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Abstract

The Ensemble Kalman filter (EnKF) and the Sequential Importance Resampling (SIR)
particle filter are evaluated for their performance in soil moisture assimilation and the
consequent effect on discharge. With respect to the resulting soil moisture time se-
ries, both filters perform similarly. However, both filters have a negative effect on the5

discharge due to inconsistency between the parameter values and the states after the
assimilation. In order to overcome this inconsistency, parameter resampling is applied
along with the SIR filter, to obtain consistent parameter values with the analyzed soil
moisture state. Extreme parameter replication, which could lead to a particle collapse,
is avoided by the perturbation of the parameters with white noise. Both the modelled10

soil moisture and discharge are improved if the complementary parameter resampling
is applied. The SIR filter with parameter resampling offers an efficient way to deal
with biased observations. The robustness of the methodology is evaluated for 3 model
parameter sets and 3 assimilation frequencies.

Overall, the results in this paper indicate that the particle filter is a promising tool for15

hydrologic modelling purposes, but that an additional parameter resampling may be
necessary to consistently update all state variables and fluxes within the model.

1 Introduction

It is widely recognized that hydrologic models are useful tools for a number of purposes,
ranging from flood forecasting (Andersson, 1992) to numerical weather prediction and20

climate studies (Zhang et al., 2008). Due to uncertainties in the meteorological forc-
ings and model parameters, and errors or oversimplifications in the model physics,
these models are always prone to a certain level of uncertainty. One way to reduce the
predictive uncertainty of hydrologic models is to regularly update these models using
externally obtained data sets, which is commonly referred to as Data Assimilation (DA).25

The improvement of hydrologic model results through the assimilation of soil moisture
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data has been the subject of numerous studies (Entekhabi et al., 1994; Walker et al.,
2002; Pauwels et al., 2002; De Lannoy et al., 2007a). The underlying idea of data as-
similation is to calculate a weighted average between the observations and the model
results. The simplest way to perform this is to simply replace the model results by the
observations, which is defined as direct insertion (Heathman et al., 2003). More ad-5

vanced assimilation methods include nudging of the model results to the observations
(Houser et al., 1998; Pauwels et al., 2001; Paniconi et al., 2002) and optimal interpola-
tion (Seuffert et al., 2004). These techniques are in fact simplifications of the Kalman
filter (Kalman, 1960), in which the model error is calculated explicitly throughout the
simulation.10

Originally developed for linear systems, and later extended for nonlinear systems, a
great deal of attention has been paid to this assimilation method for hydrologic data
assimilation. The extended Kalman filter, in which the forecast error covariance is cal-
culated through a linearization of the model, and the ensemble Kalman filter, in which
this model error covariance is calculated using the spread of an ensemble of model15

realizations, have been intercompared by Reichle et al. (2002). At this point, it can
be argued that the ensemble Kalman filter is the most frequently used assimilation
method in hydrology. A variation to this method is the ensemble Kalman smoother
(Dunne and Entekhabi, 2005), in which observations that are distributed in time are
used to update the model state variables. This method is comparable to variational20

assimilation (Caparrini et al., 2004), in which observations within a predefined win-
dow are used to estimate the initial state variables. One problem with the frequently
used ensemble Kalman filter is the underlying assumption of Gaussianity of both the
forecast and observation error structure. As it is evident that this assumption is not
realistic for hydrologic systems, assimilation methods have been developed that relax25

this assumption.
One method that is receiving increasing attention in hydrology is the particle filter,

which has been developed to function for any kind of model error (Liu and Chen,
1998). This method has been used to assimilate discharge records into relatively
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simple rainfall-runoff models (Weerts and El Serafy, 2006; Moradkhani et al., 2005) and
to assimilate water stage records into hydraulic models (Matgen et al., 2010; Giustarini
et al., 2011). Recently, this method is also used for the assimilation of soil moisture
data, for the estimation of model parameters (Montzka et al., 2011), and the estimation
of root-zone soil moisture conditions (Nagarajan et al., 2010).5

According to Moradkhani et al. (2005), Nagarajan et al. (2010), and Montzka et al.
(2011), it is clear that the trend towards the application of particle filters is not limited to
only the state estimation problem, but it can also be used for the identification of model
parameter values, by exploiting the advantage of the flexible structure of the particle
filter algorithms. In this study, state and parameter estimation are performed within the10

framework of the particle filter, aiming at an improvement of the model performance
in terms of both soil moisture and discharge, through the assimilation of soil moisture
data. The particle filter is used, because of its flexibility in the structure of the model
and observational errors.

The organization of the paper is as follows: first, the study site and the description15

of the model are presented. The description of the experiment is presented. Then,
the data assimilation methodologies are explained. The EnKF is used as the baseline
methodology to which the Sequential Importance Resampling (SIR) particle filter is
compared, after which the results from the study are explained. Finally, the conclusions
from this study are summarized.20

2 Site description

The area (Fig. 1) to be studied is located in the Grand Duchy of Luxembourg and
includes the drainage area expanded from the head of the Alzette River basin, 4 km
south of the French-Luxembourg border, to the stream gauge located in Pfaffenthal
(Luxembourg City).25

The discharge area covers a surface of 356 km2 and consists of about 50 % culti-
vated land, 22 % urban centers and 28 % woodland. The topography of the floodplain

5852

http://www.hydrol-earth-syst-sci-discuss.net
http://www.hydrol-earth-syst-sci-discuss.net/8/5849/2011/hessd-8-5849-2011-print.pdf
http://www.hydrol-earth-syst-sci-discuss.net/8/5849/2011/hessd-8-5849-2011-discussion.html
http://creativecommons.org/licenses/by/3.0/


HESSD
8, 5849–5890, 2011

Assimilation of soil
moisture using the

particle filter

D. A. Plaza et al.

Title Page

Abstract Introduction

Conclusions References

Tables Figures

J I

J I

Back Close

Full Screen / Esc

Printer-friendly Version

Interactive Discussion

D
iscussion

P
aper

|
D

iscussion
P

aper
|

D
iscussion

P
aper

|
D

iscussion
P

aper
|

is characterized by a natural sandstone bottleneck which is located near Luxembourg
city. The valley located upstream of the bottleneck is up to 2.5 km wide, while in the
Luxembourg sandstone the valley is only 75 m wide. The geological substratum is
dominated by marls on the left bank and by limestone and sandstones deposits on the
right bank. Sand and gravel, as well as marls and clay alternate in the alluvial deposits5

covering the stratum. A gauging station, operated since 1996, is located around the vil-
lage of Livange providing accumulated precipitation amounts with a sampled frequency
of 15 min. The meteorological station at Findel Airport is operated in the vicinity of the
catchment.

3 Model description10

The Community Land Model (CLM2.0) is the hydrologic model used in this study.
CLM2.0 simulates land surface processes by calculating water and heat fluxes for each
grid cell separately, without any interaction between cells. Each grid cell can be sub-
divided into several patches, containing one single land cover type such us urban,
vegetated, wetlands, glacier and lake. The vegetated fraction is further subdivided into15

patches of plant functional types, which maintain their own prognostic variables. In
this study, CLM2.0 was adapted in order to be able to use the individual patches as
ensemble members according to De Lannoy et al. (2006a).

The meteorological forcings required by the model are the air temperature, wind
speed, specific humidity, incoming solar radiation, and precipitation. The meteoro-20

logical forcings were assumed to be spatially uniform over the complete study area.
Vertical layers in CLM2.0 embody one vegetation layer, up to ten soil layers and up to
5 snow layers. In this application, soil layers depths were set to 10, 20, 30, 40, 50, 60,
70, 80, 90, 100 cm.

In CLM2.0, each grid cell contains around 30 model parameters related to the dif-25

ferent physical processes represented by the model. From these 30 parameters, only
10 parameters were found to be highly correlated with soil moisture and baseflow. The
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reduction of the parameter set allows for the application of automatic calibration al-
gorithms, such as the Shuffled complex evolution approach (Duan et al., 1993) which
was used in this study. Table 1 presents the description of the selected parameters and
three corresponding sets of optimal parameter values (set 1, set 2, set 3) which yield
a similar good model performance. The optimal values were identified by minimizing5

the Root Mean Square Error (RMSE) between observed and simulated discharge dur-
ing year 2006. The three parameter sets will be used to validate the data assimilation
methodology for different model configurations and different synthetic observations in
this work.

The model is applied using a constant hourly time step and the study area is repre-10

sented by 4 grid cells at a 10 km×10 km resolution which is consistent with the reso-
lution of large scale models. For the sake of clarity in the presentation of the algorithm
performances, results corresponding to the cell located in the lower left quadrant in
Fig. 1 are presented.

4 Experiment setup15

A synthetic soil moisture data assimilation study is performed to assess the perfor-
mance of different filter algorithms (see below). Soil moisture assimilation has received
a lot of attention during the last decades, but insight in the impact of soil moisture as-
similation on dependent variables, for instance dicharge, has been limited (Pauwels
et al., 2002; De Lannoy et al., 2007b; Brocca et al., 2010).20

Synthetic volumetric soil moisture observations, corresponding to the top 10 cm soil
layer, are generated with the CLM2.0 in a deterministic model run using parameter
values which are different from the optimal values (parameter sets 1-2-3) identified by
the automatic calibration algorithm. The use of parameter values that differ from the
optimal is chosen to obtain synthetic observations which are unlikely to be part of the25

model ensemble. The way observations are generated introduces bias in the obser-
vations themselves. The rationale behind this is also to evaluate how accurately the
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filters can deal with this. Depending on the algorithm, either an ensemble of synthetic
observations is generated (for the EnKF) or only a single realization (for the PF).

The forecast uncertainty is introduced through the generation of soil moisture random
samples, which is referred to ensemble generation in the EnKF methodology (Eq. 8)
and particles propagation in the PF methodology (see SIR algorithm description). For5

the sake of comparison of the methodologies, a unified criterium has been adopted
which is the ensemble generation.

The meteorological forcings and the model parameters were disturbed with an addi-
tive zero mean white Gaussian noise in order to obtain the soil moisture ensemble. The
standard deviation of this random number for the parameters was set to a predefined10

fraction of the parameter value. In order to check for the correctness of the ensemble,
two different ensemble verification measures were used (De Lannoy et al., 2006a). The
ensemble spread (enspt), the ensemble mean square error (mset), and the ensemble
skill (enskt) have to be computed first and at each time step t:

enspt =
1
N

N∑
i=1

(ẑt,i − ¯̂zt)
2

15

mset =
1
N

N∑
i=1

(ẑt,i −zt)
2 (1)

enskt = ( ¯̂zt−zt)
2

where ẑt is the variable to be estimated and zt is the corresponding observation of the
estimated variable at time step t. In order to have a large enough ensemble spread,
on average the ensemble mean differs from the observation by a value that is equal to20

the time average of the ensemble spread. Therefore, the following expression should
be true:

<ensk>
<ensp>

≈1 (2)
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where < .> indicates an average over the simulation period. Furthermore, if the truth is
statistically indistinguishable from a member of the ensemble, the following expression
should be true:

<
√

ensk>

<
√

mse>
≈
√

N+1
2N

(3)

An ensemble size of 64 members was used and the optimal disturbance fractions5

correspond to 0.10 for the model parameters, and 0.01 for the meteorological forcings.
Figure 5 shows the soil moisture ensemble and the corresponding baseflow ensemble,
the ratio < ensk > / < ensp > is equal to 1.09 which approximates 1 and the ratio <
√

ensk>/<
√

mse> is equal to 0.72 which approximates the value of
√

1/2 with the
simulation period corresponding to year 2007.10

The hydrologic assimilation study presented in this paper is part of a sequential
assimilation study where CLM2.0 is coupled to a 1-D hydraulic model and a joint as-
similation experiment is carried out. The link between the hydrologic and the hydraulic
model is the discharge. Therefore, a discharge ensemble is generated in order to com-
plete the model sequence. Figure 6 shows the discharge ensemble and the discharge15

observations obtained from a gauging station located in Pfaffenthal (Fig. 1) connecting
the hydrologic study site (green patch) to the hydraulic study area (river reach between
Pfaffenthal and Mersch). Preliminary results of the joint hydrodynamic study are re-
ported in Matgen et al. (2010). The appropriateness of discharge ensemble spread
for covering the discharge observations and for hydraulic data assimilation purposes is20

checked according to Eqs. (2) and (3) with values of 0.9619 and 0.7002, respectively,
indicating a correct ensemble.

A robustness test of the assimilation algorithms will be performed by considering the
impact of the data assimilation frequency and of different optimal parameter values for
the model integration and the synthetic observation generation. Discussion on the filter25

performances for these scenarios will be extended in the results section.
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5 Assimilation algorithms

In nonlinear estimation, the dynamic system in discrete time is described by the state
evolution equation given by:

xt = f t(xt−1,ut−1,v t−1) (4)

where t is the discrete time index, x is the state vector, f t(.) is the nonlinear function,5

u is the input vector and v is the process noise. In this study, the state vector consists
of 22 variables for each vertical profile, i.e., canopy water storage, vegetation tempera-
ture and soil temperature and moisture at 10 levels, CLM2.0 represents the nonlinear
function ft(.) and ut is the vector of meteorological forcings.

The state estimation is accomplished when the information from the measurement10

is assimilated into the model. The relationship between the measurements and the
system states (the observation model) is given by:

yt =Htxt+nt (5)

Equation (5) represents the observation model, where y is a vector which contains the
measurements, Ht is a diagonal matrix containing values of 0 and 1 and nt is the noise15

affecting the observations. In this study the observation model is linear, because the
assimilated soil moisture observations will correspond directly to the soil moisture state
variables.

In recursive Bayesian filtering the solution to the estimation problem consists of two
steps: the prediction and correction steps. These steps are formulated as follows:20

p(xt |y1:t−1) =
∫
p(xt |xt−1)p(xt−1|y1:t−1)dxt−1 (6)

p(xt |y1:t) =
p(yt |xt)p(xt |y1:t−1)∫

p(yt |xt)p(xt |y1:t−1)dxt
(7)

In the prediction step (Eq. 6), the prior probability density function (pdf) p(xt |y1:t−1) is
obtained based on the fact that the transition pdf p(xt |xt−1) and the prior pdf at time
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step t−1 are known, whereas in the correction step (Eq. 7), the prior pdf is corrected
using the information from the likelihood pdf p(yt |xt) and the posterior pdf p(xt |y1;t)
is derived. The analytical solution of Eqs. (6) and (7) is difficult to determine since
the evaluation of the integrals might be intractable. Monte Carlo (MC) simulation is a
powerful tool to approximate the Bayesian solution.5

In this application, two MC-based methods are evaluated as data assimilation meth-
ods, the well-known Ensemble Kalman Filter (EnKF) and the Particle Filter (PF), which,
as stated above, is increasingly receiving attention. Both methods aim to approximate
the posterior pdf by a set of random samples, hereafter referred to as ensemble mem-
bers or particles. In the EnKF, the posterior pdf and the likelihood pdf are considered10

to be Gaussian, and therefore characterized by the mean and covariance. The latter is
approximated by the sample covariance. On the other hand, in the PF, the point-mass
representation of the posterior pdf does not require a parameterization of the pdf. The
latter implies the relaxation from the assumption of Gaussianity, allowing to extend the
PF to nonlinear and nonGaussian applications.15

5.1 Ensemble Kalman Filter

The state propagation represented by Eq. (4) can be extended for a probabilistic model
governing the ensemble state evolution (transition pdf) by perturbing of all the possible
contributions to the model error, i.e., model parameters, forcings and initial conditions
according to:20

x̂
−
t,i = f t(x̂

+
t−1,i ,ut−1,v t−1,i ) (8)

with {x̂−
t,i ,i = 1,...,N} the a priori (forecast) ensemble state vector, i the ensemble

member index and N the size of the ensemble equal to 64 in this study. The best
estimate of x̂−

t,i is given by the ensemble mean:

¯̂x
−
t =

1
N

N∑
i=1

x̂
−
t,i (9)25
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and the ensemble state error matrix is defined by:

E−
t = [x̂−

t,1− ¯̂x
−
t ,...,x̂

−
t,N − ¯̂x

−
t ] (10)

By means of the MC approach the a priori error covariance can be approximated by
the sample error covariance as follows:

P̂−
t =

1
N−1

E−
t (E−

t )T (11)5

As reported in Burgers et al. (1998), the observations yt should be perturbed in order
to assure sufficient spread according to:

yt,i =yt+nt,i with {i =1,...,N} (12)

with nt,i a white Gaussian noise characterized by a zero mean and a covariance R.
The matrix R should represent the uncertainty of the observations and is set to 0.000510

I, with I the identity matrix and units in (cm3 cm−3)2.
Although the methods are described with the general vector notation, it should be

noted that in this study, the assimilated soil moisture observations are scalars, i.e. a
single observation is assimilated to update the state vector.

For the correction step of the filter, the Kalman gain has to be computed. Here, the15

approximated Kalman gain K̂t is computed since the sample covariance is used in the
calculation. K̂t is given by:

K̂t = P̂−
t HT

t [HtP̂
−
t HT

t +R]−1 (13)

Finally, the a posteriori (after correction) state ensemble is given by:

x̂
+
t,i = x̂

−
t,i + K̂t[yt,i −Htx̂

−
t,i ], (14)20
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5.2 Particle Filter

Particle filters are a set of algorithms which approximate the posterior pdf by a group
of random samples. In more detail, the integrals are mapped to discrete sums:

p(xt |y1:t)≈ p̂(xt |y1:t)=
1
N

N∑
i=1

δ(xt−xt,i ) (15)

where the particles {xt,i ;i = 1...N} should be sampled from the posterior pdf and δ is5

the Dirac measure. The Dirac measure is given by:

δx(X )=
{

0 ifx /∈X,
1 ifx ∈X.

(16)

where x is a possible element of set X .
At this point, drawing particles is unfeasible since the posterior pdf is unknown. Nev-

ertheless, it is viable to draw particles from a known proposal pdf (also called impor-10

tance pdf). This is the basis of the importance sampling principle. Sequential Impor-
tance Sampling (SIS) is the recursive version of the importance sampling MC method
and the particle filters are based on the SIS approach.

5.2.1 Sequential Importance Sampling (SIS)

The SIS approach approximates the posterior pdf by a set of weighted particles as15

follows:

p̂(xt |y1:t)=
N∑
i=1

w̃ t,iδ(xt−xt,i ) (17)

where w̃ t,i are the normalized importance weights associated to the particles which
are drawn from the proposal pdf. Considering that the system state evolves according

5860

http://www.hydrol-earth-syst-sci-discuss.net
http://www.hydrol-earth-syst-sci-discuss.net/8/5849/2011/hessd-8-5849-2011-print.pdf
http://www.hydrol-earth-syst-sci-discuss.net/8/5849/2011/hessd-8-5849-2011-discussion.html
http://creativecommons.org/licenses/by/3.0/


HESSD
8, 5849–5890, 2011

Assimilation of soil
moisture using the

particle filter

D. A. Plaza et al.

Title Page

Abstract Introduction

Conclusions References

Tables Figures

J I

J I

Back Close

Full Screen / Esc

Printer-friendly Version

Interactive Discussion

D
iscussion

P
aper

|
D

iscussion
P

aper
|

D
iscussion

P
aper

|
D

iscussion
P

aper
|

to a Markov process, and applying recursion to the filtering problem, the recursive
expression for the importance weights is given by:

w t,i =w t−1,i ·
p(yt |xt,i )p(xt,i |xt−1,i )

q(xt,i |x0:t−1,i ,y1:t)
(18)

The selection of the proposal pdf q(.,y1:t) is extremely important in the design stage
of the SIS filter. The filter performance mainly depends on how well the proposal5

pdf approximates the posterior pdf. In Doucet et al. (2001), an optimal choice for the
importance density function is proposed:

q(xt |x0:t−1,y1:t)=p(xt |x0:t−1,y1:t) (19)

This pdf is optimal in the sense that it minimizes the variance of the importance
weights, however, the application of equation 19 is complex from the implementation10

point of view. A common choice of the proposal is the transition prior function (Gordon
et al., 1993; Kitagawa, 1996):

q(xt,i |x0:t−1,i ,y1:t)=p(xt,i |xt−1,i ) (20)

The choice of the transition prior as the proposal simplifies Equation 18 resulting in
an expression where the importance weights depend on their past values and also on15

the likelihood pdf. In this application, the likelihood pdf is considered to be Gaussian.
Thus, the particles are weighted according to:

p(yt |x̂
−
t,i )=

exp
(
−1

2 (yt−Htx̂
−
t,i )

TR−1(yt−Htx̂
−
t,i )

)
(2π)m/2|R|1/2

(21)

where R is again the measurement error covariance matrix, which is set to 0.0005I, |R|
is the determinant of matrix R and m is the dimension of vector yt. The normalized20

weights are given by:

w̃ t,i =
w t,i∑N
i=1w t,i

(22)
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Finally, the best estimate of the state consists of the weighted mean of the particle
set {x̂−

t,i ,w̃ t,i}. The SIS filter poses the problem of particle depletion, this problem is
caused by the increase of the variance over time as stated in Kong et al. (1994) and
Doucet et al. (2001).

The plots in the upper part of Fig. 2 show the importance weight transition from a5

uniform distribution at t=0 to a normal distribution according to the Gaussian likelihood
pdf at t=1. While in the plots located in the lower part, it is clearly noticeable that after a
few model time steps, only one of the normalized importance weights reaches the value
of 1, and the remaining set of weights are reduced to negligible values. Consequently,
a large number of samples are removed from the sample space, because their weights10

become numerically insignificant, generating a wrong approximation of the posterior
pdf.

A heuristic approach to mitigate the degeneracy problem by increasing the particle
set is impractical in most cases. The approach adopted in this work is the Sequential
Importance Resampling approach.15

5.2.2 Sequential Importance Resampling (SIR)

Resampling is basically the selection and replication of those particles with high impor-
tance weights. This additional step to the SIS filter involves mapping the Dirac random
measure {xt,i ,w̃ t,i} into an equally weighted random measure {xt,i ,N

−1}. Gordon et al.
(1993) proposed a methodology which consists of drawing samples uniformly from the20

discrete set {xt,i ,w̃ t,i} and it is referenced as the Sequential Importance Resampling
method (SIR). The algorithm consists in the construction of the cumulative distribution
of the particles set and the projection of a uniformly drawn sampling index i onto the do-
main of the distribution. As a result of the projection, the resampling index j is obtained
and the particle set {x̂−

t,i} is resampled according to this index, the resulting particle set25

{x̂+
t,j} contains replications of those particles with high importance weight. A detailed

description of the SIR resampling algorithm is given in Arulampalam et al. (2002) and
extended in Moradkhani et al. (2005). Residual resampling is an improved version of
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the SIR method and was proposed by Higuchi (1997) and Liu and Chen (1998), but is
not used here.

The SIR algorithm used in this study is summarized as follows:

– FOR t=1,2,...

– Propagate the particles in time.5

Draw x̂
−
t,i ∼p(x̂t,i |x̂

+
t−1,i )

– IF (t corresponds to a DA time step)

• Importance sampling step
· For i =1 :N

Compute w t,i =p(yt |x̂
−
t,i )10

Normalize w̃ t,i =
w t,i∑N
i=1w t,i

• Resampling step
· For i =1 :N

Obtain the resampling index j vector.
Resample {x̂−

t,i}⇒{x̂+
t,j}15

Assign w̃ t,i =
1
N

– END IF

– END FOR

The replication of the particles during the resampling step poses a problem when
the set of resampled particles collapses in the worst case to a single particle due to20

a wrong selection of the importance pdf or due to a narrow likelihood pdf. Figure 3
shows the resampling index j , which indicates the location of the particles to be re-
sampled, at 4 DA events. Subfigures (a) and (b) indicate a proper performance of the
resampling algorithm where the particle replication is not extreme. On the other hand,
the resampling index j , as a result of the application of a hypothetical and too narrow25
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likelihood pdf, is presented in subfigures (c) and (d), subfigure (c) indicates that the
sample collapses to the particle values located at positions 27th, 53th, and 60th. The
extreme replication problem is noticeable mostly in subfigure (d) where almost all the
particles collapse to the value of the particle located at the 54th position.

The particle degenaracy problem can be handled using Markov chain Monte Carlo5

(MCMC) steps (Andrieu et al., 1999) after the resampling step. However, the use
of MCMC steps increases the computational time considerably due to need of new
proposed particles sampled from the prior density function. The scope of this paper is
limited to the application of the SIR filter assuming proper importance and likelihood
density functions.10

5.3 Differences between the EnKF and the SIR-PF

Although the EnKF and the SIR filter are MC-based methods there is a considerable
difference in the way MC simulation is applied. The upper part of Fig. 4 represents the
prediction (forecast) step and the correction (analysis) step of the EnKF while in the
lower part, the SIR filter application is shown. Here, it is important to remark the fact15

that in the EnKF all the ensemble members at time step t are updated using the same
approximated Kalman gain and the innovation factor which depends on the perturbed
measurements and the observation model (Eq. 14). On the other hand, in the SIR filter
all the particles at time step t are weighted and resampled.

The replication and suppression of particles decrease the particles variance, which20

limits the state space representation and possibly affects the behaviour of variables
related to the assimilated state in a negative way.

6 SIR filter with parameter resampling (SR+PR)

In the EnKF and the PF, the uncertainty in the model is represented through samples
referred to as ensemble members or particles, respectively. These samples are drawn25
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for the EnKF according to Eq. (8) and for the PF from the importance density function
(equal to the prior density function for the standard particle filter).

The uncertainty in the model is caused by uncertainty in the meteorological forcings,
initial conditions and parameters. Thus, the generation of ensembles, presented in
the experiment setup section, is fundamental since the ensemble should represent this5

model uncertainty. The perturbation of the parameters plays an important role in the
generation of the ensemble due to the contribution of the parameters to the modelling
errors.

The state estimation method aims at finding the optimal state value based on the
information from the measurements. The estimated state value can positively or neg-10

atively affect the behaviour of other variables in the model. In this study, soil moisture
is the state variable that will affect the baseflow. The key idea of the SIR filter with
parameter resampling is that a combination of estimated state values with consistent
parameter values can result in a positive impact on the affected variable.

The operation of the parameter resampling step is the following: after the resampling15

of the states, the same vector/matrix containing the particle indices to be resampled is
used to resample the parameter set. The last action leads to a selection (replication or
suppression) of parameters that are tied to a particular state realization.

An extreme replication of the parameter values poses the same problem as in the
case of the state replication. Moreover, the ensemble will fail in the representation of20

the model uncertainty since the spread of the ensemble is decreased after the param-
eter resampling. In order to overcome this problem, the resampled parameter values
are perturbed with the addition of white Guassian noise and the variance (var ) of the
noise is set to a fraction of the optimal parameter value.

The SIR with parameter resampling filter is summarized as follows:25

– FOR t=1,2,...

– Propagate the particles in time.

– IF (t corresponds to a DA time step)
5865
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• Importance sampling step
• Resampling step

· For i =1 :N
Obtain the resampling index j vector.
Resample {x̂−

t,i}⇒{x̂+
t,j}5

Resample the parameter set θ: {θi}⇒{θj}
Perturb the resampled parameter set θj +N(0,var)
Assign w̃ t,i =

1
N

– END IF

– END FOR10

7 Results

The data assimilation experiments are validated by comparing soil moisture and dis-
charge assimilation results against synthetic observed soil moisture and baseflow val-
ues. The reference model integration without data assimilation is performed with pa-
rameter set 2, while the assimilation integrations are performed with a slightly different15

configuration (parameter sets 1-2-3).
Data assimilation is performed every week, with the first DA event at 8 February 2007

and the last at 24 May 2007. Every DA event is indicated by a black arrow in the figures
and the simulation period corresponds to the first half of year 2007 (1 January–1 July).
Root Mean Square Error (RMSE), between the synthetic observed and modelled soil20

moisture and baseflow, is computed over the time period starting 1 day before the first
DA event and 1 day after the last DA event.
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7.1 EnKF

The EnKF has been widely used and accepted as a sequential data assimilation
method in Geosciences. Therefore, this study includes the results from an unsophisti-
cated implementation of the EnKF in order to highlights some limitations and compare
them against other filter implementations.5

The upper part of Fig. 7 shows the evolution over time of the 64 soil moisture en-
semble members in light gray color, the ensemble mean in a black dashed line corre-
sponding to the EnKF performance and the synthetic observations in red dotted line.
From the figure, one can note the correction of the soil moisture values at every DA
assimilation event. However, the correction is not persistent, and after some simulation10

time steps the effect of the assimilation disappears. This typical short persistence of
the update is largely due to bias as described by De Lannoy et al. (2007a). A num-
ber of methodologies to reduce the effect of bias were suggested by De Lannoy et al.
(2007a) and Reichle and Koster (2004). The bias originates from integrating the model
with a different parameter set than the synthetic observations and it is thus not a priori15

clear how to partition the bias between forecast and observation bias. While the effect
here could have been overcome by a separate state and bias-filter (De Lannoy et al.,
2007a), it was opted to use the simplified setup to illustrate how the effect of biased
soil moisture assimilation on the depending discharge with different filters. The RMSE
between the assimilation results and the observed soil moisture with a value of 2.5020

vol% indicates a low improvement when contrasting against the RMSE between the a
priori ensemble mean and the observations with 3.07 vol%.

A rather poor assimilation performance with respect to the discharge (not shown)
has been found. This can be explained by a poor assimilation analysis of the base-
flow in the lower part of Fig. 7. There, the influence of the soil moisture assimilation25

on the baseflow is very obvious at each arrow. At first glance one can see the pres-
ence of peaks in the behaviour of the baseflow as a consequence of the assimilation.
The RMSE values of 4.79×10−6 mm s−1 for the baseflow a priori ensemble mean and
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6.91×10−6 mm s−1 for the assimilation results corroborates the negative impact on the
baseflow after the assimilation. A detailed analysis around the negative impact on the
baseflow is presented further.

7.2 SIR filter

Figure 8 shows the performance of the SIR filter for soil moisture assimilation and the5

corresponding impact of the assimilation on the baseflow. According to the RMSE val-
ues: 3.07 vol% without assimilation and 2.90 vol% after assimilation, the improvement
obtained from the SIR filter application is non significant. Although the RMSE for the
EnKF performance is slightly better than the RMSE for the SIR filter, indicating a slightly
better performance of the EnKF, the difference between these values is not so high as10

to consider a substantial improvement when using the EnKF.
On the other hand, when comparing the assimilation impact on the baseflow be-

tween the SIR filter (lower part of Fig. 8) and the EnKF a different performance
can be observed. Both filters perform negatively according to the RMSE values
(6.91×10−6 mm s−1 for the EnKF and 9.10×10−6 mm s−1 for the SIR filter) when com-15

pared to the model run without assimilation (4.79×10−6 mm s−1), and the negative
impact is enlarged with the SIR filter. This is expected because the state updating
procedures are different according to what is explained in Sect. 5.3. The replication of
those state particles with higher weight in combination with the parameter values affect
the baseflow behaviour negatively. In order to assign to each resampled state particle20

a consistent parameter value, the application of the parameter resampling is evaluated
as an alternative to improve the filter performance and to have a positive impact on the
baseflow.
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7.3 SIR filter with parameter resampling

The SIR filter with parameter resampling aims at a combination of estimated state val-
ues with consistent parameter values. This procedure should result in a positive impact
on the land surface variables that dynamically depend (through the model, including the
parameter configuration) on the assimilated soil moisture state variable.5

Figure 9 shows the performance of the soil moisture assimilation and the impact of
the assimilation on the baseflow for the SIR+PR filter without the perturbation of the
resampled parameters. Looking at Figs. 8 and 9, the decrease in the dispersion of
the soil moisture and baseflow particles is noticeable when the parameter resampling
is performed. This reduction is indicated by the time-averaged ensemble spread <10

ensp > (Eq. 1), calculated over the entire validation period with inclusion of the DA
time steps, with values of 3.13×10−4 and 1.41×10−4 (mm3 mm−3)2 for soil moisture
and values of 1.56×10−09 and 2.22×10−11 (mm s−1)2 for the baseflow.

Resampling the parameters along with the state SIR filter causes a reduction of the
analysis error (the ensemble spread represents the uncertainty at the analysis step).15

Moreover, the order of the error reduction magnitude is different for the soil moisture
and baseflow, with a strong reduction for the baseflow. The latter can be explained by
the nonlinear relationship between baseflow and soil moisture.

An extreme reduction of the ensemble spread due to an extreme state and parameter
particles replication needs to be avoided. Here, we propose the perturbation of the20

resampled parameters by using additive white Gaussian noise as the solution to the
particles collapse problem. The predefined standard deviation of the noise is set to a
fraction of the optimal parameter values, for the results presented in Fig. 10 the fraction
is set to 0.01 of parameter set 2.

Figure 10 shows the SIR+PR filter performance with the perturbation of the resam-25

pled parameters. The upper part of this figure presents the performance for the soil
moisture assimilation. The dynamics of the state ensemble is positively affected by the
parameter resampling improving the overall performance of the filter and keeping the
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benefit of the state updating for a long time after the DA events. The benefit is quan-
tified by the RMSE values corresponding to 3.07 vol % without assimilation and 0.60
vol % when the SIR+PR is applied. Moreover, the perturbation of the resampled pa-
rameters increases the ensemble spread from 1.41×10−4 (mm3 mm−3)2 to 2.02×10−4

(mm3 mm−3)2.5

Additionally, the plot of the baseflow (see lower part of Fig. 10) shows graphically a
considerable improvement on the behaviour when comparing to the assimilation effects
of the EnKF and SIR filter application. This improvement can be corroborated with the
reduction in the RMSE values from 4.78×10−6 mm s−1 when no assimilation is per-
formed to 1.60×10−6 mm s−1 when soil moisture DA is performed. The baseflow en-10

semble spread can be increased by the parameter perturbation. The ensemble spread
values indicate an increase from 2.22×10−11 (mm s−1)2 to 2.71×10−11 (mm s−1)2.

An overall conclusion based on the good RMSE values obtained for soil moisture and
baseflow is that the addition of the parameter resampling to the SIR filter is effective in
removing the bias through an indirect calibration of the modelled particles.15

7.4 Sensitivity study

The performance of the EnKF, SIR-filter and SIR+PR filter with parameter perturba-
tion are further analyzed for 3 different initial parameter sets, each identified by the
automatic calibration algorithm with a similar optimization index value. The filter perfor-
mance is analyzed through the comparison of the RMSE values.20

Table 4 presents the RMSE values between the estimated and observed volumetric
soil moisture at the surface for every filter and for every parameter set. Although the
SIR+PR RMSE values are different, due to different system dynamics the SIR+PR filter
outperforms the rest of the filters indicating robustness of the algorithm. Additionally,
according to Table 3 the positive impact on the baseflow persists among the three25

cases.
Considering the assimilation of remote sensed soil moisture data, the availability of

data is of main importance in the application of the assimilation algorithm. Therefore,
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the SIR+PR performance is tested for 3 DA frequencies. Additionally to the DA fre-
quency corresponding to 16 DA events, the methodology is evaluated for 8 DA events
with 1 event every 2 weeks and 4 DA steps with 1 event every four weeks.

Tables 4 and 5 show the RMSE values for the 3 DA frequencies for soil moisture and
baseflow respectively. The values indicate a notorious improvement when using the5

SIR+PR and the positive impact on the baseflow is maintained for the 3 DA frequen-
cies. However, the improvement of the filters decreases as the assimilation frequency
is reduced.

8 Summary and conclusions

The EnKF and the SIR filter have been evaluated for their performance in assimilation10

soil moisture and the impact thereof on baseflow fluxes. Both filters perform relatively
good for the correction of the modelled soil moisture, although it should be noted that
they were affected by the presence of bias. The impact of the soil moisture assimilation
on the baseflow results indicates a strong negative effect. The SIR+PR approach is
presented as a solution to this shortcoming in the EnKF and SIR filter performance.15

The SIR+PR filter methodology strives on the correction of the consistency between
parameters and soil moisture states replicating the consistent parameters and rejecting
the erratic parameter values. Results indicate a notorious improvement of the perfor-
mance not only in the estimation of the soil moisture but also in the influence on the
baseflow.20

Yet, a severe replication affects the parameter diversity and leads to an improper
representation of the posterior pdf when assimilating data. The perturbation of the
resampled parameter set by a white Gaussian noise with zero mean and predefined
standard deviation mitigates the side-effects of the replication.

The robustness of the SIR+PR filter has been tested through the evaluation of the25

SIR+PR filter for different parameter sets and different assimilation frequencies. The
positive results of this study are promising with respect to the assimilation of real data.
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Table 1. Optimal parameter sets: NwRb and NwRs were converted into tuneable parameters
(De Lannoy, 2006b), k is the soil layer index.

Description set 1 set 2 set 3

Fraction of model area with high water table (wtfact[fraction]) 0.280 0.704 0.742
Water table depth scale parameter (fz [m−1]) 49.173 3.423 3.475
Saturated soil hydraulic conductivity (kd [mm s−1]) 0.827 0.095 0.099
Base flow parameter for saturated fraction of watershed (ld [mm s−1]) 0.0071 0.0034 0.0027
First bottom layer contributing to the calculation of base flow (NwRb [−]) 5 5 6
Last top layer contributing to the calculation of the surface runoff (NwRs [−]) 3 4 4
Clapp and Hornberger constant (bswk [−]) 5.487 4.659 4.623
Volumetric soil water at saturation (watsatk [−]) 0.638 0.597 0.600
Hydraulic conductivity at saturation (hksatk [mm s−1]) 0.047 0.011 0.010
Minimum soil suction (sucsatk [mm]) 284.76 557.17 606
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Table 2. RMSE [vol%] between the observed and simulated soil moisture for 3 parameter sets.

Filter set 1 set 2 set 3

Ensemble 2.35 3.07 2.41
EnKF 1.88 2.50 1.91
SIR filter 2.12 2.90 2.33
SIR+PR filter 1.19 0.60 0.96
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Table 3. RMSE [mm s−1] between the observed and simulated baseflow for 3 parameter sets.

Filter set 1 set 2 set 3

Ensemble 7.26×1 0−6 4.79×10−6 4.61×10−6

EnKF 7.97×10−6 6.91×10−6 5.58×10−6

SIR filter 9.35×10−6 9.10×10−6 7.91×10−6

SIR+PR filter 6.27×10−6 1.60×10−6 3.62×10−6
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Table 4. RMSE [vol%] between the observed and simulated soil moisture for 3 DA frequencies.

Filter 16 DA steps 8 DA steps 4 DA steps

Ensemble 3.07 3.07 3.07
EnKF 2.50 2.67 2.88
SIR filter 2.90 2.99 3.01
SIR+PR filter 0.60 0.70 1.08
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Table 5. RMSE [mm s−1] between the observed and simulated baseflow for 3 DA frequencies.

Filter 16 DA steps 8 DA steps 4 DA steps

Ensemble 4.79×10−6 4.79×10−6 4.79×10−6

EnKF 6.91×10−6 5.82×10−6 4.61×10−6

SIR filter 9.10×10−6 7.60×10−6 7.60×10−6

SIR+PR filter 1.60×10−6 1.52×10−6 1.22×10−6
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Table 5. RMSE [mm·s−1] between the observed and simulated baseflow for 3 DA frequencies.

Filter 16 DA steps 8 DA steps 4 DA steps

Ensemble 4.79·10−6 4.79·10−6 4.79·10−6

EnKF 6.91·10−6 5.82·10−6 4.61·10−6

SIR filter 9.10·10−6 7.60·10−6 7.60·10−6

SIR+PR filter 1.60·10−6 1.52·10−6 1.22·10−6

Fig. 1. The study area: The discharge area in the Alzette river basin is indicated by the green patch.

21

Fig. 1. The study area: the discharge area in the Alzette river basin is indicated by the green
patch.
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Fig. 2. Monitoring the importance weights: axis x represents the particles location (volumetric soil moisture

[vol%]) and axis y the importance weights values at four different daily model time steps 0, 1 (01/Jan), 51

(20/Feb), 126 (06/May).
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Fig. 3. Extreme particle replication example with N = 64: Figures (a) and (b) present a proper resampling

performance whereas figures (c) and (d) show the the extreme replication problem. The sample set collapses to

particles located at 27th, 53th and 60th positions in figure (c) and almost all the set collapses to the value of the

particle at the 54th position in figure (d).

22

Fig. 2. Monitoring the importance weights: axis x represents the particles location (volumetric
soil moisture [vol%]) and axis y the importance weights values at four different daily model time
steps 0, 1 (1 January), 51 (20 February), 126 (6 May).
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Fig. 2. Monitoring the importance weights: axis x represents the particles location (volumetric soil moisture

[vol%]) and axis y the importance weights values at four different daily model time steps 0, 1 (01/Jan), 51

(20/Feb), 126 (06/May).
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Fig. 3. Extreme particle replication example with N = 64: Figures (a) and (b) present a proper resampling

performance whereas figures (c) and (d) show the the extreme replication problem. The sample set collapses to

particles located at 27th, 53th and 60th positions in figure (c) and almost all the set collapses to the value of the

particle at the 54th position in figure (d).

22

Fig. 3. Extreme particle replication example with N = 64: panels (a) and (b) present a proper
resampling performance whereas panels (c) and (d) show the extreme replication problem.
The sample set collapses to particles located at 27th, 53th and 60th positions in panel (c) and
almost all the set collapses to the value of the particle at the 54th position in panel (d).
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Fig. 4. Forecast (prediction) and analysis (correction) steps at time step t for the EnKF in the upper part of

the plot and the SIR filter in the lower part of the plot. In the EnKF, all the ensemble members (blue dots) are

updated with the same Kalman gain whereas in the PF, the update consists in the replication/suppression of the

particles.

23

Fig. 4. Forecast (prediction) and analysis (correction) steps at time step t for the EnKF in the
upper part of the plot and the SIR filter in the lower part of the plot. In the EnKF, all the ensemble
members (blue dots) are updated with the same Kalman gain whereas in the PF, the update
consists in the replication/suppression of the particles.
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Fig. 5. Soil moisture and baseflow ensembles: The upper plot corresponds to the generation of the volumetric

soil moisture ensemble with the ensemble members in gray line, the ensemble mean in black line and the

synthetic soil moisture observations in red dotted line. The lower plot corresponds to the baseflow ensemble.
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index2 (Equation 3).
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Fig. 5. Soil moisture and baseflow ensembles: the upper plot corresponds to the generation of
the volumetric soil moisture ensemble with the ensemble members in gray line, the ensemble
mean in black line and the synthetic soil moisture observations in red dotted line. The lower
plot corresponds to the baseflow ensemble.
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Fig. 5. Soil moisture and baseflow ensembles: The upper plot corresponds to the generation of the volumetric

soil moisture ensemble with the ensemble members in gray line, the ensemble mean in black line and the

synthetic soil moisture observations in red dotted line. The lower plot corresponds to the baseflow ensemble.
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Fig. 6. Generation of the discharge ensemble: the ensemble quality is controlled by index1
(Eq. 2) and index2 (Eq. 3).
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Fig. 7. Kalman filter performance and assimilation impact on the baseflow. The soil moisture and baseflow

time series correspond to the DA study performed with set 2 as the initial parameter set.
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Fig. 7. Kalman filter performance and assimilation impact on the baseflow. The soil mois-
ture and baseflow time series correspond to the DA study performed with set 2 as the initial
parameter set.
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Fig. 8. SIR filter performance and assimilation impact on the baseflow. The soil moisture and baseflow time

series correspond to the DA study performed with set 2 as the initial parameter set.
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Fig. 8. SIR filter performance and assimilation impact on the baseflow. The soil moisture and
baseflow time series correspond to the DA study performed with set 2 as the initial parameter
set.
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Fig. 9. SIR+PR filter performance and assimilation impact on the baseflow without parameter perturbation. The

soil moisture and baseflow time series correspond to the DA study performed with set 2 as the initial parameter

set.
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Fig. 9. SIR+PR filter performance and assimilation impact on the baseflow without parameter
perturbation. The soil moisture and baseflow time series correspond to the DA study performed
with set 2 as the initial parameter set.
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Fig. 10. SIR+PR filter performance and assimilation impact on the baseflow with parameter perturbation. The

soil moisture and baseflow time series correspond to the DA study performed with set 2 as the initial parameter

set.
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Fig. 10. SIR+PR filter performance and assimilation impact on the baseflow with parameter
perturbation. The soil moisture and baseflow time series correspond to the DA study performed
with set 2 as the initial parameter set.
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