develop a robust data assimilation system (RDAS) with a factorial
experimental design framework to enhance the effectiveness and robustness of the EnKF
for hydrologic ensemble predictions. A multi-factorial EnKF method will be proposed by
combining the strengths of multivariate hypothesis testing and sequential data assimilation
techniques. In the RDAS, the EnKF will be carried out under various combinations of
factors with different scenarios, leading to a diverse set of EnKF experiments. The multi-
way analysis of variance (ANOVA) will then be used to uncover dynamic interactions
among factors involved in the EnKF experiments, which provides meaningful insights for
advancing the understanding of the sequential data assimilation process and maximizing
the EnKF performance. The RDAS will be applied to predict daily streamflow in the
Xiangxi River watershed in China since daily streamflow predictions play a key role in
flood risk assessment and management.

This paper is organized as follows. Section 2 introduces the framework of the
proposed RDAS for hydrologic ensemble predictions. Section 3 provides details on the
study area and the experimental setup. Section 4 presents a systematic analysis of multi-
factorial EnKF experiments along with a thorough discussion of interactions among
experimental factors affecting the performance of the EnKF system. Finally, conclusions

are drawn in Section 5.

2. Development of robust data assimilation system
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The RDAS takes into account potential interactions among experimental factors
influencing the EnKF data assimilation and quantifies their joint effects on the EnKF
performance. An overview of the steps involved within the RDAS framework is provided
as follows: 1) selection of the EnKF experimental factors, 2) factorial design of the EnKF
experiments, 3) execution of ensemble data assimilation experiments, 4) multi-way
ANOVA, 5) examination of dynamic interactions among experimental factors, 6)
quantification of the joint effects of experimental factors on the EnKF performance, and 7)
hydrologic ensemble predictions. The aforementioned steps can be categorized into four
parts: EnKF, multi-factorial ANOVA, multi-factorial EnKF, and selection of statistical

metrics for model evaluation.

2.1. Ensemble Kalman filter

The EnKF is a sequential data assimilation technique that makes use of Monte Carlo
integration methods to approximate the error covariance matrix by a stochastic ensemble
of model realizations (Evensen, 2003). In contrast to the extended Kalman filter (EKF), the
EnKF represents the error covariance evolution through a set of model realizations rather
than an explicit mathematical expression, which is particularly useful for nonlinear
dynamic models. As a result, the ensemble of model states is integrated forward in time to
predict error statistics (DeChant and Moradkhani, 2012). The model forecast can be made

through the EnKF as follows:
X = f ()(iTt’ui,t+l’0i,_t+l)+a)|,t+l’ @y~ N (0’ ztnjrl) ’ (1
where i and ¢ denote the ensemble number and the time step, respectively; Xif ¢ and X

represent the posterior model states at the previous time step and the predicted model states

7
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at the current time step, respectively; f represents the forward model that propagates the
system states from time 7 to #+1 in response to model inputs u;+1 and parameters 6;+1; and

wis+1 represent the model errors that follow a Gaussian distribution with zero mean and

covariance 221 . As for the recursive parameter estimation through the EnKF, it is assumed

that model parameters are perturbed by a small random noise in order to maintain diversity

in posterior parameters:

011 =0 +75(6)), 2)

where 1 is a small tuning parameter which was set to 0.01 in this study, and S$(f,) is the

standard deviation of the prior parameter distribution at the previous time step (DeChant
and Moradkhani, 2012).

Prior to the update of model states and parameters, predictions can be made by:
Yiea =h (X;t+1’ gi}+1) , 3)
where Y., is the prediction, and / is the operator that relates state variables and parameters

to measured variables (streamflow) and yields the expected value of the prediction given
model states and parameters. After predictions are obtained, the posterior states and

parameters are estimated with the Kalman update equations as follows:
XiJ,rt+l = XiTt+1 + ny I:yt+1 + gi,t+1 - yijt+1:| ’ gi,t+1 ~N (O’ Zty-*—l) ’ (4)

iTHl = ei,_Hl + K6’y [yt+l + gi,t+l - yi_,t+l} s gi,t+l - N (O’ Z:terl) H (5)
where y:+1 is the observed value, €;:1 is the observation error which is assumed to be
Gaussian and independent of mode error w~+1 (Moradkhani et al., 2005), and K, and Ky,

represent the Kalman gains for states and parameters, respectively:
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X X -1
Kt+1 = Ztil [Ztyfl + Ztyu:' > (6)

-1

th+1 = Ziryl [Ztyfl + Zty+1] (7)

X! . . . - . .
where 2&1 is the cross covariance of ensembles of state variables X, with predicted

. - oy . . -
observations Y, 2 31 is the cross covariance of ensembles of model parameters 6,

with predicted observations Y., Ztyfl is the variance of predicted observations, and Zty "

is the observation error variance (Dechant and Moradkhani, 2011).

Although critical issues for the EnKF data assimilation have been introduced in the
literature, little effort has been made to explicitly examine the potential interactions among
experimental factors affecting the EnKF data assimilation, including the ensemble size (i)
and random perturbations to model parameters (6), inputs (), and outputs (y). Multi-
factorial ANOVA is thus proposed to reveal the latent interactions among experimental

factors and their joint effects on the EnKF performance.

2.2. Multi-factorial analysis of variance

Multi-factorial ANOVA is a powerful tool for examining the effects of multiple factor
variables and their interactions on response variables by conducting hypothesis tests with
the F-statistic. The null hypothesis assumes that the group means for all response variables
are equal while the alternative hypothesis states that at least one mean is different
(Montgomery and Runger, 2013).

In a factorial experiment, all possible combinations of the levels of factors are
investigated. For example, if there are a levels of factor 4, b levels of factor B, and c levels

of factor C, there will be a total of abcn observations in a complete factorial experiment

9
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with n replicates. ANOVA is derived from the partitioning of total variability into various
components due to different sources of variation. The ANOVA model for such a factorial
experiment can thus be expressed as:

i=12.a
j=12,.b
k=12,..c
1=12,..n

Vi =H+T+ B, +7 + (Tﬂ)ij +()w +(Br) kT (TﬁJ/)ijk * € 3)
where p is the overall mean effect, 7; is the effect of the ith level of factor 4, f; is the effect
of the jth level of factor B, yi is the effect of the kth level of factor C, (zf); is the effect of
the interaction between factors 4 and B, (ty)ix is the effect of the interaction between factors
A and C, (By);« is the effect of the interaction between factors B and C, (zfy); is the effect
of the interaction between factors 4, B, and C, and ¢;; is the random error component.
The ANOVA model contains three main effects, three two-factor interactions, a three-
factor interaction, and an error term. The effects are defined as deviations from the overall
mean (Montgomery, 2000). The F-statistic can then be used to test the statistical
significance for each of the factors as well as their interactions (Wang et al., 2015b). The
multi-factorial ANOVA approach is useful in testing differences between two or more
means by analyzing variances from multiple sources (Wu and Hamada, 2009; Shen et al.,
2012; Liu et al., 2016; Wang et al., 2015a, 2016a; Zeng et al., 2016), and thus it can be used
to reveal the potential interactions among experimental factors involved in the EnKF

experiments.

2.3. Multi-factorial ensemble Kalman filter

To enhance the effectiveness and robustness of sequential data assimilation techniques,

10



225

226

227

228

229

230

231

232

233

234

235

236

237

238

239

240

241

242

243

244

245

246

247

a multi-factorial EnKF method is proposed by merging the strengths of factorial ANOVA
and the EnKF. The multi-factorial EnKF method is capable not only of uncovering
interactions among perturbation factors influencing the EnKF, but also of quantifying and
reducing uncertainties in hydrologic ensemble predictions.

To tackle various sources of uncertainty including input and output measurement
errors as well as parameter uncertainty, stochastic perturbations were used in the EnKF by
adding noise to the forcing data (precipitation and evapotranspiration) and streamflow
observations in this study. Four experimental factors were thus taken into account in the
data assimilation experiment, including the ensemble size (ES), precipitation noise (PN),
evapotranspiration noise (EN), and observation noise (ON) added to the EnKF. Each factor
had three levels (scenarios) of interest based on . In fact, the EnKF experimental factors
are correlated with each other in the data assimilation experiment, and the magnitude and
direction of pairwise interactions between experimental factors vary along with different
settings of other factors, leading to nonlinear dynamics of interacting factors. It is thus
necessary to explore dynamic interactions among perturbation factors in order to maximize
the performance of the EnKF system.

As shown in Fig. 1, a 3* factorial experimental design can be constructed, in which
the EnKF data assimilation experiment is conducted under each combination of
experimental factors, leading to hydrologic ensemble predictions. In the 3* system of
factorial designs, there are 3* factorial combinations with 3* — 1 degrees of freedom
between them. If there are n replicated experiments, there will be n3* — 1 total degrees of
freedom and 3*(n — 1) degrees of freedom for error. These factorial combinations allow

sums of squares to be computed for four main effects, six two-factor interactions, three

11
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three-factor interactions, and one four-factor interaction (Montgomery, 2000; Wang et al.,
2016b).

After the sums of squares for effects are computed through the ANOVA model, the F
test can be performed to reveal the statistical significance for each of the four factors and
their interactions. As a result, the pairwise interactions between the EnKF factors can be

calculated by:

SSESXPV SSESXEV SSESXOV
4 4 4

Fes.on s, Fes.en AR Fescon AR )
3*(n-1) 3*(n-1) 3*(n-1)

PNxEN SSE ! PNxON SSE ! ENxON SSE ( )
3*(n-1) 3*(n-1) 3*(n-1)

where SSesxpn, SSEs<eN, SSEsxoN, SSPN<EN, SSPN<ON, SSEN<0N, and SSg represent the sum of
squares for the pairwise interactions between the ensemble size and the precipitation noise,
those between the ensemble size and the evapotranspiration noise, those between the
ensemble size and the observation noise, those between the precipitation noise and the
evapotranspiration noise, those between the precipitation noise and the observation noise,
those between the evapotranspiration noise and the observation noise, and the error
component, respectively. The factorial data assimilation experiment with the EnKF is
useful for maximizing the performance of hydrologic ensemble predictions through

robustly examining dynamic interactions among experimental factors.

Place Fig. 1 here
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2.4. Statistical metrics for model evaluation

Two statistical metrics, the Nash-Sutcliffe efficiency (NSE) and the Box—Cox
transformed root-mean-square error (TRMSE), are applied to evaluate prediction errors.
The NSE is commonly used to emphasize the predictive capacity of high flows due to the

use of squared residuals, and can be defined as:

T

Z (Qs,t - Qo,t )2
NSE =1- 2 . (11)

T

Z(Qo,t _Qo)2

where T is the number of time steps, Q. is the observed discharge at time ¢, Qs is the

predicted discharge at time ¢, and Qo is the mean of observed discharges. NSE ranges from

—oo to 1 (Nash and Sutcliffe, 1970). The TRMSE emphasizes low-flow prediction errors,

and can be defined as:

TRMSE = %i(@s,t ~Q,.)% (12)

1+Q)* -1

Q= n (13)

A A

where Q,, is the transformed predicted discharge at time z, Q,, is the transformed

observed discharge at time ¢, and Q represents the Box-Cox transformation of discharge
Q (Box and Cox, 1964), where 4 = 0.3 as recommend by Misirli et al. (2013).

In this paper, both NSE and TRMSE metrics were used to examine the performance
of hydrologic ensemble predictions through the EnKF data assimilation experiments. In
addition, parameter identification and interaction detection were performed based on

13
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different evaluation metrics, enhancing the robustness of hydrologic data assimilation.

3. Experimental setup
3.1. Site and model descriptions

The robust data assimilation system (RDAS) is applied to predict daily streamflow in
the Xiangxi River watershed. As shown in Fig. 2, the Xiangxi River is the largest tributary
of the Three Gorges Reservoir (TGR) in Central China’s Hubei Province. The Xiangxi
River watershed with a total area of 3,099 km?” lies in the subtropical region, and
experiences a typical continental monsoon climate with substantial temperature variations
in Spring and concentrated rainfalls in Summer. The weather is rainy in Autumn and snowy
in Winter. It is the most representative watershed in the TGR region in terms of topographic
properties, runoff volumes, and economic conditions (Han et al., 2014). In this study, a
total of three years of meteorological and hydrological data from January 1994 to
December 1996 were used for assimilating daily streamflow in the Xiangxi River
watershed. The three years of data were selected because there were continuous
observational data and relatively little human interference in the natural river flow during
the period of time, ensuring the data quality and maximizing the reliability of hydrologic

predictions.

Place Fig. 2 here
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Data assimilation experiments with the EnKF were undertaken by using HyMOD
which is a well-known rainfall-runoff model with a daily time step (Moore, 1985). The
runoff production in HyMOD is characterized as a rainfall excess process, and the runoff
is determined according to a probability-distributed storage capacity model (Moore, 2007;
Bulygina and Gupta, 2011; Young, 2013). The catchment is considered as a finite number
of points, and each of them has a certain soil moisture capacity denoted as ¢ [L]. Due to
spatial variability such as soil type and depth within the catchment, the variability of soil
moisture capacities can be characterized by a cumulative distribution function (CDF)
defined as:

C oo
F(c):l—[l——J 0<c<C,,. (14)
Cmax

where Cmax [L] is the maximum soil moisture capacity, and bexp [-] is the degree of spatial
variability in soil moisture capacities and affects the shape of the CDF. The CDF indicates
the probability of occurrence of a specific soil moisture capacity across the catchment. The
HyMOD model partitions excess rainfall into surface and subsurface soil moisture storage,
denoted as S [L], through a partitioning factor f [-]. The surface storage is characterized by
three quick-flow tanks (S1, S2,and S3), and the subsurface storage is represented by a single
slow-flow tank (Ss). The residence time of slow- and quick-flow tanks are represented as
Rs and Rq [T], respectively. The generated streamflow is the addition of discharges from
slow- and quick-flow tanks. The input data of daily precipitation P [mm/d] and potential
evapotranspiration £7 [mm/d] are used to drive the HyMOD model.

HyMOD 1is characterized by five state variables (S, Ss, S1, S2, and S3) and five

parameters (Cmax, Dexp, f, Rs, and Rq). The initial ranges of model parameters are given in

15
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Table 1. To properly assess the performance of the RDAS, a predefined set of “true” model
parameters and the observed forcing data including daily precipitation and potential
evapotranspiration were used to generate synthetic streamflow observations. The EnKF
was then performed to assimilate the synthetic streamflow observations, and the
convergence of model parameters to the “true” values was evaluated accordingly. Since
uncertainty inevitably exists in the forcing data and streamflow observations in practice,
stochastic perturbations are employed by adding noise to the forcing data and observations
in order to account for various sources of uncertainty, leading to an ensemble of model
variables. As a result, specification of perturbation factors and the ensemble size is a key
feature of the EnKF, which plays an important role in the performance of hydrologic

ensemble predictions.

Place Table 1 here

3.2. Factorial design of ensemble data assimilation experiments

To develop the RDAS for hydrologic ensemble predictions in the Xiangxi River
watershed, a 3* full factorial design that involved four factors with each having three levels
was first constructed. As shown in Fig. 3, experimental factors represent the ensemble size
and random perturbations added to precipitation, potential evapotranspiration, and
streamflow observation in the EnKF data assimilation experiment. The precipitation data
were log-normally perturbed with three relative errors of 10%, 20%, and 30%, while
potential evapotranspiration and streamflow observation were normally perturbed with the

error scenarios of 10%, 20%, and 30%, respectively. In addition, three ensemble sizes of
16
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30, 50, and 80 were taken into account in the factorial experimental design. As a result, the
3% factorial design contained 81 combinations of the four factors under three scenarios.
The EnKF data assimilation experiment was conducted under each factorial
combination, leading to hydrologic ensemble predictions. Such a factorial design of
ensemble data assimilation experiments is able to reveal meaningful implications for
maximizing the EnKF performance through examining potential interactions among
experimental factors. In addition, the factorial experimental design is useful for enhancing
the effectiveness and robustness of sequential data assimilation methods as well as for

quantifying and reducing uncertainty in hydrologic predictions.

Place Fig. 3 here

4. Results and discussion
4.1. Examination of interactions among experimental factors affecting hydrologic data
assimilation

According to the 3* factorial design, a total of 81 NSE and TRMSE values were
obtained through the EnKF data assimilation experiments under different combinations of
factor settings (as shown in Fig. 4). The multi-factorial ANOVA was then performed to
examine the interactions among factors affecting the performance of hydrologic
predictions. To check the Gaussian assumption of the residual distribution for the multi-
factorial ANOVA, Fig. 5 presents the normal probability plots of residuals for the NSE and

TRMSE metrics, respectively. As the resulting plot is approximately linear, this means that
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the Gaussian assumption of the residual distribution is valid. The Shapiro-Wilk test was
also performed as a rigorous statistical checking for normality of residuals. The results with

P-values being greater than 0.05 verify that residuals are normally distributed.

Place Figs. 4 and 5 here

Fig. 6 depicts the response desirability in terms of maximum NSE and minimum
TRMSE produced in different regions of the plane defined by pairs of experimental factors,
where each region of the plane represents a different combination of the levels of two
factors. The response desirability indicates which levels of experimental factors produce
the most desirable predicted response on NSE and TRMSE, and its values range from 0.0
for an undesirable response to 1.0 for a highly desirable response. As shown in Fig. 6(a),
the pairwise interactions between the ensemble size and other factors involved in EnKF
data assimilation experiments tend to produce relatively high desirability values of the
response on NSE when the ensemble size is set to 30 and 80. Likewise, the pairwise
interaction between the precipitation noise and other factors would generate a relatively
high response desirability when the settings of the precipitation noise are 10% and 30%. In
addition, when the setting of the evapotranspiration noise is 20%, its interactions with other
factors would lead to a high response desirability.

Different from the desirability values of the response on NSE, when the setting of the
ensemble size is 50, its interactions with other factors tend to produce relatively large

desirability values of the response on TRMSE, as shown in Fig. 6(b). Our findings reveal
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dynamic interactions between experimental factors affecting the EnKF data assimilation
and their contributions to the variation of overall desirability values of responses in terms
of different statistical metrics for model evaluation. These findings are useful for
identifying the optimal settings of experimental factors so as to produce related responses
with the highest overall desirability, thus maximizing the performance of hydrologic

predictions.

Place Fig. 6 here

Fig. 7 shows the F- and t-values derived from the factorial ANOVA for all pairwise
interactions between the EnKF experimental factors. Results reveal that the interaction
between the precipitation noise and the streamflow observation noise has the largest impact
on the predictive performance in terms of NSE and TRMSE. To further examine the
nonlinear relationships between the settings of correlated factors and the resulting
predictive performance, Fig. 8 presents the fitted surfaces of NSE and TRMSE for the most
significant pairwise interactions between the precipitation noise and the streamflow
observation noise. The fitted surface of NSE reveals that, when the precipitation noise is at
its low (10%) and medium (20%) levels, there is an increasing trend in the NSE value when
changing the observation noise from its low (10%) and high (30%) levels to its medium
level (20%). When the precipitation noise is at its high level (30%), the NSE value increases

across the high, medium, and low levels of the observation noise, and thus the maximum
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value of NSE would be obtained when the precipitation noise is at its high level and the
observation noise is at its low level.

As for the fitted surface of TRMSE, when the precipitation noise is at its low level,
the TRMSE value decreases across the low, medium, and high levels of the observation
noise, and thus the minimum value of TRMSE would be obtained when the precipitation
noise is at its low level and the observation noise is at its high level. Results reveal that the
pairwise interaction between the precipitation noise and the streamflow observation noise
added to the EnKF system varies greatly in magnitude and direction depending on different
statistical metrics for model evaluation. It is thus necessary to investigate interactions
among experimental factors influencing the EnKF data assimilation based on various

evaluation metrics so as to maximize the predictive performance.

Place Figs. 7 and 8 here

To further explore multi-factor interactions in hydrologic data assimilation with the
EnKF, Fig. 9 shows the variations of marginal means of NSE and TRMSE with 95%
confidence intervals for all three-way interactions. Our findings reveal complex
interactions among multiple experimental factors affecting the EnKF data assimilation and
their contributions to the accuracy of hydrologic predictions. For example, Fig. 9(c) shows
a considerable difference in the variation of NSE associated with the three levels (scenarios)
of the streamflow observation noise over the levels of the precipitation noise, collapsed

across the levels of the evapotranspiration noise, implying that the interaction between the
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settings of the precipitation noise and the streamflow observation noise varies significantly
depending on the settings of the evapotranspiration noise. Such a multi-way interaction
analysis reveals that the maximum value of NSE would be obtained when the settings of
precipitation noise, evapotranspiration noise, and streamflow observation noise are 30%,
20%, and 10%, respectively.

As shown in Fig. 9(f), when the setting of the evapotranspiration noise is 20%,
increasing the streamflow observation noise leads to a decreasing value of TRMSE at the
low level (10%) of the precipitation noise but an increasing value of TRMSE at the high
level (30%) of the precipitation noise. The minimum value of TRMSE would be obtained
when the settings for precipitation noise, evapotranspiration noise, and streamflow
observation noise are 10%, 20%, and 30%, respectively. Our findings indicate that the
magnitude and direction of interactions among experimental factors vary dynamically in
the EnKF data assimilation process. It is thus necessary to explore dynamic interactions
among perturbed errors added to the EnKF and reveal their contributions to the
performance of hydrologic predictions, advancing our understanding of the sequential data

assimilation process.

Place Fig. 9 here

4.2. Ensemble streamflow predictions through robust data assimilation system
Based on the factorial design and analysis of the EnKF data assimilation experiments,

the optimal combinations of factor settings can be identified for different evaluation metrics.

21



477

478

479

480

481

482

483

484

485

486

487

488

489

490

491

492

493

494

495

496

497

498

499

To maximize the performance of the EnKF system in terms of NSE, the optimal settings
of the ensemble size and the perturbed errors added to precipitation, evapotranspiration,
and streamflow observation data would be 80, 30%, 20%, and 10%, respectively. To
minimize the TRMSE value, the optimal settings of the corresponding factors would be 50,
10%, 20%, and 30%, respectively. The EnKF data assimilation system with maximized
performance can then be employed for recursive parameter estimation and streamflow
predictions by using the HyMOD model.

Fig. 10 depicts the time evolution of model parameters with 90% confidence intervals
derived from streamflow assimilation based on the NSE metric over a period of three years
from January 1994 to December 1996. It is indicated that all parameters are seen to
converge toward the “true” values defined as: Cmax = 657 mm, bexp = 5.54, = 0.72, R =
0.15 d, and Rq = 0.70 d. The maximum storage capacity of the watershed denoted by Cimax
is the most identifiable parameter because Cmax shows the fastest convergence with the
smallest uncertainty bound. In contrast, the slow-flow tank parameter R; is less identifiable
than the others as Rs shows the slowest convergence. This is because the maximum storage
capacity of the watershed is strongly correlated with the streamflow observation, whereas
the slow-flow tank has the minimum contribution to the volume of generated streamflow.
When TRMSE is used as the evaluation metric for streamflow assimilation, there will be a
different recursive pattern of parameter evolution.

As shown in Fig. 11, all parameters converge toward the “true” values given as: Cmax
=123 mm, bexp = 5.47, f=0.52, Rs = 0.04 d, and Ry = 0.47 d. Results reveal that parameter
estimates vary significantly depending on different statistical metrics for model evaluation.

For example, although Cuax is still the most identifiable parameter with the smallest
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uncertainty bound, it converges to a much lower “true” value of 123 mm as compared with
the value of 657 mm derived for the NSE metric. This is because the NSE metric
emphasizes the predictive capacity of high flows due to the use of squared residuals while
the TRMSE metric emphasizes low-flow prediction errors, leading to different parameter
sets that achieve optimum predictive performance. It is thus necessary to perform an
uncertainty assessment of model parameters and predictions based on different statistical
metrics for model evaluation, enhancing our understanding of catchment behavior.

In practical applications, the optimal settings of the EnKF data assimilation system
and the derived parameter set should be applied depending on the prediction of different
hydrologic events. For example, the settings of the EnKF system and the parameter set
derived based on the NSE metric can be used to predict flood events since the NSE
emphasizes the predictive accuracy of high flows. In addition, the multi-objective
optimization techniques can be used to achieve the best compromise between different
evaluation metrics, which will provide meaningful guidance on the settings of the EnKF

system and the parameter set used in practice.

Place Figs. 10 and 11 here

Fig. 12 presents a comparison between assimilated daily streamflows and
observations over a period of three years from January 1994 to December 1996 in the
Xiangxi River watershed. Results of streamflow predictions with 90% confidence intervals

are derived from the ensemble of model outputs at each time step. Generally, there is good
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agreement between simulated and observed streamflow time series based on both NSE and
TRMSE metrics, indicating that the RDAS is able to reasonably capture the rainfall-runoff
relationship in the Xiangxi River watershed. Nevertheless, some of the high-flow events
do not lie within the uncertainty bounds of streamflow predictions since the attribution of
uncertainties to parameter estimates only is insufficient. Future studies will be undertaken
to take into account other sources of uncertainty, such as those attributable to model

structural errors in the RDAS.

Place Fig. 12 here

5. Conclusions

In this study, we developed a robust data assimilation system (RDAS) for hydrologic
ensemble predictions based on a multi-factorial experimental design. The factorial design
and analysis of hydrologic data assimilation experiments can examine interactions among
the EnKF factors including the ensemble size and random perturbations added to
precipitation, potential evapotranspiration, and streamflow observation data. Thus, the
RDAS is useful to enhance the robustness of the EnKF data assimilation for quantification
and reduction of uncertainty in hydrologic predictions. The RDAS was applied to predict
daily streamflow in the Xiangxi River watershed located in China’s Hubei Province. The
NSE and TRMSE metrics were used to represent different hydrologic characteristics for

sensitivity analysis, parameter estimation, and streamflow prediction.
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Our results uncover that the pairwise interaction between perturbed precipitation and
streamflow observations has the most significant impact on the performance of the EnKF
system applied to the Xiangxi River watershed based on both NSE and TRMSE metrics,
and their interactions vary greatly in magnitude and direction across different settings of
the ensemble size and the evapotranspiration perturbation. Investigating single factors (e.g.,
the optimal ensemble size) with limited sensitivity experiments is thus inappropriate;
instead, a systematic and comprehensive analysis of multi-way interactions among
experimental factors is crucial for reaching the maximum efficiency of the EnKF data
assimilation system. Our findings are useful for advancing the understanding of the
sequential data assimilation process and for maximizing the performance of hydrologic
predictions through identifying the optimal combinations of factor settings.

The EnKF data assimilation system with maximized performance was then employed
for recursive parameter estimation and streamflow predictions by using the HyMOD model.
Our findings reveal that identification of model parameters is conditional on different
statistical metrics for model evaluation since there is a different recursive pattern of
parameter evolution for the NSE and TRMSE metrics. The maximum storage capacity of
the watershed is the most identifiable parameter with the fastest convergence and the
smallest uncertainty bound in this case, but there are varying tracks of recursively
estimating the corresponding time-evolving posterior distribution based on the NSE and
TRMSE metrics. It is thus necessary to test various evaluation metrics in order to enhance
the robustness of hydrologic prediction systems, especially when performing sensitivity

analysis and parameter identification. By comparing assimilated daily streamflows against
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observations over a period of three years, the RDAS is shown to be capable of capturing
well the rainfall-runoff relationship of the Xiangxi River watershed.

The RDAS is useful for advancing our understanding of the nonlinear dynamics of
interacting factors influencing the EnKF data assimilation experiment, which has a strong
potential to strengthen our capability in providing hydrometeorological forecasting. The
RDAS is not restricted to hydrologic ensemble predictions; instead, the proposed
framework of the RDAS is applicable to various ensemble prediction experiments with

sequential data assimilation.
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