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Abstract Real-time discharge observations can be assimilated into flood models to improve forecast
accuracy; however, the presence of time lags in the routing process and a lack of methods to quantitatively
represent different sources of uncertainties challenge the implementation of data assimilation techniques
for operational flood forecasting. To address these issues, an integrated error parameter estimation and lag-
aware data assimilation (IEELA) scheme was recently developed for a lumped model. The scheme combines
an ensemble-based maximum a posteriori (MAP) error estimation approach with a lag-aware ensemble Kal-
man smoother (EnKS). In this study, the IEELA scheme is extended to a semidistributed model to provide for
more general application in flood forecasting by including spatial and temporal correlations in model uncer-
tainties between subcatchments. The result reveals that using a semidistributed model leads to more accu-
rate forecasts than a lumped model in an open-loop scenario. The IEELA scheme improves the forecast
accuracy significantly in both lumped and semidistributed models, and the superiority of the semidistrib-
uted model remains in the data assimilation scenario. However, the improvements resulting from IEELA are
confined to the outlet of the catchment where the discharge observations are assimilated. Forecasts at
‘‘ungauged’’ internal locations are not improved, and in some instances, even become less accurate.

1. Introduction

Accurate and timely forecasting of potential river floods, one of the most destructive natural disasters, is a
necessity for providing warnings and initiating emergency response. However, the forecasts are inherently
uncertain due to errors in model initial condition (state variables), input forcing (numerical weather predic-
tion outputs), model parameters, and model structure. Data assimilation (DA) provides a way to integrate
real-time observed information into forecasting models to improve the forecasts by reducing errors in initial
conditions and/or parameters. With the development of novel statistical methods and observational techni-
ques, DA is becoming an important component of hydrologic forecasting [DeChant and Moradkhani, 2012;
Hendricks Franssen and Kinzelbach, 2008; Lee et al., 2012; Li et al., 2013; Liu et al., 2012; Moradkhani et al.,
2012; Nie et al., 2011; Ricci et al., 2011; Thirel et al., 2010a; Vrugt et al., 2013]. Although advanced remote sens-
ing techniques provide an opportunity to improve hydrologic simulation [Alvarez-Garreton et al., 2014; Crow
and Ryu, 2009; DeChant and Moradkhani, 2011; Massari et al., 2014; Wanders et al., 2014], gauged discharge
DA is a more effective way to improve short-term forecasts and thus it is still preferred for operational
streamflow forecasting purposes [Komma et al., 2008; Lee et al., 2011, 2012; Li et al., 2014; Liu et al., 2012;
McMillan et al., 2013; Rakovec et al., 2012; Seo et al., 2009; Vrugt et al., 2006].

Despite the recent advancements in discharge DA for hydrologic modeling, there still remains various chal-
lenges [Liu et al., 2012]. One important challenge is the natural time lags related to the flow routing proc-
esses. It has been identified that these time lags do not cause an issue for filtering methods when the
model is formulated as a first-order Markov model (e.g., storage routing models); however, when a Markov
model with an order higher than one is used (e.g., unit hydrographs), conventional filtering methods
become a suboptimal choice [Li et al., 2011, 2013; Weerts and El Serafy, 2006]. Various methods have been
introduced to address the time lag issue, including variational DA [Lee et al., 2011, 2012; Seo et al., 2009], the
lagged particle filter [Noh et al., 2011], the retrospective ensemble Kalman filter (EnKF) [Pauwels and De Lan-
noy, 2009], the recursive EnKF [McMillan et al., 2013], and the EnKS [Li et al., 2013, 2014]. The retrospective
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EnKF, recursive EnKF, and EnKS are three variants of the EnKF. The EnKS can pass the observation informa-
tion to the antecedent model states as effectively as the other two and it is found to improve the discharge
more effectively than the retrospective EnKF by avoiding the recalculation of the updated states from the
beginning of the time window [Pauwels and De Lannoy, 2009], and to be much more efficient than the
recursive EnKF by avoiding the ‘‘iterative’’ update-prediction process [McMillan et al., 2013]. Only the rerun
of the routing modules—the observation operator—is needed for the EnKS [Li et al., 2013].

Another major challenge in DA is error quantification. Efficacy of stochastic DA, to a large extent, is deter-
mined by the realistic representation of errors in the model and the observations. Despite this, probabilistic
representation of model predictions and observations for stochastic DA is often generated using arbitrary
specifications of the error models and parameters [Liu et al., 2012]. Nevertheless, more objective methods
exist. One such method is automatically tuning error parameters in the online cycling of a filtering system
using adaptive filtering approaches [Crow and Reichle, 2008; Crow and van den Berg, 2010; Crow and Yilmaz,
2014; Reichle et al., 2008] or the variable variance multiplier approach [Leisenring and Moradkhani, 2012; Mor-
adkhani et al., 2012]. Another method is informally/formally estimating uncertainties through likelihood-
based or Bayesian analysis methods, which disaggregate the difference between the observation and
model prediction into different sources of uncertainties. Examples include the Bayesian total error analysis
(BATEA) [Kavetski et al., 2006; Renard et al., 2011], integrated Bayesian uncertainty estimator (IBUNE) [Ajami
et al., 2007], and the differential evolution adaptive metropolis (DREAM) algorithm [Vrugt et al., 2008]. These
likelihood-based or Bayesian analysis tools have yet to be more widely used to inform error parameters for
hydrologic DA. Notable exceptions are the two recently developed methods that attempt to address this
issue: the integrated uncertainty and ensemble-based DA (ICEA) system [He et al., 2012] and the integrated
error parameter estimation and lag-aware DA (IEELA) scheme [Li et al., 2014].

ICEA adopts DREAM to quantify parameter uncertainties and uses the EnKF to improve the discharge fore-
casts. It was used to assimilate snow water equivalent data and found to outperform the stand-alone EnKF
in terms of accuracy; however, the ensemble spread of ICEA prediction was found to be too narrow to cover
the range of streamflow observations [He et al., 2012]. IEELA couples an ensemble-based MAP estimation
with the lag-aware EnKS to assimilate discharge for streamflow forecasting. It addresses both the time lag
issue and the error estimation issue in an integrated DA system. It was found to generate reliable ensemble
spreads and effectively improve the discharge forecasts [Li et al., 2014]. So far applications of both ICEA and
IEELA have been limited to lumped catchment modeling. Adapting these integrated DA approaches to
address the challenges in distributed/semidistributed model updating remains an important scientific
question.

Although lumped models may work well in small catchments, in many cases, especially in the operational
flood forecasting systems, semidistributed models (i.e., distributed conceptual models) are preferred to
make full use of distributed forcing information and multiple discharge gauges. In addition, there is a trend
to move toward semidistributed/distributed catchment hydrologic modeling systems [Lee et al., 2012; Rako-
vec et al., 2012]. A number of studies have implemented DA schemes for distributed/semidistributed model
updating [Lee et al., 2012; McMillan et al., 2013; Noh et al., 2011; Rakovec et al., 2012; Ricci et al., 2011].

Implementation of DA schemes in semidistributed systems requires additional consideration for parameter-
ization/estimation of the error between subcatchments with spatial and temporal correlations. For temporal
correlation, independent forcing and state errors have been preferred in many of previous studies [L€u et al.,
2013; Pauwels and De Lannoy, 2009; Wang et al., 2009; Weerts and El Serafy, 2006; Xie and Zhang, 2010].
Ignoring autocorrelation of the error may, however, lead to underestimation of the ensemble spread and
this becomes worse as the temporal modeling resolution increases (e.g., hourly forecasting) [Li et al., 2014;
McMillan et al., 2013; Rakovec et al., 2012]. In addition, spatially uniform [Thirel et al., 2010a, 2010b] and spa-
tially independent [Salamon and Feyen, 2009; Xie and Zhang, 2010] errors have both been used frequently
in distributed system updating. It is likely that these idealized assumptions of spatial and temporal inde-
pendence in error structure are unrealistic, which would lead to suboptimal performance of the DA system.
This has been partially addressed by a few previous studies which have subjectively specified both temporal
and spatial correlations of the model error [Clark et al., 2008; McMillan et al., 2013].

Even with the spatiotemporally distributed (and correlated) error specifications, superiority of a distributed/
semidistributed model compared with a lumped model in combination with the discharge DA remains
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uncertain when only the outlet discharge is available. Understanding this relative merit between distrib-
uted/semidistributed systems and lumped systems is essential for flood forecasting. Even though a few
studies have implemented novel DA methods with distributed/semidistributed models [Lee et al., 2011,
2012; McMillan et al., 2013; Rakovec et al., 2012; Xie and Zhang, 2010], direct comparison of DA performance
for lumped versus semidistributed systems was not provided.

Related to this issue, it is often presumed that internal system states/fluxes—for a semidistributed catch-
ment system, soil water store, and discharge in the upstream subcatchments—are properly updated and
improved after the discharge DA; however, the opposite results have been reported. Several studies have
revealed that updating multiple subcatchments with a limited number of (i.e., fewer) discharge gauges may
not improve, and can even cause deterioration in, discharge predictions at ungauged locations [Clark et al.,
2008; Lee et al., 2011, 2012]. This is due to the hydrological systems typically being underdetermined [Lee
et al., 2012] together with imperfect representation of physical processes and their uncertainties [Clark et al.,
2008]. Clark et al. [2008] and Lee at al. [2012] discussed a need to develop appropriate models and DA tools
to address these issues.

In extending IEELA to a semidistributed forecasting system in this study, the MAP estimation is used to quantify
model and observation errors with the consideration of temporal and spatial correlations of the model error.
The estimated error parameters are implemented with the lag-aware EnKS to address the errors in the initial
conditions. The results are evaluated in hypothetical forecasting using observed forcing data with the lead time
of 1–48 h. The results are analyzed to understand (1) whether there is any benefit of using a semidistributed
catchment system compared with a lumped system in the context of DA; and (2) whether more realistic repre-
sentation of the error propagation and more adequate correction of both current and antecedent errors (e.g.,
IEELA) results in improved discharge error correction in the ungauged locations.

2. Methodology

In this study, an hourly semidistributed flood forecasting system based on coupling the GR4H rainfall runoff
model (modèle du G�enie Rural �a 4 paramètres Horaire) with a linear Muskingum river routing model is
applied to the upper part of the Ovens River basin in Australia. The model parameters are calibrated using
the shuffled complex evolution (SCE-UA) approach [Duan et al., 1992]. After the model calibration is com-
pleted, SCE-UA is used again to estimate the model and observational error parameters based on the MAP.

The EnKS is implemented for the following two scenarios: (1) updating the catchment states only (i.e., GR4H
states), and (2) updating both the catchment states and the river routing states (i.e., both GR4H and Muskin-
gum states). To examine any additional improvements made by using semidistributed model, results are
compared with those from a lumped catchment configuration as presented by Li et al. [2014].

2.1. Catchment and Data
The study catchment is located upstream of Myrtleford in the Ovens River basin, Australia (Figure1). The
catchment is about 1210 km2 and mainly covered by eucalyptus forest. The main stream drains from the
southeast to the northwest with a travel time of approximately 1 day. The mean annual rainfall and dis-
charge are approximately 1170 and 440 mm, respectively. The major flows normally occur in July–
October.

Data used in this study include hourly rainfall depth, potential evapotranspiration (PET), and gauged stream
discharge for 1999–2010. Gauged rainfall data are spatially interpolated to subcatchments from 14 rainfall
gauges using an inverse distance weighted approach [Pagano et al., 2011b]. The PET is monthly observed
data extracted from Australian Water Availability Project (AWAP) products [Raupach et al., 2009, 2012]. There
are five discharge gauges located at Harrietville, Bright, Harris Lane, Eurobin, and Myrtleford within the
catchment. The purpose of this study is to investigate the effect of using a semidistributed model for DA
applications when only the outlet discharge data are available, therefore, only discharge at Myrtleford (sta-
tion code: 403210) is used for model calibration, error estimation, and DA. To avoid higher level of underde-
termination in the modeling system and to make the reporting of results and analyses more concise, only
two internal discharge gauges are used for the evaluation of potential improvements in internal ‘‘unga-
uged’’ sites by assimilating the outlet discharge. These were observations at Bright (station code: 403205)
and Harris Lane (station code: 403233).
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2.2. Semidistributed Model Setup and Calibration
Based on the gauge locations and the topography, the catchment is divided into five subcatchments: Sub-
catch1—upstream of Harris Lane, Subcatch2—upstream of Bright, Subcatch3—downstream of Harris Lane,
Subcatch4—downstream of Bright, and Subcatch5—upstream of Myrtleford (Figure1). Runoff in each sub-
catchment is generated and preliminary routed to the outlet of the subcatchment using GR4H, while flows
through the channel network are routed using a linear Muskingum channel routing model. The GR4H-
estimated runoff is added into the channel network at the outlet of each subcatchment.

2.2.1. GR4H Rainfall Runoff Model
GR4H is an hourly version of the widely used daily catchment runoff generation model GR4J (modèle du
G�enie Rural �a 4 paramètres Journalier). It is one of the main candidates in the Australian Bureau of Meteorol-
ogy operational flood forecasting system and it has been found to work well in operational scenarios [Li
et al., 2014; Pagano et al., 2010, 2011a].

GR4H is a storage-unit-hydrograph-based conceptual model (Figure 2), which means that both routing sto-
rages and unit hydrographs are used to create time delay in the runoff process. The throughfall (Pn) is
divided into direct runoff (Pn-Ps) and infiltration (Ps) through a conceptual soil water store (S) with the maxi-
mum capacity of x1. The direct runoff and percolation water are combined into a hillslope-scale total runoff
(Pr), which is then split into two parts using a fixed ratio (1:9). One part (10% of Pr) is routed by a unit hydro-
graph (UH2) with length 2�x4 (a fast catchment-scale routing), and the other part (90% of Pr) is routed by a
cascade of one unit hydrograph (UH1) with length of x4 and one routing store (R) with the ‘‘reference’’
capacity of x3 (a slow catchment-scale routing). F(x2) nominally represents water exchange between the
simulated catchment and adjacent catchments, with the maximum exchange rate of x2.

2.2.2. The Linear Muskingum Routing Model
Runoff entering the stream network is routed using a linear Muskingum channel routing model. The Musk-
ingum method is a finite-difference approximation of the Saint-Venant equations. It incorporates the con-
cept of a triangular ‘‘wedge’’ and rectangular ‘‘prism’’ to represent storage in the river channel and flood

Figure 1. Study basin and subcatchments.
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wave [Cunge, 1969; Nash, 1959]. Its linear
form is based on mass conversation (conti-
nuity) and a linear storage which can be
expressed as

dVt

dt
5It2Ot ðContinuity=mass equationÞ;

(1)

Vt5k � ½x � It1ð12xÞ � Ot�
ðStorage equationÞ;

(2)

whereVt, It, and Ot are storage, inflow, and
outflow at time t, respectively; k is a con-
stantratio between storage and flow and
x is a weighting coefficient describing the
relative significance of inflow and outflow
to the storage.

2.2.3. Model Calibration
The semidistributed model, with four
parameters (x1, x2, x3, and x4) from GR4H
and two parameters (k and x) from the
Muskingum model, is calibrated against
the Myrtleford discharge gauge at the
catchment outlet. To avoid potential equi-
finality due to overparameterization, cali-
brated parameters in operational
forecasting are usually set to be spatially
uniform and only measureable parameters
are allowed to vary between subcatch-
ments [Khakbaz et al., 2012; Lee et al., 2012;
McMillan et al., 2013]. To be consistent with
the operational applications, here parame-

ters are set to be spatially uniformin this study, except for the length parameter (x4) for the two unit hydro-
graphs in GR4H. It has been shown that the concentration time of Australian catchments can be expressed
as a power function of catchment area [Li et al., 2013], therefore, x4 is scaled by the square root of the sub-
catchment area to represent the flow concentration in this study. SCE-UA is used to identify the globally
optimal parameter set. The objective function (equation (3)) used in this paper is an arithmetic average of a
Nash-Sutcliffe model efficiency [Nash and Sutcliffe, 1970] of log flows (sensitive to low flows, equation (4)), a
Nash-Sutcliffe model efficiency of Box-Cox transformed flows (sensitive to midrange flows, equation (5)), a
Kling-Gupta Efficiency (sensitive to variance and high flows, equation (6)) [Gupta et al., 2009], and a Bias skill
score (equation (7)) [Misirli et al., 2002].

F5Flog NS1FBoxNS1FKGE1Fbias; (3)

Flog NS5

XTc

t51
ln ðQsim;t1mÞ2ln ðQobs;t1mÞ
� �2

XTc

t51
ln ðQsim;t1mÞ2ln ð�Qobs;t1mÞ
� �2

; (4)

FBoxNS5

XTc

i51
Q
0
sim;t2Q

0
obs;t

� �2

XTc

i51
Q
0
sim;t 2 �Q0 obs
� �2 ; (5)

FKGE512

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ð12rÞ21ð12

rsim

robs
Þ21ð12

�Qsim

�Qobs
Þ2

s
; (6)

Figure 2. The structure of the GR4H model [Li et al., 2013].
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Fbias5 max
�Qsim

�Qobs
;
�Qobs

�Qsim

	 

21

� �2

; (7)

where Qsim;t and Qobs;t denote the simulated and observed discharges, respectively, at time t within the cali-
bration period Tc ; m denotes the smallest nonzero observed discharge of the calibration period; r denotes
the correlation coefficient between simulated and observed discharges; Q

0
sim;t and Q

0
obs;t denote the Box-

Cox transformed discharge through:

Q
0
5
ðQ11Þc21

c
: (8)

where the transformation parameter c is set to be 0.3, giving a score that is considered a good measure of
intermediate flows [Misirli et al., 2002; Pagano et al., 2011b]. An evaluation for the study case here shows
that the Box-Cox transformation with c 5 0.3 normalizes the discharge data to a large extent.

2.3. Error Structure and Estimation
The performance of an EnKS/EnKF is to a large extent determined by how well the model and observation
errors are represented. They are used to reanalyze the model predictions by calculating a weighted average
of the predictions and the observations (i.e., discharge in this study), where the weight coefficients are cal-
culated based on the comparison between prediction and observation errors. Then model states (or param-
eters) are updated through the cross-covariance between the errors in the states and the errors in the
predictions.

To construct a realistic error covariance matrix for the states and predictions, input rainfall (P) and catch-
ment soil moisture (S) are perturbed to generate an ensemble of model states and discharge predictions
(Q). Observed discharge is perturbed to represent the observation error. The uncertainties from PET, model
parameters, and structure are assumed to accumulate in soil moisture thus they are represented by the per-
turbation of soil moisture. The error models used to reproduce rainfall, soil moisture, and discharge observa-
tion uncertainties, and a MAP as a method to estimate the error parameters [Li et al., 2014; Sorenson, 1980]
are described in the following sections.

2.3.1. Rainfall Error
Rainfall uncertainty is one of the main sources of the prediction uncertainty. The rainfall error is in part
directly propagated into discharge through direct runoff and its routing process, and the other part affects
discharge error through soil moisture and base flow processes. Therefore, it is necessary to perturb rainfall
independently of state perturbations, to generate more realistic ensemble propagation. A lognormal multi-
plicative error model has been broadly used for rainfall perturbation [Crow et al., 2011; DeChant and Morad-
khani, 2012; Nijssen and Lettenmaier, 2004]; however, most of these implementations have not considered
the temporal and spatial correlations of the rainfall error, which have been shown to be important in hydro-
logic modeling [Adams et al., 2012] and DA [McMillan et al., 2011, 2013]. In space-time rainfall modeling
studies, rainfall uncertainty has been found to be autocorrelated and is usually simulated through autore-
gressive (AR) or autoregressive-moving-average (ARMA) models [Seed et al., 1999, 2000; Smith and Krajewski,
1991]. The spatial variability is usually quantified through either parametric methods, e.g., Kriging methods
with exponential [Krajewski, 1987], Gaussian [Sun et al., 2000] or spherical covariance models [Berne et al.,
2004], or nonparametric methods, e.g., the fast Fourier transform method [Velasco-Forero et al., 2009]. These
methods, however, have not been widely implemented in hydrologic DA applications.

In this paper, we extend the first-order autoregressive lognormal model, namely AR(1)-LN, which was used
by Li et al. [2014] for rainfall perturbation, to a spatially correlated autoregressive error model. In this model,
stochastic rainfall for the subcatchment i at time t is generated by

P
0
i;t5nP

i;t � Pi;t; (9)

where the multiplier nP
i;t follows a lognormal distribution with a mean of 1 (unbiased perturbation) and

standard deviation of eP . The natural logarithm of nP
i;t follows a first-order autoregressive process,
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LNðnP
i;tÞ5l1a � ðLNðnP

i;t21Þ2lÞ1dP
i;t � r �

ffiffiffiffiffiffiffiffiffiffiffi
12a2
p

; (10)

where a is the lag-one autocorrelation coefficient, m and r are the mean and the standard deviation of the
Gaussian distribution followed by LNðnPÞ and can be expressed as

l52
1
2

ln ð11eP
2Þ; (11)

r5
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ln ð11eP

2Þ
p

; (12)

and dP
i;t is a standard Gaussian noise added to the subcatchment i at time t, which is resampled from a zero-

mean joint probability distribution with the covariance matrix of

RP5

1 qP
1;2 � � � qP

1;l

qP
2;1 �

� . .
.

qP
l;1 � � � 1

2
66666664

3
77777775

l3l

; (13)

where qP
i;j is the covariance (also the correlation coefficient) between the standard Gaussian noises of sub-

catchments i and j. Instead of using independent qP
i;j , we assume that the spatial correlation decreases expo-

nentially with the increasing separation distance of the subcatchment centroids, which is

qP
i;j5exp 2

di;j

dP
0

	 

; (14)

where di;j is the distance between the centers of subcatchments i and j, and dP
0 is a reference distance.

In this model, there are three parameters that need to be estimated: the lag-one autocorrelation coefficient
a, the standard deviation of rainfall multipliers eP , and the reference distance for spatial correlation dP

0 .

2.3.2. Soil Moisture Error
Catchment hydrologic models simulate soil moisture through the state transfer function, which can be sim-
ply formulated as

xt5f ðxt21; ut; hÞ; (15)

where x is the state vector, u is the input variable vector, and h is the parameter vector. Soil moisture is a
key state variable in a hydrologic model. According to equation (15), the soil moisture at time t is calculated
based on the antecedent soil moisture at time t21, and errors added to soil moisture will be accumulated
in time. Therefore, perturbing soil moisture through temporally independent errors will result in a tempo-
rally correlated error in soil moisture. In this study, a spatially correlated and serially independent additive
Gaussian noise is used to represent the soil moisture uncertainty:

S
0
i;t5Si;t1nS

i;t; (16)

where nS
i;t is a Gaussian noise calculated as

nS
i;t5eS3dS

i;t; (17)

where eS is the standard deviation of nS
i;t and dS

i;t is a standard Gaussian noise which is resampled from a
zero-mean joint probability distribution with the covariance matrix of

RS5

1 qS
1;2 � � � qS

1;l

qS
2;1 �

� . .
.

qS
l;1 � � � 1

2
66666664

3
77777775

l3l

; (18)

and the spatial correlation coefficients (qS
i;j) are calculated by the distance between the subcatchment cen-

troids(di;j) as
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qS
i;j5exp 2

di;j

dS
0

	 

; (19)

where dS
0 is the reference distance for the spatial correlation of soil moisture.

The perturbed soil moisture (S
0
i;t) is truncated by the upper and the lower bounds of soil moisture. Two

error parameters for soil moisture perturbation, the standard deviation eS and the reference distance for
spatial correlation dS

0, need to be estimated.

2.3.3. Discharge Error
Li et al. [2014] analyzed flow gauging data at Myrtleford and the discharge error was found to follow a Gaus-
sian error (nQ) accounting for heteroscedasticity:

Q
0
t5Qt1nQ

t � Qt; (20)

where nQ is Gaussian noise with zero mean and a standard deviation of eQ.

According to the flow gauging data analysis by Li et al. [2014], eQ is estimated to be normally distributed
with a mean of 9.25% and standard deviation of 0.925%. This estimated distribution of eQ is used as an a pri-
ori distribution to constrain the MAP estimation.

2.3.4. Maximum A Posteriori Error Estimation
Based on the assumed error structure, six error parameters need to be estimated: the standard deviations
of the soil moisture error (eS), the standard deviation of the observed discharge multiplier (eQ), the standard
deviation of the rainfall multiplier (eP), the lag-one autocorrelation coefficient of rainfall multiplier (a), the
spatial correlation reference distances of rainfall multiplier (dP

0 ), and soil moisture error (dS
0). The three stand-

ard deviations are assumed to be the same for all subcatchments. An ensemble-based MAP estimation
method constrained by the a priori distribution of eQ is used to estimate these error parameters.

MAP is a regularization of the maximum likelihood estimation, but incorporates a priori distributions over
unknown parameters [Li et al., 2014]. In this study, MAP provides a point estimation of model error parame-
ters H that maximizes its posterior probability density conditional on the model parameters h, observed dis-
charge (Qobs), precipitation (P) and PET for all t within the calibration period (t0–tc). More specifically, it finds
H that maximizes

pðHjQobs; t0!tc ; h; Pt0!tc ; PETt0!tc Þ / LðHÞ5pðHÞ3
Yt

t5t0

pðQobs; tjH; h; Pt0!t; PETt0!tÞ; (21)

using a global optimization scheme; SCE-UA in this study. LðHÞ stands for the a posteriori likelihood of H.
As catchment hydrologic processes are usually highly nonlinear, it is unrealistic to analytically derive the
probability density of discharge from the probability distribution of inputs and states. Therefore, the error
parameter calibration is conducted using a Monte Carlo approach, which generates an ensemble of realiza-
tions to represent the propagation of the probability distribution. More details about the procedure of the
ensemble-based MAP estimation can be found in Li et al. [2014].

2.4. The Ensemble Kalman Smoother
The EnKS is implemented in an iteration of two steps: model prediction and state updating. The model pre-
diction can be expressed as a state transfer process

xi2
t 5f ðxi1

t21;ui
t; hÞ1xi

t i51; 2 . . . n; (22)

and an observation operator module

ŷ i
t5hðxi2

t ; hÞ; (23)

or

ŷ i
t5hðxi2

t!t2m11; hÞ; (24)

where xi2 represents the predicted state vector, xi1 the updated state vector, xi the error vector added to
states (i.e., the soil moisture error parameterized through equation (16) in this case), ŷ i the observational
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prediction vector (discharge in this case), t the current time step, m the lagged time steps contributing to
the current prediction, and i enumerates a member of a size-n ensemble.

In the case where discharge data are assimilated, equations (23) and (24) represent the calculation of the
discharge prediction (ŷ i) based on the model water storages (xi2). When the runoff routing is based on
dynamic storage(s), the discharge predicted using the current routing stores through equation (23). In this
case, the real-time EnKF can effectively correct the model state errors by assimilating discharge [Li et al.,
2013]. However, if runoff routing is fully or partially based on unit hydrographs, the discharge prediction is
made based on a series of catchment states within a lagged time window of length m as in equation (24).
For the latter type of models, the lag-aware EnKS has proved to be superior to the nonlag-aware EnKF [Li
et al., 2013].

As the subcatchment routing of the GR4H model is partially based on unit hydrographs, the EnKS with a fixed
time window is used. In the state updating step, the EnKS updates the current and antecedent states via

xi1
t!t2k115xi2

t!t2k111K�t ðyi
t2ŷ i

tÞ; (25)

yi
t5yt1gi

t; (26)

where yt is the observation vector; yi
t is the perturbed observation vector; gi

t is the observation error, which is
parameterized following equation (20); k is the size of the fixed updating time window, which should be equal
to or larger than the lagged time window m in equation (24). The Kalman gain matrix K�t can be calculated as

K�t 5Rxy�
t ½R

yy
t 1Ry

t �21; (27)

where Ryy
t is the error covariance matrix of the observational predictions; Ry

t is the error variance matrix of
the observations; and Rxy�

t is the cross covariance matrix of all the state variables within the updating time
window and current observational predictions:

Rxy�
t 5 Rxt y

t ;Rxt21y
t ; � � � ;Rxt2k11y

t

� �T
: (28)

where Rxy
t is the cross covariance matrix of the state variables and observational predictions.

2.5. Evaluation Methods
The BIAS and the Nash Sutcliffe model efficiency coefficient (NS), shown in equations (29) and (30), are used
to evaluate the accuracy of mean forecasts:

BIAS5
1
L

XL

t51

ðQfcst; t2Qobs; tÞ; (29)

NS512

XL

t51

ðQfcst; t2Qobs; tÞ2

XL

t51

ðQobs; t2�QobsÞ2
; (30)

where Qfcst; t denotes the mean of an ensemble forecast discharge at time t, Qobs; t the observed discharge at
time t, �Qobs the temporal mean of the observed discharge time series, and L the length of the evaluation
period.

The ensemble forecast skill is evaluated by the temporal mean of ensemble root mean squared error
(MRMSE), the continuous ranked probability score (CRPS), and the rank histogram. The MRMSE calculates
the RMSE at each time step using all ensemble members then averages the RMSEs for the entire evaluation
period [Li et al., 2013] as follows:

MRMSE5
1
L

XL

t51

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

XN

i51

ðQi
fcst; t2Qobs; tÞ2

vuut ; (31)

where Qi
fcst; t denotes the i-th member of an ensemble forecast discharge at time t, and N is the ensemble

size. It is used as a measure to evaluate the accuracy of ensemble forecasts. The CRPS is a statistic
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quantifying the closeness of the cumulative distribution functions (CDFs) of ensemble forecasts and the cor-
responding observations [Candille and Talagrand, 2005], which can be expressed as

CRPS5
1
L

XL

t51

ð1
21

ðFfcst; tðQÞ2Fobs; tðQÞÞ2dQ; (32)

where Ffcst; tðQÞ is the empirical cumulative distribution function (ECDF) of an ensemble forecast at time t;
and Fobs; tðQÞ is the ECDF of the observation. As the deterministic observation is used, the ECDF of the obser-
vation can be expressed as

Fobs; tðQÞ5
0 ðQ < Qobs; tÞ

1 ðQ � Qobs; tÞ
;

(
(33)

which is also known as the Heaviside Step Function. The CRPS quantifies both the forecast accuracy and
ensemble reliability in a single statistic. For a fixed mean forecast, either an excessively wide or narrow
spread can lead to a large CRPS.

The rank histogram [Hamill, 2001] is also used to evaluate the overall reliability of the ensemble spread. To
construct the rank histogram, N ensemble members in a forecast at time t are ranked in ascending order,
and the forecast space is delineated into N11 intervals (open-ended for the first and the last). The rank his-
togram illustrates the frequency of observations that fall into each interval. A flat rank histogram indicates
that the ensemble spread is reliable for representing the real uncertainty. A U-shaped histogram indicates
the spread is too narrow (i.e., underestimated forecast uncertainty). A concave downward histogram indi-
cates the spread is too wide (i.e., overestimated forecast uncertainty), and an asymmetric histogram indi-
cates a bias in the overall forecast.

3. Results and Discussion

The model parameters (h) are calibrated for the period from 1 January 1999 to 21 July 2004, and the error
parameters (H) are then estimated for the same calibration period. The EnKS is implemented to only the
GR4H states for the EnKS-1 case, and to both GR4H and Muskingum states for the EnKS-2 case during the
evaluation period from 22 July 2004 to 31 December 2010. The skills of the updating schemes are evaluated
against the open-loop ensemble forecasting produced using perturbed observed forcing for the same eval-
uation period (i.e., 2005–2010) with lead times of 1, 6 12, 24, and 48 h. The ensemble size is 100. The system
configuration for lumped modelling (EnKS-lumped case) is identical to that in Li et al. [2014], thus results
from that study are used in this paper for comparison with the semidistributed modeling approach.

3.1. Model Calibration and Error Estimation
As the five subcatchments are calibrated simultaneously using the gauged discharge at Myrtleford (catch-
ment outlet), the catchment and river routing parameters, except for x4, are assumed to be identical in all
subcatchments. A reference x4 is set for a reference subcatchment with an area of 250 km2, and is then
scaled into individual x4 values for each subcatchment by the square root of subcatchment area to repre-
sent the flow concentration time. Table 1 shows the calibrated model parameters. The conceptual soil mois-
ture (S) has a maximum capacity (x1) of 813 mm and the conceptual slow routing storage (R) has a
reference capacity (x3) of 49.6 mm. It should be noted that the slow routing is parameterized through the
combination of UH1 and R, therefore, R only represents part of the of groundwater capacity. A negative x2

(21.58 mm) is conceptualized as a water exchange with (loss to) adjacent catchments in GR4H. The referen-
cex4 is 5.2 h, which is scaled to 7.3, 7.0, 2.3, 1.1, and 4.7 h for the five subcatchments, respectively. This
means the largest subcatchment (Subcatch1) has the longest fast-routing delay of 7.3 3 2 h (the length of
UH2 in Figure 2). However, x4 only reproduces the time lag of the fast-routing process in subcatchment-
scale. Runoff is later further delayed through the river routing process (Muskingum). The parameter x in the
Muskingum model is 0.9, which indicates that the outflow has much larger contribution to the conceptual
nonlinear storage than the inflow (equation (2)).

Error parameters estimated by MAP using models described in section 2.3 are summarized in Table 2 (Case
1). The result suggests that the a posteriori estimation of the standard deviation of the discharge multiplier
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is 0.1 (10% of discharge observation), which is very
close to the a priori mean 0.0925 (9.25% of discharge
observation). The rainfall multiplier has a standard
deviation of 0.28 (28% of the rainfall amount), with
the lag-one autocorrelation coefficient of 0.59. The
error added to the soil moisture has a standard devia-

tion of 1.58 mm, which is 0.19% of the maximum soil water capacity (x1). As the rainfall-runoff model itself
is a first-order Markov process, the error added will be accumulated in soil moisture, which leads to a tem-
porally correlated soil moisture error with an adequate soil moisture ensemble spread.

The reference distances (d0) of the spatial correlation of the rainfall and soil moisture errors are 595 km and
287 km, respectively, which are very large compared with some previous studies on rainfall spatial variabili-
ty, e.g., the rainfall spatial correlation was found to be less than 0.3 when the distance increases to above
30 km [Seed et al., 2002; Velasco-Forero et al., 2009]. However, the correlation coefficients of rainfall and soil
moisture errors areas high as 0.95 and 0.91 (Table 3), respectively, between Subcatch1 and Subcatch5, while
the distance between the centroids of these two subcatchments is 27.4 km. This indicates that the spatial
correlation may be overestimated due to the lack of error information from rainfall and soil moisture. As the
hydrologic model is not physically based and the states and parameters are conceptualized, it may not be
able to draw physically realistic error structure information from the integrated uncertainty in discharge.

3.2. Spatiotemporally Correlated Error Structure
To evaluate the influence of incorporating the spatial and temporal error correlations, three additional error
parameterization schemes are examined by ignoring either the temporal (Case 2) or the spatial correlation
(Case 3), or both the spatial and temporal correlations (Case 4). Error parameters are estimated using MAP
for each case and are summarized in Table 2. As is expected theoretically, ignoring temporal or spatial error
correlation or both leads to unrealistically higher variances in rainfall and/or soil moisture error estimates.
For instance, the variance of multiplicative rainfall error of 0.42 in Case 4 is higher than previously reported
values [Li et al., 2014; Vrugt et al., 2008]. This is because independent errors from upstream subcatchments
or antecedent time steps tend to overly cancel each other while they propagate to the catchment outlet or
to the current time step, consequently larger variance for individual errors is required to generate a suffi-
ciently wide prediction spread at the catchment outlet.

Figure 3 illustrates the rank histograms of the open-loop ensemble forecasts at three evaluation points for
the four error parameterization cases. All cases gives relatively reliable ensemble spread at the catchment
outlet (Myrtleford) although Case 4 gives a slightly right skewed probability distribution, indicating a slight
under estimation of the mean prediction. This similarity in reliability of the spreads at Myrtlefordis expected
as the error parameters are estimated to maximize their a posteriori probability at the catchment outlet.
However, the rank histograms (Figures 3b and 3c) also show that only Case 1 gives a reliable ensemble
spread at the upstream locations (e.g., Bright and Harris Lane). The rank histograms at Bright and Harris
Lane in the other three cases exhibit a convex shape, which means that the spreads are too wide (overpre-
dicted). This supports the above conclusion that the error variances are overestimated when spatial and/or
temporal error correlation is ignored. The overestimated errors then lead to overpredicted discharge
spreads at the upstream gauges, but a reliable spread at the catchment outlet due to the high error var-
iance in generation which is then compensated at the outlet by a stronger averaging effect.

3.3. The Benefit of Using A Semidistributed Model
The lag-aware EnKS was implemented for lumped model updating in the previous study by Li et al. [2014]
using the same data set. Therefore, the results (EnKS-lumped) are directly comparable with the EnKS-1
(updating GR4H states only) and the EnKS-2 (updating GR4H and Muskingum states). Figure 4 compares the

forecast statistics of semidistributed
open-loop, lumped open-loop, EnKS-1,
EnKS-2, and EnKS-lumped at Myrtleford.

Comparison of the open-loop forecasts
shows that the semidistributed model
(dashed black curves) exhibits stronger

Table 1. Calibrated Model Parameters

x1 (mm) x2 (mm) x3 (mm) x4 (h) k x

813 21.58 49.6 5.2 0.9 0.2

Table 2. Estimated Error Parameters

eP eS (mm) eQ a dP
0 (km) dS

0 (km)

Case 1 0.28 1.58 0.10 0.59 595 287
Case 2 0.39 1.64 0.10 0 565 304
Case 3 0.33 2.37 0.11 0.57 0 0
Case 4 0.42 2.57 0.11 0 0 0
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forecast skills than the lumped model (solid black curves) for all error metrics. The semidistributed model
forecasts feature a smaller absolute BIAS and a higher NS coefficient compared with the lumped model fore-
casts, which indicates more accurate deterministic forecasts by the semidistributed model after calibration.
In addition, smaller MRMSE and CRPS of semidistributed open-loop indicate that, after model calibration
and error estimation, the semidistributed model generates more accurate and reliable ensemble forecasts
than the lumped model.

As both the lumped and semidistributed models are calibrated against the Myrtleford flow gauge at the
outlet of the catchment, the semidistributed model does not take advantages of any additional discharge
data. In addition, as all five subcatchments share one set of model and error parameters, the use of semidis-
tributed system does not significantly increase the degree of freedom of the model and error parameters,
i.e., the total number of model and error parameters has only been increased from 8 to 12 (four additional
parameters include two Muskingum parameters and two spatial correlation reference distances). Finally this
comparison is for an independent validation period. Therefore, the improved skill of the semidistributed
system must result from the use of spatially distributed input information, i.e., the rainfall and PET data and/
or improved representation of routing.

Despite the noticeable improvement in open-loop forecasts using the semidistributed model, the DA
makes the difference between the lumped and the semidistributed cases less significant. The BIAS indi-
cates that the EnKS can effectively correct the over (lumped) or underestimated (semidistributed) fore-
casts for short lead times (i.e., several hour forecasts). For the longer lead times of 24–48 h, the forecast
errors tend to be slightly overcorrected compared with the open-loop forecasts, i.e., corrected from the
positively biased open-loop to the negatively biased forecasts in lumped model, and vice versa in the
semidistributed model. Nevertheless, the biases in 48 h forecasts are still smaller than in the open-loop
forecasts. For instance, the biases of the EnKS-1 and EnKS-2 are approximately 0.21 and 0.17 m3/s at 48 h
lead time, respectively, while the open-loop bias is 20.34 m3/s. The difference in bias between EnKS-1/-2
and EnKS-lumped is negligible.

In terms of the NS, MRMSE, and CRPS, EnKS-2 performs better than EnKS-lumped, while EnKS-1 and
EnKS-lumped perform similarly. More specifically, EnKS-2 exhibits a higher NS coefficient and lower
MRMSE and CRPS than EnKS-lumped for all lead times. EnKS-1 tends to be worse than the EnKS-lumped
at the beginning of forecasting (e.g., 1 h forecasts) but better for longer-term forecasts (e.g., 48 h fore-
casts) in terms of NS coefficient and MRMSE. Nevertheless, based on the comparison between EnKS-2
and EnKS-lumped, it is evident that the overall forecast skill can be improved by deploying a semidis-
tributed model. The reason that the EnKS-1 is worse than the EnKS-2 is that the Muskingum routing is
not directly updated in EnKS-1. The direct adjustment of the river routing (EnKS-2) should be more
effective for forecast error reduction, especially at the beginning of the forecasts. In this study, model
error is represented through perturbation of rainfall and soil moisture. But if additional error is added
to the river routing module, the advantage of EnKS-2 compared with EnKS-1 would be more
significant.

In summary, a semidistributed system can make better use of spatial forcing information compared with
a lumped system, which results in more accurate open-loop forecasts. The superiority still exists after
continuously assimilating observed discharge to update both rainfall-runoff and river-routing states, as
demonstrated by the comparison between EnKS-2 and EnKS-lumped. However, it is also noted that the
difference between EnKS-2 and EnKS-lumped is smaller than the difference between semidistributed
open-loop and lumped open-loop. One reason is that there is more room for the open-loop of the

Table 3. Spatial Correlation Coefficient Matrices of Rainfall and Soil Moisture Errors (Case 1)

Rainfall Soil Moisture

Subbasin 1 2 3 4 5 1 2 3 4 5

1 1 0.98 0.97 0.97 0.95 1 0.95 0.94 0.94 0.91
2 1 0.96 0.97 0.96 1 0.93 0.94 0.91
3 1 0.99 0.98 1 0.98 0.96
4 1 0.98 1 0.97
5 1 1
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lumped model to be improved than for the semidistributed model. The efficacy of the EnKS, whether for
the lumped or for semidistributed, is capped by the observational error, which was estimated previously.
Another possible reason for the smaller improvement in the semidistributed DA cases is that while
increasing the number of subcatchments makes better use of distributed forcing information, it also
implies an increase in the degrees of freedom of the state space. The higher dimension of the state vec-
tor results in a more complex error covariance matrix, which may impair the efficiency of DA algorithms.
Nevertheless, the overall performance of the updated semidistributed model is still better than that of
the lumped model. Therefore, it is still worth applying a semidistributed/distributed system with a mod-
erate spatial discretization (five subcatchments) instead of a lumped system even under DA scenarios.
There are two caveats on this. (1) There needs to be sufficient spatially distributed information to
improve the forecast performance, e.g., when there are sufficient rainfall gauges within and around the
basin. (2) The error structures need to be properly estimated and adequately addressed through appro-
priate integrated DA scheme.

Figure 3. Rank histogram of the open-loop forecasts from 2005 to 2010 at (a) Myrtleford, (b) Bright, and (c) Harris Lane, respectively.
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3.4. System Performances in Ungauged Internal Area
As Bright and Harris Lane are assumed to be ‘‘ungauged,’’ the discharge data at these gauges are used only
for evaluation. Therefore, it remains uncertain whether the semidistributed model can produce accurate dis-
charge predictions at Bright and Harris Lane. The calibrated model gives deterministic predictions for the
calibration period (1999–2004) at Bright and Harris Lane with the NS model efficiency coefficients of 0.54
and 0.61, which are significantly lower than that at Myrtleford (0.91) as expected. However, as illustrated by
the rank histogram in Figure 3, the ensemble spread at the upstream gauges (i.e., Bright and Harris Lane)
are almost as reliable as the spread at Myrtleford. This indicates that the calibrated error models are reliable
enough to represent the uncertainties at the internal gauges.

Figure 5 plots the MRMSE and CRPS of the forecasts after DA at Bright and Harris Lane. The EnKS-2 is shown
to be better than the EnKS-1 at Bright, while the difference between these two is negligible at Harris Lane.
Compared with the open-loop forecasts, the EnKS-2 has reduced the ensemble spread significantly, as the
MRMSE decreases after state updating. However, the reduction of the spread does not necessarily represent
an improvement in the accuracy since it can result in a reduced reliability of the ensemble forecasts. For
instance, only the EnKS-2 gives a lower (better) CRPS at Bright for short lead times (1–12 h forecasts) com-
pared with the open-loop case. It gives higher CRPS at Bright for longer-term forecasts, e.g., the 24–48 h
forecasts, and higher CRPS at Harris Lane for all the lead times. Figure 6 and Figure 7 illustrate the ensemble
spread of the EnKS-2 forecasts in 2009 at these two gauges, respectively. There exists obvious overestima-
tion or underestimation after DA, indicating a degraded forecast skill of DA compared with the open-loop.
These time series also indicate that the EnKS-2 has excessively reduced the spread, as a result, the forecast
interval (95%) doesnot envelope observations effectively. However, it should be noted that the ensemble
forecasts do not account for discharge observational uncertainties and the forecast interval is expected to
envelope the truth, rather than the observations.

To sum up, the semidistributed catchment modeling in combination with MAP generated reliable ensemble
forecasts at the ungauged subcatchment outlets even though the deterministic forecast accuracy (quanti-
fied by NS) is significantly lower that the accuracy at the gauged outlet. However, the forecast accuracy at
the ungauged outlets was only occasionally improved or can even be degraded by assimilating the outlet

Figure 4. Statistics of forecasts at Myrtleford with the lead time up to 48 h (2005–2010).
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discharge data. The poor performance of DA at the ungauged outlets is associated with the fact that the
rainfall-runoff model is not adjusted (i.e., calibrated and updated) against internal gauges. Similar degrada-
tion at internal sites has also been found by others. Clark et al. [2008] implemented a log-transformed
ensemble square-root filter (EnSRF) with the TopNet model and found that assimilating discharge at the
outlet gauge lead to similar forecast performance at one internal gauge and worse performance at two
other internal gauges. Lee et al. [2012] also found that the forecasts in internal areas were degraded with
10% increase in the RMSE of the ensemble mean in 6 h forecasts. They concluded that the degradation was
caused by the underdetermined system when outlet discharge data was assimilated to update the large
number of states in the distributed model.

To address this issue, Clark et al. [2008] suggested improving the model physics and uncertainty estimation
approach. Lee et al. [2012] pointed out that there is a need to develop appropriate DA tools to properly
address the underdetermination issue. However, despite of a number of advanced distributed physically
based models developed so far, it is difficult to build a model that can fully represent realistic hydrologic
process and sources of uncertainties. Our results indicate that, even with better error representation com-
bined with DA (i.e., IEELA), improvements at ungauged internal locations are not guaranteed. One important
reason for this is that current flood forecasting systems are still mostly based on semidistributed models,
i.e., distributed conceptual models, and the physical basis is still weak. Therefore, incorporating more data
to constrain the model might be a more feasible solution. With the lack/absence of gauged discharge data,
incorporating remote sensing data for model calibration and DA could be a viable approach. Some prelimi-
nary evidence can be found from Zhang et al. [2009].

4. Additional Results and Discussion

The efficacy of the lag-aware EnKS has been tested in a series of synthetic [Li et al., 2013] and real-time
experiments [Li et al., 2014] for lumped streamflow modeling. However, considering that this is the first
time the EnKS has been applied to a semidistributed/distributed model with MAP uncertainty estimation,
we also conducted the two additional experiments using (1) the EnKF to update GR4H states (EnKF-1) and

Figure 5. Statistics of forecasts at Bright (a and b) and Harris Lane(c and d) two internal locations with the lead time up to 48 h (2005–
2010).
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(2) the EnKF to update GR4H and Muskingum states (EnKF-2), to further investigate the merits of the EnKS
on addressing time lag issue compared with the EnKF.

Figure 8 shows the BIAS, NS, MRMSE, and CRPS of discharge forecasts based on EnKF-1, EnKF-2, EnKS-1, and
EnKS-2 with lead times of 1, 6, 12, 24, and 48 h. Generally speaking, all DA schemes improve the skill of the
forecasting system, except for EnKF-1. The results solidify the superiority of the EnKS, e.g., EnKS-1 and EnKS-
2 exhibit higher forecast skill than EnKF-1 and EnKF- 2, respectively. However, it is also interesting to find
that EnKS-1 is significantly better than EnKF-1, while EnKS-2 is only slightly better than EnKF-2.

It has been reported that when the routing is not updated, the standard EnKF could result in unintended
forecast errors such as the spurious peaks or oscillations, which can lead to worse overall accuracy [Clark
et al., 2008; McMillan et al., 2013]. Using lag-aware DA schemes can, to a large extent, address this issue [Li
et al., 2014; McMillan et al., 2013]. When a lumped model is used, the time lag is caused by the routing mod-
ule, e.g., unit hydrographs [Li et al., 2014; Pauwels and De Lannoy, 2009], of a single catchment. When a dis-
tributed/semidistributed model is used, each subcatchment will cause a separate lag of flow and its error,
which is then further lagged by the river routing module. In this case, the time lag issue is expected to be
more complex and significant, e.g., McMillan et al. [2013] and EnKF-1 versus EnKS-1 in this study.However, it
should be noted that when the river routing module is updated directly, this time lag issue should be
reduced and the difference between the EnKF and the EnKS (EnKF-1 versus EnKS-2) can be less significant.

Figure 6. Ensemble spread of forecasts at Brightin 2009. Solid curves are observed discharge while cyan areas are the 95% confidence
intervals of forecasts.
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Prior to this work, there has been a number of studies related to time-lag issue in discharge DA [Lee et al.,
2012; Li et al., 2013, 2014; McMillan et al., 2013; Pauwels and De Lannoy, 2009; Rakovec et al., 2012]. The con-
sensus suggestion of these previous works is that, in hydrologic state updating, all ‘‘water,’’ including
catchment-stored water and routed water, should be updated. If the model is fully storage-based and the
storages are accessible to DA techniques, ‘‘water’’ in all states should be updated directly [Rakovec et al.,
2012]. If the catchment routing or river routing module cannot be updated directly by DA, a lag-aware DA
approach, such as the EnKS [Li et al., 2013], the recursive EnKF [McMillan et al., 2013], or the variational DA
[Lee et al., 2012], should be used so that the ‘‘water’’ conceptually retained in the routing modules could be
indirectly updated through the model dynamics following updating of past states. The lag-aware
approaches provide a way to achieve the objective of addressing errors in all ‘‘water.’’

From this point of view, it is explicable that the EnKF-2 is comparable with the EnKS-2 at 1 h forecasts while
the EnKS-1 is comparable to the EnKS-2 at 48 h forecasts. The ‘‘water’’ in this forecasting system can be
divided into three phases: ‘‘water’’ in river routing, which is directly linked to discharge; ‘‘water’’ in catch-
ment routing, which is delayed by the river routing; and ‘‘water’’ in soil moisture, which is further delayed by
the catchment routing and influences runoff generation. On one hand, both the EnKS-2 and EnKF-2 update
the river routing. Therefore, they exhibit similar forecast abilities at the beginning of the forecasting (Figure
8). However, as the unit hydrograph part is not updated in the EnKF-2 but is updated in the EnKS-2 through
the model dynamics using reanalyzed antecedent soil moisture states, the EnKF-2 becomes worse than the

Figure 7. Ensemble spread of forecasts at Harris Lanein 2009. Solid curvesare observed discharge while cyan areas are the 95% confidence
intervals of forecasts.
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EnKS-2 with increasing lead time up to 48 h (Figure 8). On the other hand, both the EnKS-1 and EnKS-2
updated the antecedent states, and that gives equivalent analysis of soil moisture and catchment routing.
However, the EnKS-1 does not directly update the river routing, which has more direct effect on shorter
term forecasts, thus the EnKS-2 is more accurate than the EnKS-1 for 1 h forecasts (Figure 8). With the
increase of the lead time to 48 h, the ‘‘water’’ in catchment routing and soil moisture becomes more impor-
tant for forecasts, thus the differences between the EnKS-1 and EnKS-2 becomes less significant (Figure 8).

5. Conclusions

In this study, the IEELA scheme is extended to semidistributed hydrologic model updating. A temporally
and spatially correlated error structure is estimated through the MAP estimation approach. The lag-aware
EnKS is implemented to correct errors in catchment states and river routing states. The results are then
compared with the lumped model updating by Li et al. [2014] and examined in terms of the ‘‘ungauged’’
internal areas.

The use of the distributed forcing information through a semidistributed model improves open-loop fore-
casts compared with the lumped model. The improvement from using the semidistributed model becomes
less significant after IEELA analysis; however, the small improvement after DA can still be valuable for opera-
tional applications. In addition, using distributed systems provides the possibility of obtaining forecasts at
ungauged internal sites. While the results in this study show that only one ungauged internal area has a
small improvement for short-term forecasts (1–12 h), it is likely that this results from inadequate calibration
of the rainfall-runoff model at the subcatchment scale. Most model and error parameters are set to be uni-
form for all subcatchments in this study. It would be interesting to investigate the impact of using spatially
variable parameter sets on the predictability in ungauged areas. Moreover, further improvement in future
applications would be expected with improved flow forecasting models, perhaps through incorporation of
multiple sources of observations (e.g., remote sensing data). As is widely noted [Lee et al., 2012; Rakovec
et al., 2012], there is a trend toward using distributed models for operational hydrologic forecasting, irre-
spective of consistency with the DA algorithms. Therefore, it is important to keep improving approaches for
distributed system updating.

Figure 8. Statistics of forecasts at Myrtleford with the lead time up to 48 h (2005–2010).
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The additional comparison between the EnKS and the EnKF confirms the superiority of the EnKS. From the
perspective of state updating, both rainfall-runoff and river routing models should be updated to address
all errors in soil-stored water, catchment-routed water, and river-routed water. However, if there is some
part of ‘‘water’’ which is not accessible directly by the DA algorithm, the lag-aware DA (e.g., the EnKS) should
be implemented to update that part of ‘‘water’’ by using the model dynamics to propagate the updated
antecedent states.
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