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Streamflow prediction plays a crucial role in water resources systems planning and the mitigation of hydrological
extremes such as floods and droughts. Since a variety of uncertainties exist in streamflow prediction, it is
necessary to enhance our efforts to robustly address uncertainties and their interactions for improving the
reliability of streamflow prediction. This paper presents a stochastic hydrological modeling system (SHMS) for
improving daily streamflow prediction by explicitly addressing uncertainties in error and model parameters as
well as in forcing data and model outputs. Specifically, the SHMS merges the strengths of the ensemble Kalman
filter and the particle filter algorithms for improving the effectiveness and robustness of daily streamflow
assimilation. Factorial analysis of variance and variance-based global sensitivity analysis are performed to reveal
parameter interactions affecting predictive performance and temporal dynamics of parameter sensitivities,
maximizing the accuracy of streamflow prediction. The SHMS has been applied to the Guadalupe River basin
located in Texas of the United States to demonstrate feasibility and applicability. Our findings indicate that the
SHMS improves upon the well-known ensemble Kalman filter for sequential estimation of hydrological model
parameters through a more rapid and accurate convergence of model parameters in streamflow simulation. The
SHMS also demonstrates a higher level of skill in streamflow prediction compared to the conditional vine copula
model. The proposed SHMS can be applied straightforwardly to other river basins for probabilistic hydrological
prediction.
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1. Introduction
Hydrological models have been widely used to advance our under
standing of the hydrological cycle in a changing environment. As models
are conceptual representations of spatially and temporally varying hy
drological processes, uncertainty is inevitable in predicting the behavior
of catchments. Uncertainty arises from various sources, including the
errors in model structures and parameters, boundary and initial condi
tions, and hydrometeorological forcing (Ajami et al., 2007; Kavetski
et al., 2011; Mockler et al., 2016). Thus, uncertainty assessment plays a
crucial role in providing reliable hydrological prediction for sound water
resources planning and management.
Uncertainty quantification techniques have been extensively used to
explicitly address uncertainties in hydrological prediction (Vrugt et al.,
2005; Moradkhani et al., 2005; DeChant and Moradkhani, 2012; Khan

and Valeo, 2016; Wang et al., 2018; Huang and Qin, 2018; Abbaszadeh
et al., 2019; Ghaith and Li, 2020; Gou et al., 2020; Tran et al., 2020;
Ghaith et al., 2021). Over the past decade, the ensemble Kalman filter
(EnKF), which is a data assimilation method introduced by Evensen
(1994), has been widely used for diagnostic evaluation and uncertainty
quantification of hydrological models (Cammalleri and Ciraolo, 2012;
Thiboult and Anctil, 2015; Liu et al., 2016; Pathiraja et al., 2016; Zhang
et al., 2017; Zou et al., 2017; Tran and Kim, 2021). Previous studies have
demonstrated that hydrological data assimilating using the EnKF is able
to tackle uncertainties in model parameters, inputs and outputs. As an
alternative to the EnKF, the particle filter (PF) technique has been
receiving increasing attention in recent years due to its capability to
properly estimate the state of nonlinear and non-Gaussian systems
(Moradkhani et al., 2012; Vrugt et al., 2013; Wang et al., 2017;
Abbaszadeh et al., 2018). Compared with the EnKF, the PF removes the
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Gaussian assumption of the EnKF that often fails to hold for nonlinear
systems. However, the PF may suffer from the issue of filter degeneracy
where only a few particles have a significant weight while all the others
have small weights, which deteriorates the performance of the PF. As a
result, a large number of particles are often required to resolve the de
generacy problem, but the ensemble size increases exponentially with
the number of state variables, making the PF impractical for highdimensional models.
Great efforts have been made to the advances in data assimilation
techniques over the past decade. Nevertheless, little attention has been
paid to the assessment and identification of error parameters and their
interactions that have a significant influence on the performance of data
assimilation systems. To address uncertainties in model inputs and
outputs through data assimilation, an ensemble of model parameters
and state variables can be generated through stochastic perturbations of
forcing data and observations. The specification of perturbation pa
rameters (i.e. error parameters) is thus the key feature of data assimi
lation schemes, which plays a crucial role in improving model
performance. Since error parameters interact with each other and their
interactions have a considerable influence on the behavior of nonlinear
dynamic systems, failure to address potential interactions among error
parameters can significantly degrade the performance of data assimi
lation systems. It is thus necessary to identify the best settings of error
parameters through examining the contributions of error parameters
and their interactions to the performance of data assimilation algo
rithms. In addition to the assessment of error parameters influencing
data assimilation, sensitivities and interactions of model parameters
should also be investigated to improve our understanding of dominant
model components and their joint behavior.
In this work, we develop a stochastic hydrological modeling system
(SHMS) based on sequential data assimilation for improving daily
streamflow prediction under uncertainty. Error parameters and their
interactions will be examined to identify the best settings of the data
assimilation system. Model parameter sensitivities and their temporal
dynamics will also be revealed to advance our understanding of the
dominant hydrological processes that contribute to the catchment
response under time-varying hydroclimatic characteristics. Both syn
thetic and real data assimilation experiments will be carried out to
demonstrate applicability of the proposed methodology in the Guada
lupe River basin, Texas. The proposed SHMS will also be compared
against the well-known ensemble Kalman filter and the conditional vine
copula model to demonstrate superiority.
This paper is organized as follows. Section 2 introduces the proposed
methodology for improving daily streamflow prediction. Section 3
provides details on the design and setup of data assimilation experi
ments. Section 4 presents an in-depth analysis and discussion based on
model results and comparison. Finally, conclusions are drawn in Section
5.

approximate the error covariance matrix through a stochastic ensemble
of model realizations (Evensen, 2003). The EnKF is particularly useful
for nonlinear dynamic models, and can thus be used for the recursive
estimation of hydrological model states and parameters. By using the
EnKF, the ensemble of model states is integrated forward in time to
predict error statistics, and the model forecast can be made as follows:.
(
)
−
x−i,t+1 = f x+
(1)
i,t , ui,t+1 , θi,t+1 + εi,t+1 ,
where x+
i,t represent posterior model states at the previous time step,
x−i,t+1 represent the predicted model states at the current time step, f
represents the hydrological model with model inputs ui,t+1 and param
eters θi,t+1, εi,t+1 represent model errors, and i and t denote the ensemble
number and the time step, respectively. As for the recursive parameter
estimation using the EnKF, it is assumed that model parameters are
perturbed by a small random noise:.
−
θ−i,t+1 = θ+
i,t + τS(θ i,t ),

(2)

where τ is a small tuning parameter of 0.01, and S(θ−i,t ) is the standard
deviation of the prior parameter distribution at the previous time step
(DeChant and Moradkhani, 2012).
The ensemble members of model states and parameters can then be
updated as follows:.
(
)
−
x
−
x+
(3)
i,t+1 = xi,t+1 + Kt+1 yt+1 − Hxi,t+1 ,
[
]
−
θ
−
θ+
i,t+1 = θi,t+1 + Kt+1 yt+1 − Hxi,t+1 ,

(4)

where yt+1 is the observation vector, H is the observation operator that
converts model states to observation space, and Kt+1 is the Kalman gain
matrix that can be written by:.
(
)− 1
Kxt+1 = Pxt+1 HTt+1 Ht+1 Pxt+1 HTt+1 + Rt+1 ,
(5)
(
)− 1
Kθt+1 = Pθt+1 HTt+1 Ht+1 Pθt+1 HTt+1 + Rt+1 .

(6)

where Pt+1 is the forecast error covariance, Rt+1 is the observation error
covariance, and superscript T denotes the matrix transpose.
The PF is a promising alternative to the EnKF, which can be used to
derive the posterior distributions of model states by a set of weighted
particles. The evolving posterior state distribution can be derived by:.
⃒
)
(
L yi,t+1 ⃒xi,t+1 p(xt+1 |yt )
p(xt+1 |yt+1 ) =
,
(7)
p(yt+1 |yt )
⃒ )
⃒ )
(
(
where p xt+1 , ⃒yt is the prior state distribution, p yt+1 , ⃒yt is a
(
)
⃒
normalization constant, and L yi,t+1 ⃒xi,t+1 is the likelihood function

that can be defined as follows:.

⃒
)
(
L yi,t+1 ⃒xi,t+1 =

1
m/2

(2π)

|R|

1/2

)
(
)T
(
)
1(
yi,t+1 − Hx xi,t+1 R− 1 yi,t+1 − Hx xi,t+1 .
exp −
2

2. Methodology

(8)

where R is the observation error covariance matrix, m denotes the length
of the observation vector yi,t+1, and |∙| denotes the determinant
operator.
To address nonlinear and non-Gaussian problems, the sequential
Monte Carlo (SMC) method can be used to approximate the posterior
state distribution (Doucet et al., 2001):.

2.1. Sequential data assimilation algorithms
The basic idea of data assimilation is to produce the best possible
estimate of the state of a system through combining different sources of
information. These sources include observations and models that inev
itably contain errors. The EnKF is a sophisticated data assimilation
technique that makes use of Monte Carlo integration methods to
2
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N
∑

p(xt+1 , |yt+1 ) ≈

)
(
wi,t+1 δ xt+1 − xi,t+1 ,

(9)

i=1

where yt+1 is the observed value at time t + 1, δ(⋅) denotes the Dirac
delta function (Gordon et al., 1993), N is the number of particles, and
w+
i,t+1 is the normalized importance weight for particle i at time t + 1.

Since the posterior density is unknown and difficult to sample directly
⃒
(
)
fromp xt+1 , ⃒yt+1 , the particles are usually generated from a known
⃒
(
)
importance density, denoted byq xt+1 , ⃒y
. The unnormalized
t+1

importance weights of particles can be updated in a recursive form as
follows:.
⃒ ) (
⃒
)
(
f xi,t+1 ⃒xi,t L yt+1 ⃒xi,t+1
⃒
(
)
w
̃ i,t+1 = wi,t
,
(10)
q xi,t+1 ⃒xi,t , yt+1

⃒ ) (
⃒
⃒
(
)/ (
)
where f xi,t+1 ⃒xi,t L yt+1 ⃒xi,t+1 q xi,t+1 ⃒xi,t , yt+1 is the incremental
⃒ )
(
importance weights (Doucet et al., 2001), f xi,t+1 ⃒xi,t is the transition
⃒
)
(
probability density of model states (model operator), and L yt+1 ⃒xi,t+1
is the likelihood function which is the probability density of observa
tions given state variables (Vrugt et al., 2013). The normalized impor
tance weights of particles can then be calculated by:.
w
̃ i,t+1
wi,t+1 = ∑N
.
̃ i,t+1
i=1 w

(11)

The PF algorithm generates a weighted sample of model realizations
by updating the particle weights sequentially. Most particles often carry
negligible weights after a few iterations, resulting in severe particle
degeneracy. The sampling importance resampling (SIR) algorithm can
thus be used to address the problem of particle degeneracy (Gilks and
Berzuini, 2001; Liu and Chen, 1998). In the SIR algorithm, the update of
particles is followed by a resampling step at each time step and all
weights become equal after resampling. The resampling step within the
PF removes particles with small importance weights and then replaces
them by particles with large weights, which is useful to deal with the
degeneracy problem.
Fig. 1. Flowchart of the stochastic hydrological modeling system.

2.2. Stochastic hydrological modeling system

account for uncertainties in model inputs and outputs. As a result, the
proper specification of error parameters (i.e. magnitude of perturba
tions) plays a crucial role in the assimilation accuracy. Factorial ANOVA
is an effective statistical technique for examining the effects of inde
pendent variables and their interactions on dependent variables through
experimental design and data analysis (Montgomery and Runger, 2013).
Thus, factorial ANOVA is used in this study to identify the best settings
of error parameters with each having specified scenarios through
investigating their contributions to model performance, including the
precipitation error, the potential evapotranspiration error, and the
observation error. The factorial ANOVA model can be expressed as:.
⎧
i = 1, 2, ...a
⎪
⎪
⎨
j = 1, 2, ...b
yijkl = μ + τi + βj + γ k + (τβ)ij + (τγ)ik + (βγ)jk + (τβγ)ijk + εijkl
.
k
= 1, 2, ...c
⎪
⎪
⎩
l = 1, 2, ...n

As introduced above, the EnKF and PF algorithms approximate the
probability density function (PDF) of the state variable in different ways.
The EnKF uses the observed values of state variables to update the
forecasted states of each ensemble member, and approximates the state
PDF by a set of equally weighted ensemble members. In comparison, the
PF does not use a state analysis step; instead, the PF constructs the state
PDF by calculating the likelihood (the weight of each particle) which
measures in a probabilistic sense the distance between the observed and
forecasted state variables. As a result, the PF requires a resampling step
to rejuvenate the ensemble since the forecasted states of particles may be
systematically biased. From a theoretical point of view, the EnKF esti
mates the posterior distribution of a state variable at the current
observation. In comparison, the PF infers the posterior distribution of
the entire state trajectory, which imposes much stronger constraints on
the resampling step of a PF as any resampling of the states must be
statistically adequate. In other words, the EnKF can simply reset the
states close to the measured states; however, this cannot be achieved by
a PF because the resampled state would create a state trajectory that is
statistically impossible given the model operator and model error. Thus,
a stochastic hydrological modeling system (SHMS) is proposed to merge
the strengths of the EnKF and PF algorithms for improving the effec
tiveness of hydrological prediction through data assimilation. The steps
to implement the SHMS are shown in Fig. 1.
In the SHMS, the ensemble of model trajectories is produced by
stochastically perturbing the precipitation and potential evapotranspi
ration data as well as streamflow observations, and these perturbations

(12)
where μ is the overall mean effect, τi is the effect of the ith scenario of
precipitation error A, βi is the effect of the jth scenario of potential
evapotranspiration error B, γk is the effect of the kth scenario of obser
vation error C, (τβ)ij is the effect of the interaction between error pa
rameters A and B, (τγ)ik is the effect of the interaction between error
parameters A and C, (βγ)jk is the effect of the interaction between error
parameters B and C, (τβγ)ijk is the effect of the interaction among error
parameters A, B, and C, and εijkl is the random error component. The
factorial ANOVA model contains three main effects, three two-factor
interaction effects, a three-factor interaction effect, and an error term.
3
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These effects can be defined as deviations from the overall mean,
∑
∑b
∑c
∑a
∑b
so ai=1 τi = 0,
j=1 βi = 0,
k=1 γ k = 0,
i=1 (τβ)ij = j=1 (τβ)ij = 0,
∑a
∑c
∑b
∑c
= 0,
= 0, and
i=1 (τγ)ik =
k=1 (τγ)ik
j=1 (βγ)jk = k=1 (βγ)jk
∑a
∑b
∑c
i=1 (τβγ)ijk =
j=1 (τβγ)ijk = k=1 (τβγ)ijk = 0 (Montgomery, 2000).

cascade of bivariate copulas and univariate margins, thereby allowing
for flexible hydrological simulations. Assume that x = (x1,…, xn− 1, xn)
signifies n hydroclimate variables that affect the streamflow regimes and
y signifies the streamflow observation. The joint PDF between x and y
can be expressed as.

To examine the contributions of error parameters and their in
teractions to model performance, the F-statistic can be used as follows:.
FA =

FAB =

SSA /a − 1
SSB /b − 1
SSC /c − 1
, FB =
, FC =
,
SSE /abc(n − 1)
SSE /abc(n − 1)
SSE /abc(n − 1)

p(x1 , ..., xn , y) = p1 (x1 )⋅...⋅pn (xn )⋅py (y)⋅c(u1 , ..., un , vy )

where p represents the marginal PDF; ui and v represent the marginal
cumulative probability of xi and y, respectively, i = 1,…, n; c represents
the copula density. Since c(u1,…, un, vy) are inflexible in high dimensions
and the high-dimensional copula families are limited, vine copula, also
known as pair-copula construction (PCC), has been proposed to graph
ically represent Equation (16) as vines comprising a nested set of trees
with nodes that are joined by edges (Bedford & Cooke, 2002). For
example, if two hydroclimate variables (x1, x2) are used, the joint den
sity between (x1, x2) and observation y can be decomposed through a 3dimensional vine copula as.

(13)

SSAB /(a− 1)(b− 1)
SSAC /(a− 1)(c− 1)
SSBC /(b− 1)(c− 1)
,FAC =
,FBC =
,
SSE /abc(n− 1)
SSE /abc(n− 1)
SSE /abc(n− 1)
(14)

FABC =

SSABC /(a − 1)(b − 1)(c − 1)
.
SSE /abc(n − 1)

(16)

(15)

where SSA, SSB, SSC, SSAB, SSAC, SSBC, SSABC, and SSE are the sum of

p(x1 , x2 , y) = p(x1 )⋅p(x2 )⋅p(y)⋅ c(u1 , u2 , α1,2
)
( )⋅c(u1 , v, α1,y )⋅
c h(u2 , u1 , α1,2 ), h(v, u1 , α1,y ), α2,y|1

(17)

where α represents the parameter set of bivariate copulas; the h-function
is the conditional distribution function expressed as.

squares for error parameters A, B, C and the A × B, A × C, B × C, A × B ×
C interactions as well as the random error component, respectively; SST
represents the total sum of squares. These statistics are useful for
decomposing the total variance into its contributing components,
revealing the statistical significance of investigated parameters affecting
model performance (Wu and Hamada, 2009). The best settings of error
parameters can be identified with maximized performance accordingly.
In addition to factorial ANOVA used to examine the influence of
error parameters on model performance, variance-based global sensi
tivity analysis is also performed in this study to quantify the importance
of model parameters. The global sensitivity analysis uses the variance
decomposition technique to attribute the total variance in the model
output to individual parameters and their interactions. The first- and
total-order sensitivity indices are used to reveal the effects of a single
parameter and its interactions with other parameters, respectively.
These sensitivity indices are calculated using numerical integration with
a sample size of 3,000 in a Monte Carlo framework. Furthermore, timevarying sensitivity analysis is performed to explore the temporal dy

F(x|v) = h(x, v, α) =

∂Cx,v {F(x), F(v), α}
∂F(v)

(18)

Since there are multiple vine copula structures to decompose p(x1,
x2, y), we use the sequential maximal spanning tree algorithm proposed
by Dißmann et al. (2013) along with the Akaike information criterion
(AIC) to identify an appropriate structure. When the vine structure is
determined, a conditional cumulative distribution function (CDF) of y
can be constructed by recursively applying the h-function:.
P(y|x1 , x2 ) =

∂Cy,2|1 (P(y|x1 ), P(x2 |x1 ))
= h[h(v, u1 , α1,y ), h(u2 , u1 , α1,2 ), α2,y|1 ]
∂P(x2 |x1 )

(19)

Thus, the inverse form of Equation (19) can be used to generate
probabilistic hydrologic predictions:.

{ (
( (
)
)⃒
)}
̂
y = f (x1 , x2 , τ) = P−y 1 h− 1 h− 1 τ|h P2 (x2 )|P1 (x1 ), α1,2 , α2,y|1 ⃒P1 (x1 ), α1,y , τ ∈ (0, 1)

namics of parameter sensitivities, which is useful for not only improving
our understanding of dominant model components under changing
hydroclimatic conditions, but also providing meaningful insights (timevarying parameter sensitivities) into uncertainty propagation in hydro
logical prediction.

(20)

where τ represents random probability levels (e.g., τ = 0.01, 0.1,…,
0.99); P represents marginal CDFs. To achieve reliable model results, MC
simulations were used to generate multiple (e.g., 500) samples of τ from
the uniform distribution U(0, 1), leading to multiple realizations of y.
The median values of these realizations are obtained as hydrological
predictions, and uncertainty intervals can also be derived.

2.3. Benchmark approach

3. Experimental setups

To demonstrate the superiority of the proposed SHMS, it is necessary
to perform a quantitative comparison with existing approaches. The
conditional vine copula model was selected as a comparative benchmark
since it has been extensively applied to hydrological prediction by
constructing a multivariate conditional distribution of hydroclimatic
variables (Manning et al., 2018). The conditional vine copula model
graphically decomposes a high-dimensional joint distribution into a

3.1. Study area
The proposed SHMS was applied to predict daily streamflow in the
Guadalupe River basin, Texas. As shown in Fig. 2, the Guadalupe River
with a drainage area of about 15,500 km2 originates in Kerr County, and
flows into the Guadalupe Estuary with a mean daily discharge of 53 m3/
4
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Fig. 2. Geographical location and topographic characteristics of the Guadalupe River basin.

s. The Guadalupe River basin is characterized by a significant difference
in elevation. The river originates at an elevation of 2,400 feet near its
headwaters, while it reaches an elevation as low as 5 feet at the outlet of
the basin where the Guadalupe River discharges into the Gulf of Mexico.
The Guadalupe River and its tributaries are a vital source of water for a
number of populous cities, including Kerrville, New Braunfels, San
Marcos, Seguin, Lockhart, Gonzales, Cuero, Luling, and Victoria.
Streamflow conditions in the Guadalupe River basin are mainly
influenced by spring discharge, rainfall-runoff processes, evapotranspi
ration, withdrawals for water supply, reservoir operations, and losses to
aquifer recharge (Ockerman and Slattery, 2008). The study area has a
subtropical subhumid climate characterized by hot summers and dry
winters. Annual precipitation ranges from 770 mm near the headwaters
to 1,000 mm near the Gulf of Mexico. The heaviest rainfall tends to occur

in spring and early summer. Thus, periods with large or small amounts
of rainfall are common, resulting in recurring floods and droughts.
3.2. Data and model
In this study, the meteorological and hydrological data for the
Guadalupe River basin were collected from the Model Parameter Esti
mation Experiment (MOPEX) dataset (Duan et al., 2006). A total of three
years of data from January 1981 to December 1983 were used to
assimilate daily streamflow such that the first year was used as a spin-up
period to reduce sensitivity to state-value initialization.
Data assimilation experiments were conducted by using the HYMOD
which is a widely used rainfall-runoff model for probabilistic hydro
logical prediction (Bulygina and Gupta, 2011; Sadegh and Vrugt, 2013;
Young, 2013; Zhang et al., 2021). In the rainfall-runoff model, the runoff
production is characterized as a rainfall excess process, and the runoff is
determined according to a probability-distributed storage capacity
model that partitions excess rainfall into surface and subsurface storage
through a partitioning factor (Moore, 2007). The surface storage is
characterized by three quick-flow tanks, and the subsurface storage is
represented by a single slow-flow tank. Thus, the generated streamflow
is the addition of discharges from slow- and quick-flow tanks.
The model has five parameters, including the maximum soil moisture
storage capacity Cmax, the degree of spatial variability in the storage
capacity bexp, the factor used to distribute flow between the quick- and
slow-flow routing β, the residence time of the slow-flow tank Rs, and the
residence time of quick-flow tanks Rq. The initial ranges of model

Table 1
Initial uncertainty ranges of model parameters and their “true” values.
Parameter

Description

Range

True
value

Cmax (mm)

Maximum storage capacity of watershed

610

bexp (–)

Degree of spatial variability of soil
moisture capacity
Factor distributing flow to the quick-flow
tank
Residence time of the slow-flow tank
Residence time of the quick-flow tank

[10,
1000]
[0.0,
10.0]
[0.0, 1.0]
[0.0, 0.2]
[0.1, 1.0]

0.15
0.30

β (–)
Rs (days− 1)
Rq
(days− 1)

2.05
0.50

5
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parameters and their “true” values are given in Table 1. In addition,
daily precipitation and potential evapotranspiration are the forcing
input data used to drive the model.

widely used to validate the performance of data assimilation systems.
First, the synthetic experiment with predefined model parameters was
carried out to generate the “true” model states and streamflow time
series as synthetic observations. Second, the assimilation experiment
was conducted based on the generated synthetic streamflow time series
such that the convergence of model parameters towards the predefined
parameter values can be evaluated. Third, the assimilation experiment
with real streamflow data was conducted when the performance of the
assimilation system was validated through the synthetic experiment.
To address various sources of uncertainty in data assimilation,

3.3. Experimental design
Both synthetic and real data assimilation experiments were con
ducted to demonstrate the proposed methodology. The synthetic
experiment was designed to examine the ability of the assimilation
system to estimate hydrological model parameters, which has been

Fig. 3. Convergence of model parameters to “true” values. Shaded areas and solid lines represent 90% uncertainty intervals and mean values, respectively. Crosses
denote “true” parameter values.
6
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random perturbations were adopted by adding noise (errors) to the
precipitation and potential evapotranspiration data and streamflow
observations, leading to an ensemble of state variables. As a result, the
specification of error parameters is a key feature of assimilation systems,
which plays an important role in the performance of hydrological pre
diction. A statistical hypothesis test was conducted in this study to
identify the best settings of error parameters including the precipitation
error, the potential evapotranspiration error, and the streamflow
observation error. Three scenarios were given on the strength of per
turbations, including 10%, 30%, and 50%. A three-way factorial ANOVA
was thus performed to explicitly examine the sensitivities of error pa
rameters and their interactions affecting the predictive accuracy, which
provided meaningful information for achieving the best performance of
hydrological prediction. When the posterior distributions of error

parameters were identified through data assimilation, the sensitivities of
model parameters and their interactions were then investigated through
variance-based global sensitivity analysis, advancing our understanding
of dominant hydrological components and their temporal evolution.
4. Results and discussion
4.1. Evaluation of the SHMS for parameter estimation
A synthetic data assimilation experiment was performed to demon
strate the ability of SHMS to estimate the predefined model parameters.
Fig. 3 shows the convergence of model parameters through assimilating
streamflow observations. All parameters are identifiable as they rapidly
converge to the posterior target distributions, and the estimated mean

Fig. 4. Convergence of model parameters estimated through streamflow assimilation using the ensemble Kalman filter (EnKF) algorithm.
7
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values of all parameters converge toward the “true” values which are
predefined as: Cmax = 610 mm, bexp = 2.05, β = 0.50, Rs = 0.15 days− 1,
and Rq = 0.30 days− 1. It can be seen that the first two parameters Cmax
and bexp related to soil moisture storage capacity can be better estimated
compared to the others.
As new observations become available, the SHMS recursively correct
and update parameter samples. Thus, the uncertainty degree (i.e. dif
ference between maximum and minimum values) of model parameters
is relatively high at the early stage of filtering, and diminishes gradually
along the assimilation trajectory. Results verify the ability of SHMS to
achieve convergence to the target distributions, and can thus be used for
uncertainty assessment of hydrological model parameters and pre
dictions. To further demonstrate the advantage of the proposed
approach, the data assimilation results obtained from the SHMS are
compared against those obtained with the well-known EnKF. Fig. 4
depicts the evolution of model parameters estimated using the EnKF. In
comparison, the proposed SHMS largely improves upon the EnKF
through the more rapid and accurate convergence of model parameters
towards the posterior target distributions with reduced uncertainty,
especially for estimating the factor used to distribute flow between the
quick- and slow-flow routing (β), the residence time of the slow-flow
tank (Rs), and the residence time of quick-flow tanks (Rq).

Table 2
Three-way factorial ANOVA for error parameters.
Error
parameter

Sum of
squares

Degrees of
freedom

Mean
square

Fvalue

Pvalue

PreError (L)
PreError (Q)
EvaError (L)
EvaError (Q)
ObsError (L)
ObsError (Q)
PreError ×
EvaError
PreError ×
ObsError
EvaError ×
ObsError
Error
Total sum of
squares

10.11
1.84
7.95
2.56
4.90
0.89
1.22

1
1
1
1
1
1
1

10.11
1.84
7.95
2.56
4.90
0.89
1.23

10.27
1.87
8.08
2.60
4.98
0.91
1.25

0.005
0.189
0.011
0.125
0.039
0.354
0.279

4.53

1

4.53

4.60

0.046

9.95

1

9.95

10.11

0.005

16.73
60.72

17
26

0.98

Note: PreError, EvaError, and ObsError represent precipitation error, potential
evapotranspiration error, and observation error, respectively. (L) and (Q) denote
the first- and second-order effects, respectively.

ANOVA, the minimum value of RMSE can be obtained when the settings
of precipitation, potential evapotranspiration, and observation error
parameters are 50%, 10%, and 50%, respectively. Identification of the
best settings of error parameters provides meaningful information for
advancing our understanding of the data assimilation system and for
maximizing model performance. In previous studies, error parameters
were often randomly selected without a systematic assessment, resulting
in unreliable conclusions due to the oversimplified settings of error
parameters. For instance, a single scenario of error parameters was often
used previously to carry out hydrological data assimilation. However,
sensitivities of error parameters and their interactions play a crucial role
in the performance of data assimilation. It is thus necessary to examine
various scenarios of error parameters and to explore potential in
teractions between error parameters affecting the predictive accuracy,
leading to more robust and reliable hydrological prediction with the best
parameter settings.
Fig. 6 shows the temporal evolution of model parameters derived
through the daily streamflow assimilation using the SHMS with the best
settings of error parameters. It is indicated that all parameters are
identifiable, and they converge rapidly to the target distributions. The
derived posterior parameter distributions vary greatly from the syn
thetic experiment to the real data experiment due to the assimilation of
different streamflow time series. Fig. 7 presents a comparison of simu
lated and observed daily streamflow time series. The daily streamflow
distributions were evaluated using the probabilistic performance mea
sure of “reliability” introduced by Renard et al. (2010) and Breinholt
et al. (2012). “Reliability” represents the percentage of observations
falling within the uncertainty bounds of simulated streamflow time se
ries, which varies between 0 (lowest reliability) and 1 (highest reli
ability). In this study, the reliability of streamflow distribution is 0.75
which is acceptable although far from perfect, but the SHMS may
underpredict the streamflow regimes. Furthermore, hypothesis testing
with a significance level of 0.05 was conducted to measure the signifi
cance of the difference between observed and simulated streamflow
time series. The p-value derived by the hypothesis testing is less than
0.05, which indicates that the accuracy of streamflow prediction is
statistically acceptable. This verifies the ability of the SHMS to recur
sively assimilate streamflow observations, and can thus be used for
probabilistic streamflow prediction in the Guadalupe River basin.

4.2. Identification of error and model parameters in streamflow
assimilation

Expected Normal Value

When the performance of the SHMS was validated through the
synthetic experiment, a real data assimilation experiment was also
conducted to predict daily streamflow in the Guadalupe River basin,
Texas. A three-way factorial ANOVA was performed to examine the
impacts of model and observation error parameters as well as their in
teractions in streamflow assimilation so as to identify the best settings of
the SHMS with maximized performance. Fig. 5 presents the normal
probability plot of residuals for checking the normality of the residual
distribution in the three-way ANOVA. Since this plot is approximately
linear, it verifies that the residuals are normally distributed.
As shown in Table 2, the precipitation error is identified as the most
statistically significant parameter according to the p-value. Thus, the
precipitation error parameter has the largest first-order effect on the
predictive accuracy. This indicates that any change in the settings of
precipitation error parameter could lead to the largest variation of the
root mean square error (RMSE) value. In addition, the potential
evapotranspiration and the streamflow observation error parameters as
well as their interactions have considerable contributions to model
performance. Based on the interaction analysis through factorial

4.3. Comparison with probabilistic prediction approach
Residual

To demonstrate the superiority of the proposed SHMS, the condi
tional vine copula model was selected as a comparative benchmark. To

Fig. 5. Normal probability plot of raw residuals.
8

Y. Shen et al.

Journal of Hydrology 608 (2022) 127683

Cmax (mm)

1000
800
600
400
200
0
10

bexp

8
6
4
2
0
1

β

0.8
0.6
0.4
0.2
0

Rs (days-1)

0.4
0.3
0.2
0.1
0

Rq (days-1)

1
0.8
0.6
0.4
0.2
0
1982-Jan

1982-Apr

1982-Aug

1982-Dec

1983-Apr

1983-Aug

Date
Fig. 6. Temporal evolution of model parameters in streamflow assimilation.

Fig. 7. Daily streamflow time series with 90% uncertainty intervals.
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Table 3
Selection of marginal distributions of hydrological variables using AIC. PET = potential evapotranspiration. AIC = Akaike information criterion.
Variable

gamma

Weibull

log-normal

Gumbel

GEV

log-logistic

GP

generalized gamma

Streamflow
Precipitation
PET
Temperature

5348
1442
5732
5225

5291
1391
5666
5065

5001
1357
5798
5355

5817
2455
5808
5274

0.73
¡1.47
¡2.81
1.55

4954
1389
5943
5264

5134
1404
5530
5401

6
1359
2565
4989

Fig. 8. The GEV distribution of daily streamflow over the Guadalupe river basin during 1982–1983. GEV = generalized extreme value.

Fig. 9. Daily streamflow prediction generated from the conditional vine copula model over the Guadalupe river basin.

1

Total-order effect

First-order effect

1
0.8
0.6
0.4
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0.6

β

0.4
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0.2
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0

Cmax bexp

β
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Cmax bexp
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Fig. 10. First- and total-order effects of model parameters.
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construct a conditional vine copula model, the marginal distributions of
hydrological variables (i.e., streamflow, precipitation, potential evapo
transpiration, and temperature) were selected from a total of 8 types of
probability distributions, including gamma, Weibull, log-normal,
Gumbel, generalized extreme value (GEV), log-logistic, generalized
Pareto (GP), and generalized gamma.
The marginal distribution of hydrological variables was selected
using the Akaike information criterion (AIC) (see Table 3). Results show
that the GEV distribution was optimal for all hydrological variables,
including streamflow, precipitation, potential evapotranspiration, and
temperature. For example, Fig. 8 presents the fitted GEV cumulative
distribution function of daily streamflow and the Q-Q plot, indicating
that the GEV distribution provides a good representation of daily
streamflow. The hydrological variables were transformed to uniform
margins on [0, 1] based on their optimal parametric probability distri
butions and then were used to construct the conditional vine copula
model. The one with the lowest AIC value was selected as the optimal
vine structure. Fig. 9 presents a comparison of daily streamflow time
series generated from the observation and the constructed conditional
vine copula model. Results show that the reliability is 0.71, which is
lower than 0.75 generated from the proposed SHMS. The SHMS also
outperforms the conditional vine copula model in terms of capturing
extreme flows. Specifically, the SHMS captures 81% and 83% of high (i.
e., higher than the 90th percentile) and low (i.e., lower than the 10th
percentile) flows, respectively, whereas the conditional vine copula
model captures only 71% and 36% of high and low flows, respectively.
This indicates that the proposed SHMS can improve the reliability of
daily streamflow simulations by robustly addressing various un
certainties and their interactions.

runoff routing plays a dominant role in minimizing the overall error,
while the subsurface runoff process has little influence on streamflow
predictions in the Guadalupe River basin. Consequently, sensitivity
analysis for model parameters and their interactions is useful for
providing meaningful insights into model components dominating the
overall accuracy.
As the parameter sensitivity varies over time due to the changing
hydrological conditions, the temporal dynamics of parameter sensitivity
were examined using the time-varying sensitivity analysis method
introduced by Pianosi and Wagener (2016). As shown in Fig. 11, sen
sitivities of five model parameters vary in response to changes in daily
streamflow. The accuracy is highly sensitive to the degree of spatial
variability of soil moisture capacity bexp and the residence time of the
quick-flow tank Rq, especially for the days with heavy rainfall. Our
findings reveal that the soil moisture capacity and the surface runoff
routing parameters as well as precipitation play a key role in simulating
daily streamflow in the dry Guadalupe River basin. In addition, mini
mizing errors in heavy rainy days would greatly improve the overall
accuracy of daily streamflow predictions. Analysis of the temporal dy
namics of parameter sensitivity advances our understanding of domi
nant hydrologic processes that contribute to the catchment response
under time-varying hydroclimatic conditions.
5. Conclusions
In this study, we proposed a SHMS for improving daily streamflow
prediction through sequential data assimilation. The SHMS greatly im
proves upon the well-known EnKF through the more rapid and accurate
convergence of model parameters in streamflow assimilation. Factorial
ANOVA was performed to explicitly reveal the impacts of model and
observation error parameters as well as their interactions on streamflow
assimilation. Variance-based sensitivity analysis was also conducted to
examine the sensitivities of hydrological model parameters and their
interactions as well as to reveal the temporal dynamics of parameter
sensitivity. Such a computational framework is capable of explicitly
identifying underlying interactions between error parameters in
streamflow assimilation and robustly predicting daily streamflow time
series in a probabilistic manner. The proposed framework was also
compared with the existing well-known approach used for streamflow
prediction.
Both synthetic and real data assimilation experiments were con
ducted to demonstrate applicability of the proposed methodology in the
Guadalupe River basin, Texas. Results obtained from factorial ANOVA
reveal that the precipitation error parameter has the largest first-order
effect on the assimilation accuracy. Potential evapotranspiration and

4.4. Sensitivities of model parameters and their interactions
Variance-based global sensitivity analysis was also carried out to
examine the sensitivities of model parameters and their interactions. As
shown in Fig. 10, the residence time of the quick-flow tank Rq has the
largest individual and interaction effects on model performance. This
indicates that the simulated daily streamflow is highly sensitive to the
variation of the residence time of the quick-flow tank. Thus, the quickflow tank parameter plays a crucial role in streamflow predictions in
the Guadalupe River basin.
In addition, the quick-flow tank parameter is closely correlated with
other parameters, and their interactions make a considerable contribu
tion to model performance. In comparison, the residence time of the
slow-flow tank Rs and its interactions with other parameters make little
contribution to model performance. Results indicate that the surface

Cmax
bexp
β

Rs
Rq

Day
Fig. 11. Temporal variation in the sensitivity of model parameters. The black line represents the time series of simulated streamflow. The grayscale represents the
time-varying parameter sensitivity (i.e. contribution of each parameter to the total variance of model output).
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streamflow observation error parameters as well as their interactions
have considerable contributions to model performance. Factorial
ANOVA provides insights into model and observation error parameters
that affect the performance of the hydrological data assimilation system,
maximizing the accuracy of streamflow assimilation. By comparing the
time series of observed and simulated daily streamflow using deter
ministic and probabilistic measures, the results verify the ability of the
SHMS to properly assimilate streamflow observations in the Guadalupe
River basin. The SHMS also shows better performance than the condi
tional vine copula model in terms of the reliability of streamflow pre
diction. On the other hand, the soil moisture capacity and the surface
runoff routing parameters as well as precipitation play a crucial role in
simulating daily streamflow in the dry Guadalupe River basin. More
over, sensitivities of model parameters vary over time due to the
changing hydroclimatic conditions. The model response is more sensi
tive to the variation of model parameters for the days with heavy rain
fall. Thus, minimizing errors in heavy rainy days would greatly improve
the overall accuracy. These findings provide meaningful insights into
the dynamics of model components dominating the overall
performance.
The SHMS has significant potential for performing hydrological
predictions, and will be applied to the physically-based distributed hy
drological models for better addressing the spatial heterogeneity of
watershed characteristics in future studies. Nevertheless, the computa
tional cost will increase exponentially with the increasing number of
hydrological model parameters due to the computationally extensive
factorial ANOVA and the variance-based global sensitivity analysis. It is
thus necessary to further improve the factorial design and the variancebased sensitivity analysis method for increasing the computational ef
ficiency of hydrological prediction using the SHMS. Moreover, a total of
three years of data collected from the MOPEX dataset are used in this
study to predict daily streamflow, which may not adequately reflect the
hydrological characteristics. The longer time series data is thus desired
in future studies to further improve the robustness of hydrological
prediction.
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