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The sources of uncertainty in land surface models are numerous and varied, from inaccuracies in forc-
ing data to uncertainties in model structure and parameterizations. Majority of these uncertainties are
strongly tied to the overall makeup of the model, but the input forcing data set is independent with its
accuracy usually defined by the monitoring or the observation system. The impact of input forcing data
on model estimation accuracy has been collectively acknowledged to be significant, yet its quantifica-
tion and the level of uncertainty that is acceptable in the context of the land surface model to obtain
a competitive estimation remain mostly unknown. A better understanding is needed about how mod-
els respond to input forcing data and what changes in these forcing variables can be accommodated
without deteriorating optimal estimation of the model. As a result, this study determines the level of
forcing data uncertainty that is acceptable in the Joint UK Land Environment Simulator (JULES) to com-
petitively estimate soil moisture in the Yanco area in south eastern Australia. The study employs hydro
genomic mapping to examine the temporal evolution of model decision variables from an archive of val-
ues obtained from soil moisture data assimilation. The data assimilation (DA) was undertaken using the
advanced Evolutionary Data Assimilation. Our findings show that the input forcing data have significant
impact on model output, 35% in root mean square error (RMSE) for 5cm depth of soil moisture and 15%
in RMSE for 15cm depth of soil moisture. This specific quantification is crucial to illustrate the signifi-
cance of input forcing data spread. The acceptable uncertainty determined based on dominant pathway
has been validated and shown to be reliable for all forcing variables, so as to provide optimal soil mois-
ture. These findings are crucial for DA in order to account for uncertainties that are meaningful from the
model standpoint. Moreover, our results point to a proper treatment of input forcing data in general land
surface and hydrological model estimation.

© 2017 Elsevier Ltd. All rights reserved.

1. Introduction

and has separate uncertainty levels for each variable as defined
by their respective observation systems. While the impact of the

The estimation of soil moisture through land surface models
mainly incorporates a combination of model physics, initial states,
parameters, and forcing data. The majority of these components
are inherent to the overall makeup of the model, defining how the
model handles input forcing data. The model components are fun-
damental to the evaluation of land surface states in response to
meteorological forcing. However, the overall uncertainty in model
output is associated with uncertainties of the various model in-
puts and components, which interact and are strongly linked such
that their respective uncertainties are difficult to separate. The in-
put forcing data set is independent from the overall model makeup
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forcing data on the accuracy of model estimation is universally
recognized to be significant (Beven and Binley, 1992; De Lannoy
et al., 2006; Durand and Margulis, 2008; He et al., 2011; Mantovan
and Todini, 2006; Moradkhani and Hsu, 2005; Raleigh, 2013; Sala-
mon and Feyen, 2009; Seibert, 1997; Steinschneider et al., 2012;
Uhlenbrook et al., 1999; Vrugt et al., 2002; Zehe et al., 2005), its
quantification remains largely unknown in most modeling proce-
dures. That is, the majority of modeling procedures have limited
knowledge about how much of a model’s estimation accuracy is
attributable to its forcing data uncertainty. Consequently, it is dif-
ficult to determine the level of uncertainty in forcing data that is
acceptable, in the context of the model, to provide an optimal es-
timate of soil moisture.

The acceptable level of forcing data uncertainty, while specific
to a particular model, will provide for a given model a threshold
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of uncertainty bound beyond which deterioration of the model es-
timation accuracy will occur. An estimate of the acceptable level
of uncertainty in forcing data will separate the inaccuracies in
model prediction into two categories: those that are inherent in
the model, and those from the forcing data. Note that by ac-
ceptable level of uncertainty in forcing data, we are referring to
the amount of uncertainty from the forcing data that is admissi-
ble/appropriate in the context of the model without deteriorating
the model estimation accuracy.

An increased knowledge of forcing data uncertainty will have
a crucial impact on water and climate predictions. In particular, an
estimate of forcing data uncertainty will provide an important con-
tribution, which is usually missing, to error specification in data
assimilation (DA) procedures. Ensemble distributions (i.e., spread)
in DA are usually generated through perturbation of input forcing
data (Alemohammad et al., 2015; Clark et al., 2006; Wojcik et al.,
2014), mostly with limited knowledge of the impact of forcing er-
ror on model ensemble spread. Forcing data uncertainty is also
critical in climate change studies and forecasting systems (Nagler
et al., 2008; Raleigh, 2013; Schdr et al., 2004; Steinschneider et al.,
2012; Troch et al., 2009), to provide an estimate of the changes
(and uncertainties) in model output in response to variability in
forcing data. An understanding of the impact of forcing data un-
certainty on model prediction will therefore provide the capability
to estimate the level of variability that is required in weather sys-
tems and forecasts to initiate triggers in water resource systems.

Few studies including Liu and Gupta (2007); Vrugt and Robin-
son (2007); Wagener et al. (2003); and He et al. (2012) have
examined uncertainty in model components, and even fewer
(Alemohammad et al., 2015; Maggioni et al.,, 2011) have actually
examined uncertainty in forcing data in relation to the model out-
put. Consequently, this study quantifies the uncertainty threshold
in forcing data that can be incorporated into the Joint UK Envi-
ronment Simulator (JULES) model in the context of soil moisture
estimation without a significant deterioration in model estimation
accuracy, for the Yanco area in southeast Australia. It also pro-
vides a methodology to estimate an acceptable threshold of forc-
ing data uncertainty in the JULES model through three modeling
approaches. These modeling approaches are model calibration, data
assimilation, and multi-dimensional clustering which is used to as-
sess values in model decision space (i.e., the interval defined by
both model parameters and input forcing variables). The calibra-
tion and data assimilation procedures employ computational tech-
niques from the state-of-the-art multi-objective evolutionary strat-
egy. Specifically, the calibration is based on the Non-dominated
Sorting Genetic Algorithm - II (NSGA-II) developed by Deb et al.
(2002), whereas the DA method uses the evolutionary data as-
similation (EDA) scheme demonstrated in Dumedah and Walker
(2014b); Dumedah et al. (2015); and Dumedah (2015).

The three modeling approaches: calibration, data assimilation,
and multi-dimensional clustering used in this study provide unique
roles toward the overall goal of quantifying forcing data uncer-
tainty in land surface modeling. Calibration, though subject to a
specific time period of observation data, has an important role in
determining optimized values in model decision space to generate
model outputs which best match observed data. It is noted that the
calibration procedure is supplementary and represents an interme-
diate step to the data assimilation procedure. Data assimilation has
been widely credited for its ability to update model predictions
through time, and to account for uncertainties in model and ob-
servation data. However, the temporal changes in model decision
space resulting from data assimilation holds the potential for as-
sessing model behavior under changing hydro-meteorological con-
ditions. The temporal characteristic of DA is crucial in this study
in order to assess the temporal evolution of the impact of forcing
data uncertainty on the JULES model at different uncertainty lev-

els across time. Consequently, this study uses data assimilation to
provide an archive of updated ensemble members in model deci-
sion space through several assimilation time periods. The role of
the multi-dimensional clustering is to determine commonalities in
model decision space for the calibration output and the updated
ensemble members.

1.1. Study area, data sets, and the land surface model

The case study demonstration is for soil moisture estimation in
the Yanco area in southeast Australia. The study location is at one
station (i.e., Y10) out of thirteen OzNet soil moisture monitoring
stations in the Yanco area (Smith et al., 2012). The Y10 location has
flat topography, along with grassland, scattered trees and loamy
textured soil. The study location has extensive soil moisture and
meteorological instrumentation, and has provided almost continu-
ous time series of data for validation.

The land cover data set was obtained through the Australian
National Dynamic Land Cover Dataset (DLCD) (Lymburner et al.,
2011), which was generated from the 16-day Enhanced Vegeta-
tion Index composite collected at 250 m spatial resolution from
the Moderate Resolution Imaging Spectroradiometer. The soil prop-
erties information including texture, bulk density, saturated hy-
draulic conductivity, and soil layer thicknesses for horizons A and
B were obtained from the Digital Atlas of Australian Soils, through
the Australian Soil Resource Information System (McKenzie et al.,
2000). The meteorological forcing data including incoming short
and long wave radiations, air temperature, precipitation, wind
speed, pressure, and specific humidity were obtained from the me-
teorological record at the study location.

The soil moisture estimation model used is JULES, a tiled model
of sub-grid heterogeneity for simulating water and energy fluxes
between a vertical profile of variable soil layers, land surface, vege-
tation, and the atmosphere (Best et al., 2011). JULES allows specifi-
cation of numerous soil layers and variable thickness of soil layers,
together with nine land surface types including broadleaf, needle-
leaf, grass (temperate and tropical), shrub, urban, inland water,
bare soil, and ice-covered surfaces. The JULES model requires ini-
tialization for variables including the temperatures and the mois-
ture contents of the soil layers; temperature, density, and albedo
of the snowpack if present; the temperature and intercepted rain
and snow on the vegetation canopy; the temperature and depth
of ponded water on the soil surface, and an empirical vegetation
growth index.

The JULES model parameters and forcing variables together
with their descriptions and intervals are presented in Table 1. The
model parameters and forcing variables were allowed to be varied
within 4+ 10% of their original values through a relative measure.
It is noteworthy that the + 10% interval is based on the soil tex-
ture variability as obtained from McKenzie et al. (2000), and does
not represent the actual variability for model parameters and forc-
ing variables. The original values of model parameters and forcing
variables were based on the soil, land cover, and meteorological
forcing data such that they are physically meaningful for the study
location in the context of the JULES model. The soil moisture data
set used to drive the calibration and assimilation was the surface
5cm depth of in-situ soil moisture at the Y10 location.

2. Methods

The framework used to assess the acceptable forcing data un-
certainty in this study comprises of a number of modeling pro-
cedures. Specifically, four procedures were used including: (i) a
calibration procedure to estimate model parameters, (ii) a data
assimilation procedure using both model parameters and forc-
ing variables, (iii) a data assimilation procedure using perturbed
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Table 1
Description of model parameters and forcing data variables for the JULES model.
Parameter Description Interval
Model Parameters
b Exponent in soil hydraulic characteristics curve + 10%
sathh Absolute value of the soil matric suction at saturation (m) + 10%
hsatcon Hydraulic conductivity at saturation (kgm—2s=1) + 10%
sm-sat Volumetric soil moisture content at saturation (m> water per m? soil) + 10%
sm-crit Volumetric soil moisture content at critical point (m3 water per m3 soil) + 10%
sm-wilt Volumetric soil moisture content at wilting point (m*> water per m* soil) + 10%
hcap Dry heat capacity (Jm—3K-1) + 10%
hcon Dry thermal conductivity (Wm~1K-1) + 10%
albsoil Soil albedo + 10%
Meteorological Forcing Variables
SWR Downward component of shortwave radiation at the surface (Wm~=2) + 10%
LWR Downward component of longwave radiation at the surface (Wm=2) + 10%
rain Rainfall (kgm=2s~1) + 10%
tempr Atmospheric temperature (K) + 10%
wind Wind speed (ms—!) + 10%
press Surface Pressure (Pa) + 10%
spHum Atmospheric specific humidity (kgkg~') + 10%
Initial State Variables
canopy Amount of intercepted water that is held on each tile (kgm=2) updated
tstar-t Surface or skin temperature of each tile (K) updated
t-soil Temperature of each soil layer (K) updated
sthuf Soil wetness for each soil layer; mass of soil water expressed as a fraction of water content at saturation  updated

forcing variables with calibrated model parameters held con-
stant, and (iv) a multi-dimensional clustering procedure to deter-
mine temporally persistent values in model decision space. The
sections below describe these modeling procedures in greater
detail.

2.1. Evolutionary strategy

The overall modeling method is based on the concept of evolu-
tionary algorithm. Evolutionary algorithm is a powerful computa-
tional procedure which uses the concept of biological evolution to
solve mathematical optimization problems. Essentially, the evolu-
tionary algorithm defines a mathematical problem into a popula-
tion of candidate members where the members compete for lim-
ited resources under several environmental conditions for survival
and subsequent breeding of child members. By competition, the
members are evaluated based on objectives such as the proxim-
ity of modeled soil moisture to in-situ data. The high performing
members are chosen to reproduce for future populations whereas
low performing members are discarded. A candidate member is
defined by its internal properties called a genotype and its ex-
pressed behavior called a phenotype. When applied to hydrology,
the genotype represents model decision variables which are made
up of a vector string of values for model parameters and forcing
variables, whereas the phenotype is equivalent to the model out-
put such as soil moisture.

The genotype information for several candidate members rep-
resent a biological genome-like data, upon which several genome
mappings can be undertaken. Two of those mapping methods are
gene expression and genome-wide association (Dear, 1997, 2001),
which were used to evaluate the model behavior. Gene expression
examines how changes in individual genes (such as soil hydraulic
conductivity) affect the model response (e.g. the overall soil mois-
ture output) in phenotype space. Genome-wide association focuses
on the relationships between genes in genotype space and how
they interact to trigger particular expressions in phenotype space.

2.2. Calibration procedure

The role of calibration in this study is to provide an ensemble
of optimized model parameter values subject to a fixed time pe-

riod of soil moisture observation. The study encourages the use of
ensemble members instead of a single member because of their
capability to provide different pathways to matching the observa-
tion data. It is acknowledged that calibration is generally limited to
a specific time period of observation data, and that improved per-
formance of the model is not guaranteed outside the observation
time period (Beven, 2001; Dumedah et al., 2012a; 2012b; Fenicia
et al., 2008). It should be noted that the model parameter values
obtained from model calibration were only used for the observa-
tion time period in this study.

The calibration method used is based on the NSGA-II procedure
shown in Fig. 1. The NSGA-II is an advanced multi-objective evolu-
tionary algorithm and has been applied in several sources includ-
ing Bekele and Nicklow (2007); Confesor and Whittaker (2007);
Dumedah et al. (2010); Khu and Madsen (2005); and Dumedah
and Coulibaly (2012b). In the NSGA-II procedure, an initial popu-
lation P, of size 2n was generated through Latin hypercube sam-
pling to ensure even sampling of the entire model decision space.
The members in subsequent populations were generated based on
the evolutionary operators including tournament selection, muta-
tion and crossover. A tournament selection is a multi-objective op-
timization approach which ranks candidate members in a popula-
tion by allowing two members to compete in terms of their perfor-
mance on multiple evaluation objectives. This ranking procedure,
usually referred to as nondominance sorting, provides a nondomi-
nance level which indicates how many members a chosen member
dominates (i.e.,, the number of members the given member per-
formed better than), and how many members dominate the mem-
ber under consideration (i.e., the number of members which per-
formed better than the chosen member). Mutation is an evolution-
ary variation operator which makes changes to a candidate mem-
ber in terms of its genomic makeup. A crossover is a breeding op-
erator which produces a child member by combining the genotype
information from two parent members.

The P, members were applied into the land surface model
to generate soil moisture predictions, where they were evaluated
against perturbed soil moisture observation data using root mean
square error (RMSE) in Eq. (1) and bias in Eq. (2). The RMSE and
bias evaluate different aspects of the model as they are indepen-
dent over the calibration time period. The rationale to perturb the
observation data was to match the model output against an inter-
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y
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Archive the n fitter members
as the optimized members,
and terminate run

Fig. 1. Computational procedure of the calibration approach based on the NSGA-II method.

val of the observation data (i.e., observation with error distribu-
tion) instead of a fixed value.

n 2
th] Vst — Yor)

n

RMSE = (1)

where: ys; is the simulated output for time ¢, y, is the perturbed
observation value for time t, and n is the calibration time period.

Z?ﬂ Vst — Yoir)

n

Bias = (2)

Using values from the evaluation objectives (RMSE and bias),
non-dominated sorting (based on tournament selection) was per-
formed on the members in P, after which n high performing mem-
bers were selected through tournament selection. The remaining
less performing members were discarded. The n high perform-
ing members were used to reproduce a new population P, of size
2n through variation operators including crossover and mutation.
This cycle of creating a new population of members, their evalua-
tion, sorting and selection represents a complete evolutionary cy-
cle called a generation. The population P; was evolved over sev-
eral generations whereas the members in P, undergo variation at
each stage of evolution to generate the final Pareto-optimal set.
The Pareto-optimal set comprising of several model scenarios were
retained as the optimal calibrated values for the model.

2.3. Overall data assimilation procedure

The DA approach used in this study is the EDA method, shown
in Fig. 2. The EDA procedure unifies temporal updating from tra-
ditional DA with the multi-objective evolutionary strategy, to con-
currently explore the internal dynamics of a prediction model in an
adaptive and temporal manner. The EDA is unique in its approach
because its updated members have model outputs and values in
model decision space, where this inherent link preserves water
and energy balance in model outputs. Several investigations have
been undertaken with the EDA including soil moisture (Dumedah
and Walker, 2014b), brightness temperature (Dumedah et al., 2011),

streamflow (Dumedah and Coulibaly, 2012a), and its comparison
to the ensemble Kalman filter and particle filter (Dumedah and
Coulibaly, 2013).

The multi-objective evolutionary strategy used in the EDA in
this study is the NSGA-IL It is notable that the EDA approach
is flexible to accommodate other evolutionary algorithms such
as Strength Pareto Evolutionary Algorithm (Zitzler et al., 2004;
2001; Zitzler and Thiele, 1999), Pareto Archived Evolution Strat-
egy (Knowles and Corne, 2000), or Pareto Envelope based Selection
Il (Corne et al., 2001). The EDA procedure incorporates the NSGA-
Il procedure described at the calibration stage, except that some
changes were included to account for temporal updating of the
model, observation and model uncertainties, and sequential update
of population members. The NSGA-II's role in the EDA procedure
is limited to evolution of population members over several gener-
ations, their evaluation using multiple objectives, selection of high
performing members to reproduce new members, and variation of
members using evolutionary operators.

The EDA begins the initial assimilation time step with the cre-
ation of an initial population, P, as in the NSGA-II procedure.
The members in P, were evaluated using absolute difference in
Eq. (3) and cost function in Eq. (4) to account for model and ob-
servation uncertainties. The high performing members were se-
lected based on the estimated values of absolute difference and
the cost function. The selected members were then used to cre-
ate new members, after which the evolutionary cycle was repeated
over several generations. After the last generation, the high per-
forming members which remain competitive across all the genera-
tions were chosen as the updated ensemble members for the cur-
rent assimilation time step. The updated members were then used
to make a forecast for the next assimilation time step and to esti-
mate the model background error. The assimilation time step was
incremented to a new time step, with the current updated mem-
bers used as the seed population. The evolutionary cycle includ-
ing evaluation, selection and variation were repeated for the new
population to determine the updated ensemble for the new assim-
ilation time step. The evolutionary procedure, the update and the
forecasting steps were repeated to generate the updated ensem-
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Fig. 2. Computational procedure of the EDA method (adapted from Dumedah (2012)).

ble for each assimilation time step. It is noteworthy that the up-
dated members for each assimilation time step were selected from
among several populations of members that have been evaluated
over numerous generations.

AbsDif f = [ysi = Yol 3)
& e =900)"  Gsi—yor)?
D I R e (4)
i=1 i=1
¥s i = the analysis (i.e., the searched) value for ith data point

which minimizes J(y;).
¥p, i = background value for ith data point.
Yo, i = perturbed observed value for ith data point.
obz: variance for background soil moisture error.
o2 = variance for observed soil moisture error.
k = number of data points (k is set to 1 for sequential data
assimilation).

2.3.1. Data assimilation using both model parameters and forcing
variables

Data assimilation has been widely recognized in the literature
(Dumedah, 2015; Evensen, 2003; Houtekamer and Mitchell, 2005;
Reichle, 2008; Weerts et al.,, 2010), for its ability to account for
uncertainties in model and observation, along with its forecast-
ing and temporal updating capabilities. Nonetheless, an underes-
timated property of DA is its temporal changes in model decision
space for initial states, parameters, and forcing variables to pro-
duce the updated output. An assessment of this temporal evolu-
tion in model decision space has been shown to provide valuable
information about model behavior (Dumedah, 2015; Dumedah and
Walker, 2014a). This section therefore draws upon the hydrologic
genome mapping in Dumedah (2015) to assess model behavior in
relation to model parameters and forcing variables.

The EDA procedure was used to perform assimilation into the
JULES model through perturbation of both model parameters and
forcing variables. The contribution of EDA in this section is to
provide genome-like data for model parameters and forcing vari-
ables across all assimilation time periods, and subsequent gene
expression and genome-wide evaluation. The EDA procedure with
variable model parameters and forcing data across assimilation
time steps was used to provide a large archive of updated val-
ues in model decision space. These updated values in model de-
cision space were evaluated using the multi-dimensional cluster-
ing method described in Section 2.4 (also employed in Dumedah
(2015)) to determine unique mappings in the genotype space for
both model parameters and forcing variables.

2.3.2. Data assimilation using forcing variables only

The EDA procedure in this section was designed to provide forc-
ing data uncertainty evolution through time, while the model pa-
rameters were held constant at the optimal ensemble values ob-
tained from the calibration procedure. The rationale for this ap-
proach is to minimize the influence of model parameters while
generating the genome-like data for forcing variables only. The EDA
with changing values of only forcing variables across several as-
similation time steps provide a large archive of updated values in
model decision space. Similarly, the ensemble archive was evalu-
ated using the multi-dimensional clustering method described in
Section 2.4 in order to determine the unique mappings in the
genotype space for forcing variables only.

2.4. Assessment of values in model decision space

The updated ensemble members obtained from the EDA proce-
dure have model outputs in terms of soil moisture and values in
model decision space. This section focuses on the assessment of
the updated values in model decision space (i.e., genotype space).
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It is noted that all subsequent descriptions are in reference to the
genotype space. The updated values in model decision space are
equivalent to a biological genome-like data which can be used to
develop a hydrologic genomic map (Dumedah, 2015). As a genome-
like data, different knowledge discovery methods can be used to
examine unique properties such as gene expression for micro-array
analysis, feature selection for unique role of features, genome-wide
associations for interaction between genes, or sequence analysis for
gene signal analysis (Dear, 2001).

One kind of hydrologic genomic map is the dominant pathway;
dominant because it determines temporally stable/persistent loca-
tions across several time periods, and pathway because it connects
unique locations for different model components. By location in
reference to genome-like data, a specific subset in the model de-
cision space is implied. The temporally stable locations signify a
commonality in values that persist for a model decision variable
when evaluated across several assimilation time periods. Given
that these locations are in genotype space, they represent unique
sub-regions of individual genes which persist or survived across
multiple time periods. It is worth noting that the pathway char-
acteristic encompasses genome-wide association as it explores the
interaction between model decision variables. The temporal persis-
tence property exemplifies gene expression as it provides the capa-
bility to evaluate temporally stable genes and their impact or ex-
pression on soil moisture (in phenotype space).

The dominant pathway was determined by performing a multi-
dimensional hierarchical clustering on the archive of updated
members in model decision space. Clustering is an exploratory
approach that is well suited for this kind of analysis, because it
requires limited assumptions about the distribution of the data
set. The clustering performed on updated members ensured the
determination of temporally stable locations, while the multi-
dimensional aspect of the clustering performed ensured that in-
teractions between model decision variables were preserved.

To measure the distribution of updated members, each model
decision variable was normalized and a Euclidean metric was used
to estimate the distance between the normalized vectors. Sev-
eral numbers of cluster groupings were explored through the knee
method (Thorndike, 1953), to determine the appropriate number
of clusters which best identified the distinct groups in the data
set. After determining the suitable number of clusters, the cluster
group with the largest ensemble membership was chosen to rep-
resent the dominant pathway.

3. Setup of model, calibration and data assimilation runs

The model was setup in a way that both calibration and as-
similation procedures were undertaken for the JULES model over
a three year time period from 2012 to 2015. The same modeling
periods for calibration and assimilation ensured that values can
be compared in model decision space. The NSGA-II procedure was
used to calibrate the JULES model leading to an ensemble esti-
mate of values for both model parameters and forcing variables
which produce soil moisture output from JULES to best match
the observation in-situ soil moisture. The initial population in the
NSGA-II was generated from Latin hypercube sampling by using
the intervals for model parameters and forcing variables in Table 1.
The observation in-situ soil moisture was perturbed to within +
0.03 m3/m3 of their original values, based on outcomes from Smith
et al. (2012). Based on the standard NSGA-II procedure (Deb et al.,
2002), a crossover probability of 0.8 and a mutation probability of
% (where n is the number of variables) were used. In the calibra-
tion, a population of 40 members was evolved through 250 gen-
erations, leading to an optimized ensemble of 20 members. Given
the number of generations used, the population size was deemed

suitable as it is more than two times the number of variables un-
der consideration.

Two independent assimilation procedures were undertaken,
both run across the same time period as in the calibration pro-
cedure. The first assimilation, denoted full DA, applied the EDA
method in concert with the procedure outlined in Section 2.3.1 to
generate an updated archive of model parameters and forcing vari-
ables through assimilation of in-situ soil moisture observation into
the JULES model. The second assimilation, denoted forcing DA,
used the EDA method in concert with the procedure presented in
Section 2.3.2 to generate an updated archive of forcing variables
only, through assimilation of in-situ soil moisture observation into
the JULES model. In the forcing DA procedure, the model parame-
ters were held constant at the optimized ensemble model param-
eters values obtained at the calibration stage.

The soil moisture observation error in both EDA procedures was
set to + 0.03 m3/m3, whereas the model error was derived from
the ensemble members which evolve between and at each assim-
ilation time step, with the background error estimated from the
seed population between assimilation time steps. The initial popu-
lation in the full DA was created through Latin hypercube sampling
by using the intervals for model parameters and forcing variables
in Table 1. Similarly, the initial population in the forcing DA ap-
proach used the same procedure except that only forcing variables
were used to generate the initial population. The probabilities for
crossover and mutation in both EDA procedures were set using the
same procedure as in the calibration stage. In both EDA procedures,
a population of 40 members was evolved over 10 generations, to
produce an updated ensemble of 20 members for each assimila-
tion time step. The updated ensembles were archived for subse-
quent evaluation using multi-dimensional clustering procedure.

4. Results and discussion
4.1. Evaluation in phenotype space - soil moisture output

The resulting outcomes of the model runs include the updated
soil moisture in phenotype space and an archive of values for
model decision variables in genotype space. The key focus of this
study is examination of the results in genotype space, however a
provisional evaluation of the estimated soil moisture against in-
situ data is an important initial step. The updated soil moisture
from the full DA and forcing DA are evaluated by their comparison
against in-situ soil moisture at 5 cm soil depth, in Fig. 3.

The evaluation is based on two numerical measures: root mean
square error (RMSE) and coefficient of determination (R), together
with a graphical one-to-one plot. The RMSE measures the overall
closeness of the soil moisture estimate to the observed in-situ data,
and R accounts for the overall temporal association between the
estimation and observation. The graphical one-to-one plot provides
a visual departure of the soil moisture estimate from observed val-
ues, with perfectly matched values lying on the diagonal line. Over-
all, the forcing DA output closely matches the in-situ soil moisture
and has better accuracy values than the full DA output based on
the evaluation measures. Specifically, the forcing DA method im-
proved the accuracy of the full DA output by 35% in terms of RMSE
and about 7% for R.

Additionally, the root-zone soil moisture estimates from both
full and forcing DA methods are compared against root-zone in-
situ data at soil depths of 15 cm and 45 c¢m in Fig. 4. The soil mois-
ture estimation accuracy generally decreased with increasing soil
depth, such that, the highest estimation accuracy was obtained at
the surface 5 cm soil depth with the lowest accuracy at the deeper
45 cm soil depth. The soil moisture estimation accuracy at the
15 cm soil depth is almost similar to those obtained for the surface
5 cm soil depth. Similarly, the forcing DA output at the 15 cm soil
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depth performed better than the full DA output based on the eval-
uation measures. At the 15 cm soil depth, the forcing DA method
improved the estimation accuracy of the full DA method by 15%
in terms of RMSE and about 4% for R. However, there is little dis-
cernible difference in the evaluation values between the full and
forcing DA outputs for the 45 cm soil depth. The impact of the
differences between the two assimilation approaches is limited to
the 5 cm and 15 cm outputs, with negligible impact at the deeper
45 cm soil depth. That is, the forcing DA has a positive impact on
the soil moisture estimation accuracy at the upper soil layers, and
no observable impact at the deeper 45 cm soil depth.

4.2. Evaluation in genotype space - model decision variables

Two types of evaluation were undertaken to assess the model
outputs in genotype space. The two types of evaluation include
gene expression with a focus on one model decision variable at
a time, and genome-wide association with a focus on interactions
between all model decision variables. These evaluations are pre-
sented in greater detail in the sections below.

4.2.1. Gene expression - dominant cluster

Ideally, the goal of gene expression is to determine how dif-
ferent values of an individual model decision variable trigger a re-
sponse or an expression in phenotype space, soil moisture estimate
in this case. However, in this assimilation procedure, the optimal
estimate of soil moisture has been determined to best account
for uncertainties in both soil moisture observation and model es-
timation. That is, the soil moisture estimate in phenotype space
is definitive based on the operating uncertainties. To achieve this
definitive estimate of soil moisture, changes were made in geno-
type space for individual model decision variables. As a result, the
gene expression in this case is focused on assessing the changes
that were made by each model decision variable across several
time periods, in order to obtain competitive soil moisture estima-
tion. In other words, the objective is on temporal evolution of in-
dividual model decision variables and subsequent determination of
a subset of the genotype space that is deemed to be temporally
stable.

The procedure employed to assess gene expression examined
individual genes (that is, each model decision variable) and their
response across time, which were used to generate the competi-
tive soil moisture estimates in phenotype space. That is, this sec-
tion focuses on the assessment of independent response from each
model decision variable with no influence from other model de-
cision variables. To do this, the analysis procedure outlined in
Section 2.4 was employed on each model decision variable, to de-
termine the dominant cluster together with its coverage of the de-
cision space. For each variable, the dominant cluster represents a
subset of the model decision space where values were persistently
chosen (i.e. temporally stable) to produce competitive soil mois-
ture across several time periods. The corresponding coverage of
the dominant cluster indicates the weight or level of dominance
in model decision space in terms of frequency of occurrence. The
coverage is expressed as percentage, with 0% indicating no weight
and 100% indicating the maximum weight.

The dominant cluster and its corresponding coverage were de-
termined from an archive of values for each model decision vari-
able obtained from both the full DA and forcing DA outputs. For
the full DA output, the dominant cluster and its coverage for each
model decision variable are presented in Fig. 5. The dominant clus-
ter is equivalent to a subset of the model decision space, with
its coverage representing the level of temporal persistence or sta-
bility. In the context of genomic mapping, the dominance cluster
represents a unique feature in model decision space which has
survived several changes in hydro-meteorological conditions. It is

noted that, in the dominant cluster plot, the lines connecting the
model decision variables are imaginary and do not signify an inter-
action between the variables. The number of clusters used in the
clustering of individual model decision variables range from two to
six, meaning that the dominant cluster is determined from among
several clusters ranging from two to six. This range of clustering is
important to better understand the significance of the coverage of
each dominant cluster.

From the full DA output, it was found that the range between
the minimum and maximum values of the dominant cluster in re-
lation to the model ensemble range is about 50% across all model
decision variables. That is, the dominance clustering procedure
have reduced the entire model decision space by half. The signifi-
cance of this reduction is measured by the overall coverage, which
was determined to be about 60% across all model decision vari-
ables. This demonstrates that the overall dominant cluster repre-
senting a subset of the genotype space are temporally stable for
60% of the time to provide competitive soil moisture estimates.

For the forcing DA output, the dominant cluster and its cov-
erage for each model decision variable are presented in Fig. 6. It
is noted that only forcing model decision variables are considered
here since model parameter decision variables were predetermined
and assigned to ensemble values obtained from calibration pro-
cedure outlined in Section 2.2. From the forcing DA output, it is
found that the range between the minimum and maximum val-
ues of the dominant cluster in relation to the model ensemble
range is about 45% across all model decision variables. That is, the
dominance clustering procedure reduced the entire model decision
space by 55%. The significance of this reduction is measured by the
overall coverage, which is determined to be about 60% across all
forcing model variables. This demonstrates that the overall domi-
nant cluster representing a subset of the genotype space for forc-
ing variables are temporally stable for 60% of the time to provide
optimal soil moisture estimation.

In the context of gene expression, the resulting dominant clus-
ters for the individual input forcing variables represent the accept-
able uncertainty bound needed in the JULES model to provide op-
timal estimates of soil moisture. It is notable that this acceptable
uncertainty bound is in the context of individual forcing variables;
the interaction between variables is accounted for under genome-
wide evaluation. This estimate of acceptable uncertainty bounds,
based on gene expression, need validation to verify their robust-
ness and reliability to other hydro-meteorological situations. Using
the dominant clusters from both full and forcing DA outcomes, the
acceptable level of uncertainty for the input forcing variables are
validated by finding the overlapping decision space between the
two sets of dominant clusters.

The validation of the acceptable uncertainty bound is presented
in Fig. 7, showing the overlapping decision space for input forcing
variables. The degree of overlap between the two sets of dominant
clusters indicates the level of validity for the individual variables,
with 100% overlap meaning the highest validity and 0% indicating
the lowest validity. A variable with an invalid uncertainty bound
means that no consistent subset of the model decision space has
been found and that random subsets are equally capable of hav-
ing the most influence on the output soil moisture. Shortwave and
longwave radiations have 100% validity, with the lowest overlap
area obtained in air pressure with 4% validity. Among all seven in-
put forcing variables, only air pressure and specific humidity were
deemed invalid based on their overlapping area in decision space.
The remaining five forcing variables have an overlapping area of
about 85% and were satisfactorily deemed valid. Overall, the valida-
tion results show that the acceptable uncertainty bound estimated
for the five forcing variables are considered reliable for the JULES
model in this study area.
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(b) Coverage of dominance cluster for full data assimilation

Fig. 5. Dominant cluster and its corresponding coverage for individual model decision variables obtained from full DA output.

4.2.2. Genome-wide association - dominant pathway

By definition, genome-wide association examines the interac-
tions and relationships between model decision variables and their
collective response in phenotype space. A similar approach is em-
ployed here with some modifications. To determine optimal soil
moisture in phenotype space across several time periods, changes
were made in genotype space by evaluating several pathways in
model decision space. Given the operating uncertainties in obser-
vation and model estimation, the optimal soil moisture is mostly
definitive and was achieved by finding distinct pathways in model

decision space. As a result, the objective here was to find those
model decision pathways that are persistent across several time
periods. The genome-wide evaluation focuses on the interactions
between model decision variables, their temporal evolution, and
determination of temporally stable pathways in genotype space.
The genome-wide association was examined by using the proce-
dure in Section 2.4 to determine the dominant pathway for model
decision variables. The dominant pathway is the persistent path-
way frequently chosen in model decision space to produce com-
petitive soil moisture across several time periods.
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(b) Coverage of dominant cluster for forcing data assimilation

Fig. 6. Dominant cluster and its corresponding coverage for individual model decision variables obtained from forcing DA output.
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Fig. 7. Validation of acceptable uncertainty bound based on gene expression showing the overlapping decision space for input forcing variables.
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Fig. 8. Dominant pathway model decision variables obtained independently for full DA and forcing DA outputs.

The dominant pathways obtained independently for the full
DA and forcing DA outputs are presented in Fig. 8. In the full
DA output, the range between the minimum and maximum val-
ues of the dominant pathway in relation to the model ensemble
is about 22%. That is, the dominant pathway reduced the entire
model decision space by 78%. The corresponding coverage of the
dominant pathway was determined to be 30%, based on an op-
timal number of seven cluster groups. From the forcing DA out-
put, it was found that the range between the minimum and max-
imum values of the dominant pathway in relation to the model
ensemble range was about 30%, representing a 70% reduction of
the entire model decision space. The significance of this reduc-
tion was measured by the overall coverage, which was deter-
mined to be about 30%, based on an optimal number of 8 cluster
groups.

The dominant pathway obtained from the forcing DA output is
the acceptable forcing data uncertainty, representing the minimum
inaccuracy within which to obtain competitive soil moisture es-
timation without a significant deterioration in accuracy from the
JULES model. This acceptable uncertainty bound was validated by
comparison against the dominant pathway obtained from the full
DA output. The validation of the acceptable uncertainty bound is
presented in Fig. 9, showing the overlapping decision space for in-
put forcing variables. Rainfall and air temperature have 100% valid-
ity (i.e., full overlap area), with the lowest overlap area obtained in
specific humidity with 56% validity. All the forcing variables have
an overlapping area of about 82% and were satisfactorily deemed
valid. Overall, the validation results show that the acceptable un-
certainty bound estimated for all forcing variables are reliable for
the JULES model in this study area.



34 G. Dumedabh, J.P. Walker / Advances in Water Resources 101 (2017) 23-36

- | = =original bound [ Full DAl Forcing DA
©
e
o)
-+
£ 0.05+ 1
v
)
8
S or ]
ey
2
£
o -0.05 | 1
_
©
o

R mierdieneniireinil v i Sra S

Q- Q- O Q< (\b 9(9 ((\
@Q\ \s\ (@ &0,((\ \‘\\ <0 QQ\
)

Fig. 9. Validation of acceptable uncertainty bound based on genome-wide association showing the overlapping decision space for input forcing variables.

5. Implication of findings and conclusion

This study has quantified the acceptable uncertainty needed in
the JULES model to provide optimal soil moisture without a sig-
nificant deterioration in the model estimation accuracy. To achieve
this, two assimilation approaches were undertaken: full DA which
used both model parameters and forcing variables, and forcing
DA which used only forcing variables in the assimilation pro-
cedure with the model parameter values obtained through cal-
ibration. Both full DA and forcing DA were used to assimilate
soil moisture into the JULES model. When model outputs from
full DA and forcing DA were evaluated against surface and root-
zone in-situ soil moisture, the forcing DA output was found to
be superior at the surface but had similar accuracy as those
from the full DA output at the root-zone. That is, the advan-
tages of the forcing DA output were limited to the surface soil
moisture at 5 cm and 15 cm soil depths. It is noteworthy that
the high performance of the forcing DA does not suggest that
changing of model parameter values is unnecessary. Rather, it
reinforces the impact of having an adequate model parameter
space, which was predetermined through the model calibration
procedure.

The acceptable uncertainty was determined through a hydro
genomic mapping, with the objective to find persistent common-
alities in model decision space across several time periods. The
evaluation focused on individual model decision variables to de-
termine the dominant cluster, and the interaction between model
decision variables to determine the dominant pathway. From the
model viewpoint, the interaction between the model decision vari-
ables is the major influence on soil moisture estimation. That is,
the dominant pathway is more meaningful to the model in repli-
cating the soil moisture output. Nevertheless, the dominant clus-
ter for each variable is crucial to better understand the subset of
the model decision space which bears the most influence on the
output soil moisture. As a result, the acceptable uncertainty bound
was determined using both dominant cluster and dominant path-
way procedures, with the later being more consequential in terms
of the model and the output soil moisture.

The acceptable uncertainty determined from the forcing DA
output were validated with outputs from the full DA. Based on re-
sults from the dominant cluster, five out of seven forcing variables
were valid with only two variables not valid; air pressure and spe-

cific humidity. The condition of validity was based on the persis-
tence of a subset of the model decision space across several time
periods. A variable with an invalid uncertainty bound means that
the representation of the variable in the model is not consistent in
the context of the area and time period of study. In the dominant
pathway, the findings from the validation showed that all the forc-
ing variables are reliable and are considered temporally stable to
provide optimal soil moisture estimate.

These findings have important implications on soil moisture as-
similation and general environmental estimation from land surface
and hydrological models. The findings show that the input forc-
ing data have significant impact on model output, 35% in RMSE
for 5 cm depth of soil moisture and 15% in RMSE for 15 cm depth
of soil moisture. While the impact of input forcing data on model
output has been widely recognized, this specific quantification is
most crucial to illustrate its exact significance. In terms of assimila-
tion procedures, the exact bound of acceptable uncertainty demon-
strate the limits in model decision space beyond which ensemble
members should be generated to be considered unique. That is,
ensemble members which are generated within the limits of ac-
ceptable uncertainty cannot be considered differentiable based on
this knowledge of inaccuracies in model decision space. This is cru-
cial in DA in order to account for uncertainties that are meaningful
from the model standpoint.

The acceptable uncertainty has practical significance in all types
of environmental modeling. Knowledge of the acceptable uncer-
tainty gives confidence about the reliability of the model in terms
of its performance under different hydro-meteorological conditions
and time periods. Because no output from a model is free from er-
ror, the knowledge of acceptable uncertainty will lead to a better
interpretation of model outcomes. Notably in environmental fore-
casting it is crucial to know the level of changes in individual forc-
ing variables that can trigger a rapid response/change in the model
prediction. For operational prediction, the derived acceptable un-
certainty for a specific model can be applied to model predictions
in the future. That is, the acceptable uncertainty will help model
users and forecasters to account for known model behavior and to
better interpret their model outputs. Being a consequence of model
behavior, the acceptable uncertainty points to specific parts of the
model that need verification to ensure that their intended behavior
are satisfactory under different modeling conditions. As a result,
the acceptable uncertainty will provide invaluable information to
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model developers in their effort to fine-tune the inaccurate parts
of the model.

It is also important to emphasize the novelty in our model-
ing paradigm. To study the model behavior, this approach took
the land surface model as a whole with no assumption of its er-
roneous parts. The resulting genomic-like data were examined to
de-construct the model decision space through gene expression
and genome-wide association. As a result, the modeling approach
accommodates different model configurations including the con-
ceptual physical structure or the conceptual process structure, de-
terministic, stochastic, and empirical model structures. This proce-
dure of de-construction of the model decision space is suitable for
model inter-comparison studies and for the examination of alter-
native modeling procedures, for example, the evaluation of wa-
ter infiltration rate by either Richards’ equation (Richards, 1931)
or Green-Ampt method (Green and Ampt, 1911) in different wa-
tersheds.

It is important to highlight the implication of the modeling
approach used in this study and the findings. The study exam-
ined the behavior of the JULES model under soil moisture estima-
tion scenario by analyzing genomic-like data using gene expres-
sion and genome-wide association methods. The genomic-like data
were generated through the EDA approach, which can be under-
taken for any land surface or hydrological model. As a result, the
entire modeling approach can be adapted to any land surface and
hydrological models for any given study area. However, the find-
ings obtained in this study are specific to the JULES model, the
study area, and the time period of study. The behavior of the JULES
model in relation to its inputs and outputs found in this study will
need to be examined in other study areas in order to generalize
these findings. Nevertheless, this study points to a definitive ap-
proach to assess model behavior by evaluating different parts of
the model, their individual expression, their interaction, and sub-
sequent contribution to the model output.

Moreover, the findings illustrate the potential of the hydro ge-
nomic mapping, with this study demonstrating two of its deriva-
tives; dominant cluster and dominant pathway, employed to deter-
mine the acceptable uncertainty for input forcing variables. The hy-
dro genomic mapping has been undertaken through gene expres-
sion and genome-wide association analysis, which together provide
new insight into the behavior of the JULES model. The demon-
strated approach provides a definitive framework to assess the spe-
cific impact from different model components in general land sur-
face and hydrological model estimation. The hydro genomic ap-
proach focus on mappings in model decision space from which a
better understanding of the model, and its inputs and outputs can
be made. Consequently, there is a need to find other derivatives
of the hydro genomic mapping in order to construct a more thor-
ough understanding of the land surface model, and its inputs and
outputs.

Acknowledgments

This research was supported by funding from the Australian Re-
search Council (DP0879212). The authors wish to thank Frank Win-
ston for his immeasurable work in the field from which the in-situ
soil moisture data were obtained. The authors wish to thank the
anonymous reviewers for their comments.

References

Alemohammad, S.H., McLaughlin, D.B., Entekhabi, D., 2015. Quantifying precipitation
uncertainty for land data assimilation applications.. Mon. Weather Rev. 143 (8),
3276-3299. http://dx.doi.org/10.1175/MWR-D-14-00337.1.

Bekele, E.G., Nicklow, J.W., 2007. Multi-objective automatic calibration of SWAT us-
ing NSGA-IL J. Hydrol. 341, 165-176.

Best, MJ., Pryor, M., Clark, D.B., Rooney, G.G., Essery, R.LH. Mnard, C.B. Ed-
wards, .M., Hendry, M.A., Porson, A. Gedney, N., Mercado, L.M., Sitch, S.,
Blyth, E., Boucher, O., Cox, PM., Grimmond, C.S.B., Harding, RJ., 2011. The joint
UK land environment simulator (JULES), model description - part 1: energy and
water fluxes. Geosci. Model Dev. Discuss. 4, 595-640. http://dx.doi.org/10.5194/
gmdd-4-595-2011.

Beven, K., 2001. Rainfall Runoff Modelling The Primer. John Wiley and Sons Ltd,
Chichester, West Sussex, England.

Beven, K., Binley, A.M., 1992. The future of distributed models: model calibration
and uncertainty prediction. Hydrol. Process. 6, 279-298. http://dx.doi.org/10.
1002/hyp.3360060305.

Clark, M.P, Slater, A.G., Barrett, A.P,, Hay, L.E., McCabe, GJ., Rajagopalan, B., Leaves-
ley, G.H., 2006. Assimilation of snow covered area information into hydrologic
and land - surface models. Adv. Water Resour. 29 (8), 1209-1221. http://dx.doi.
org/10.1016/j.advwatres.2005.10.001.

Confesor, R.B., Whittaker, G.W., 2007. Automatic calibration of hydrologic models
with multi-objective evolutionary algorithm and pareto optimization. ]. Am.
Water Resour. Assoc. 43 (4), 981-989.

Corne, D.W., Jerram, N.R., Knowles, ].D., Oates, M.J., 2001. PESA-II: Region-based
Selection in Evolutionary Multiobjective Optimization.. In: Spector, L., Good-
man, E., Wu, A, Langdon, W.B., Voigt, H.-M., Gen, M., Sen, S., Dorigo, M,
Pezeshk, S., Garzon, M.H., Burke, E. (Eds.), Genetic and Evolutionary Computa-
tion Conf. Morgan Kaufmann, San Francisco, California, USA, pp. 283-290.

De Lannoy, G.J.M., Houser, PR., Pauwels, V.RN., Verhoest, N.E.C., 2006. Assessment
of model uncertainty for soil moisture through ensemble verification. ]J. Geo-
phys. Res. 111 (D10). http://dx.doi.org/10.1029/2005]D006367.

Dear, P.H., 1997. Genome mapping: A practical approach. In: IRL Press, Oxford. Prac-
tical Approach Series, vol. 184, p. 396. 978-0-19-963630-3

Dear, P.H., 2001. Genome mapping. In eLS http://dx.doi.org/10.1038/npg.els.0001467.

Deb, K., Pratap, A., Agrawal, S., Meyarivan, T., 2002. A fast and elitist multiobjective
genetic algorithm: NSGA-IIL IEEE Trans. Evol. Comput. 6 (2), 182-197. http://dx.
doi.org/10.1109/4235.996017.

Dumedah, G., 2012. Formulation of the evolutionary-based data assimilation, and
its practical implementation.. Water Resour. Manage. 26 (13), 1-18. http://dx.
doi.org/10.1007/s11269-012-0107-0.

Dumedah, G., 2015. Toward essential union between evolutionary strategy and data
assimilation for model diagnostics: an application for reducing the search space
of optimization problems using hydrologic genome map. Environ. Modell. Soft-
ware 69, 342-352. http://dx.doi.org/10.1016/j.envsoft.2014.09.025.

Dumedah, G., Berg, A.A., Wineberg, M. 2011. An integrated framework for a
joint assimilation of brightness temperature and soil moisture using the non-
dominated sorting genetic algorithm-II. J. Hydrometeorol. 12 (2), 1596-1609.
http://dx.doi.org/10.1175/JHM-D-10-05029.1.

Dumedah, G., Berg, A.A., Wineberg, M., 2012. Evaluating auto-selection methods
used for choosing solutions from pareto-optimal set: does non-dominance per-
sist from calibration to validation phase? J. Hydrol. Eng. 17 (1), 150-159. http://
dx.doi.org/10.1061/(ASCE)HE.1943-5584.0000389.

Dumedah, G., Berg, A.A., Wineberg, M., 2012. Pareto-optimality and a search for ro-
bustness: choosing solutions with desired properties in objective space and pa-
rameter space. J. Hydroinf. 14 (2), 270-285. http://dx.doi.org/10.2166/hydro.2011.
120.

Dumedah, G., Berg, A.A., Wineberg, M., Collier, R., 2010. Selecting model parame-
ter sets from a trade-off surface generated from the non-dominated sorting ge-
netic algorithm-II. Water Resour. Manage. 24 (15), 4469-4489. http://dx.doi.org/
10.1007/s11269-010-9668-y.

Dumedah, G., Coulibaly, P, 2012. Evolutionary assimilation of streamflow in dis-
tributed hydrologic modeling using in-situ soil moisture data. Adv. Water Re-
sour. 53, 231-241. http://dx.doi.org/10.1016/j.advwatres.2012.07.012.

Dumedah, G., Coulibaly, P.,, 2012. Integration of evolutionary based assimilation into
kalman-type methods for streamflow simulations in ungauged watersheds. J.
Hydrol. 475, 428-440. http://dx.doi.org/10.1016/j.jhydrol.2012.10.033.

Dumedah, G., Coulibaly, P, 2013. Evaluating forecasting performance for data as-
similation methods: the ensemble kalman filter, the particle filter, and the
evolutionary-based assimilation. Adv. Water Resour. 60, 47-63. http://dx.doi.org/
10.1016/j.advwatres.2013.07.007.

Dumedah, G., Walker, J.P., 2014. Assessment of land surface model uncertainty:
a crucial step towards the identification of model weaknesses. ]J. Hydrol. 519,
1474-1484. http://dx.doi.org/10.1016/j.jhydrol.2014.09.015.

Dumedah, G., Walker, J.P., 2014. Intercomparison of the JULES and CABLE land sur-
face models through assimilation of remotely sensed soil moisture in southeast
australia. Adv. Water Resour. 74, 231-244. http://dx.doi.org/10.1016/j.advwatres.
2014.09.011.

Dumedah, G., Walker, J.P,, Merlin, O., 2015. Root-zone soil moisture estimation from
assimilation of downscaled soil moisture and ocean salinity data. Adv. Water
Resour. http://dx.doi.org/10.1016/j.advwatres.2015.07.021.

Durand, M., Margulis, S.A., 2008. Effects of uncertainty magnitude and accuracy on
assimilation of multiscale measurements for snowpack characterization. J. Geo-
phys. Res. 113 (D02105). http://dx.doi.org/10.1029/2007]D008662.

Evensen, G., 2003. The ensemble kalman filter: theoretical formulation and practical
implementation. Ocean Dyn. 53 (4), 343-367.

Fenicia, F, Savenije, H.H.G., Matgen, P, Pfister, L., 2008. Understanding catchment
behavior through stepwise model concept improvement. Water Resour. Res. 44
(W01402). http://dx.doi.org/10.1029/2006 WR005563.

Green, W.H., Ampt, G.A., 1911. Studies on soil physics, 1: the flow of air and water
through soils. J. Agric. Sci. 4, 1-24.


http://dx.doi.org/10.1175/MWR-D-14-00337.1
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0002
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0002
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0002
http://dx.doi.org/10.5194/gmdd-4-595-2011
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0004
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0004
http://dx.doi.org/10.1002/hyp.3360060305
http://dx.doi.org/10.1016/j.advwatres.2005.10.001
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0007
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0007
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0007
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0008
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0008
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0008
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0008
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0008
http://dx.doi.org/10.1029/2005JD006367
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0010
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0010
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0010
http://dx.doi.org/10.1038/npg.els.0001467
http://dx.doi.org/10.1109/4235.996017
http://dx.doi.org/10.1007/s11269-012-0107-0
http://dx.doi.org/10.1016/j.envsoft.2014.09.025
http://dx.doi.org/10.1175/JHM-D-10-05029.1
http://dx.doi.org/10.1061/(ASCE)HE.1943-5584.0000389
http://dx.doi.org/10.2166/hydro.2011.120
http://dx.doi.org/10.1007/s11269-010-9668-y
http://dx.doi.org/10.1016/j.advwatres.2012.07.012
http://dx.doi.org/10.1016/j.jhydrol.2012.10.033
http://dx.doi.org/10.1016/j.advwatres.2013.07.007
http://dx.doi.org/10.1016/j.jhydrol.2014.09.015
http://dx.doi.org/10.1016/j.advwatres.2014.09.011
http://dx.doi.org/10.1016/j.advwatres.2015.07.021
http://dx.doi.org/10.1029/2007JD008662
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0026
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0026
http://dx.doi.org/10.1029/2006WR005563
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0028
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0028
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0028

36 G. Dumedah, J.P. Walker/Advances in Water Resources 101 (2017) 23-36

He, M., Hogue, T.S., Franz, KJ., Margulis, S.A., Vrugt, J.A., 2011. Characterizing param-
eter sensitivity and uncertainty for a snow model across hydroclimatic regimes.
Adv. Water Resour. 34 (1), 114-127. http://dx.doi.org/10.1016/j.advwatres.2010.
10.002.

He, M., Hogue, TS., Margulis, S.A., Franz, KJ., 2012. An integrated uncertainty and
ensemble-based data assimilation approach for improved operational stream-
flow predictions. Hydrol. Earth Syst. Sci. 16 (3), 815-831. http://dx.doi.org/10.
5194/hess-16-815-2012.

Houtekamer, P.L., Mitchell, H.L., 2005. Ensemble kalman filtering. Q. J. R. Meteorolog.
Soc. 131 (613), 3269-3289.

Khu, S.T., Madsen, H., 2005. Multiobjective calibration with pareto preference order-
ing: an application to rainfall-runoff model calibration. Water Resour. Res. 41
(3), W03004.

Knowles, J.D., Corne, D.W., 2000. Approximating the nondominated front using the
pareto archived evolution strategy. Evol. Comput. 8 (2), 149-172.

Liu, Y., Gupta, H.V., 2007. Uncertainty in hydrologic modeling: toward an integrated
data assimilation framework. Water Resour. Res. 43. http://dx.doi.org/10.1029/
2006WR005756.

Lymburner, L, Tan, P, Mueller, N., Thackway, R, Lewis, A. Thankappan, M.,
Randall, L, Islam, A. Senarath, U, 2011. The national dynamic land cover
dataset (DLCD), record 2011/31. Tech. rep.. Geoscience Australia. www.ga.gov.au/
landcover

Maggioni, V., Reichle, R.H., Anagnostou, E.N., 2011. The effect of satellite rainfall er-
ror modeling on soil moisture prediction uncertainty. J. Hydrometeorol. 12 (3),
413-428. http://dx.doi.org/10.1175/2011JHM1355.1.

Mantovan, P, Todini, E., 2006. Hydrological forecasting uncertainty assessment: in-
coherence of the glue methodology. J. Hydrol. 330, 368-381. http://dx.doi.org/
10.1016/j.jhydrol.2006.04.046.

McKenzie, N., Jacquier, D. Ashton, L, Cresswell, H. 2000. Estima-
tion of soil properties using the atlas of australian soils. Tech.
rep., CSIRO Land and Water. Technical Report 11/00. Available from
http://www.clw.csiro.au/publications/technical2000/

Moradkhani, H., Hsu, K., 2005. Uncertainty assessment of hydrologic model states
and parameters: sequential data assimilation using the particle filter. Water Re-
sour. Res. 41 (W05012). http://dx.doi.org/10.1029/2004WR003604.

Nagler, T, Rott, H., Malcher, P, Mller, F., 2008. Assimilation of meteorological and
remote sensing data for snowmelt runoff forecasting. Remote Sens. Environ. 112
(4), 1408-1420. http://dx.doi.org/10.1016/j.rse.2007.07.006.

Raleigh, M.S., 2013. Quantification of Uncertainties in Snow Accumulation,
Snowmelt, and Snow Disappearance Dates. University of Washington, 225
Schmitz Hall, Campus Box 355850, Seattle, WA 98195-5850, USA Phd thesis.

Reichle, R.H., 2008. Data assimilation methods in the earth sciences. Adv. Water
Resour. 31 (11), 1411-1418.

Richards, L., 1931. Capilliary conduction of liquids through porous mediums. Physics
1, 318-333.

Salamon, P.,, Feyen, L., 2009. Assessing parameter, precipitation, and predictive un-
certainty in a distributed hydrological model using sequential data assimilation
with the particle filter. J. Hydrol. 46 (3-4), 428-442. http://dx.doi.org/10.1016/j.
jhydrol.2009.07.051.

Schdr, C, Vasilina, L., Pertziger, F., Dirren, S., 2004. Seasonal runoff forecasting using
precipitation from meteorological data assimilation systems. J. Hydrometeorol. 5
(5), 959-973. http://dx.doi.org/10.1175/1525-7541(2004)0050959: SRFUPF2.0.CO;
2.

Seibert, J., 1997. Estimation of uncertainty in the hbv model. Nordic Hydrol. 28,
247-262.

Smith, A.B., Walker, ]J.P., Western, A.W., Young, R, Ellett, KM., Pipunic, R.C,
Grayson, R.B., Siriwardena, L., Chiew, EH.S., Richter, H., 2012. The murrumbidgee
soil moisture monitoring network data set. Water Resour. Res. 48 (W07701).
http://dx.doi.org/10.1029/2012WR011976.

Steinschneider, S., Polebitski, A., Brown, C., Letcher, B.H., 2012. Toward a statisti-
cal framework to quantify the uncertainties of hydrologic response under cli-
mate change. Water Resour. Res. 48 (11), W11525. http://dx.doi.org/10.1029/
2011WRO011318.

Thorndike, R.L., 1953. Who belong in the family? Psychometrika 18 (4).

Troch, PA., Martinez, G.F, Pauwels, V.R.N., Durcik, M., Sivapalan, M., Harman, C.,
Brooks, P.D., Gupta, H., Huxman, T., 2009. Climate and vegetation water use ef-
ficiency at catchment scales. Hydrol. Process. 23 (16), 2409-2414. http://dx.doi.
0rg/10.1002/hyp.7358.

Uhlenbrook, S., Seibert, J., Leibundgut, C., Rohde, A., 1999. Prediction uncertainty
of conceptual rainfall-runoff models caused by problems in identifying param-
eters and structure. Hydrol. Sci. ]J. 44 (5), 779-797. http://dx.doi.org/10.1080/
02626669909492273.

Vrugt, J.A., Robinson, B.A., 2007. Treatment of uncertainty using ensemble methods:
comparison of sequential data assimilation and bayesian model averaging. Wa-
ter Resour. Res. 43 (1). http://dx.doi.org/10.1029/2005WR004838.

Vrugt, J.A., Willem, B., Gupta, H.V., Sorooshian, S., 2002. Toward improved identifia-
bility of hydrologic model parameters: the information content of experimental
data. Water Resour. Res. 38 (12). http://dx.doi.org/10.1029/2001WR001118.

Wagener, T, McIntyre, N., Lees, M.J., Wheater, H.S., Gupta, H.V., 2003. Towards re-
duced uncertainty in conceptual rainfall-runoff modelling: dynamic identifiabil-
ity analysis. Hydrol Process 17, 455-476. http://dx.doi.org/10.1002/hyp.1135.

Weerts, A.H., El Serafy, G.Y.,, Hummel, S., Dhondia, ]J., Gerritsen, H., 2010. Applica-
tion of generic data assimilation tools(datools) for flood forecasting purposes.
Comput. Geosci. 36 (4), 453-463. http://dx.doi.org/10.1016/j.cageo.2009.07.009.

Wojcik, R., Alemohammad, S.H., Entekhabi, D., 2014. Ensemble-based character-
ization of uncertain environmental features. Adv. Water Resour. 70, 36-50.
http://dx.doi.org/10.1016/j.advwatres.2014.04.005.

Zehe, E., Becker, R., Bardossy, A., Plate, E., 2005. Uncertainty of simulated catchment
runoff response in the presence of threshold processes: role of initial soil mois-
ture and precipitation. J. Hydrol. 315 (1-4), 183-202. http://dx.doi.org/10.1016/].
jhydrol.2005.03.038.

Zitzler, E., Laumanns, M., Bleuler, S., 2004. A tutorial on evolutionary multiobjective
optimization. In: Gandibleux, X. (Ed.), Metaheuristics for Multiobjective Optimi-
sation. Lecture Notes in Economics and Mathematical Systems. Springer.

Zitzler, E., Laumanns, M., Thiele, L., 2001. Improving the Strength Pareto Evolution-
ary Algorithm. TIK-Report 103, Swiss Fed. Inst. Technol., Zurich, Switzerland.

Zitzler, E., Thiele, L., 1999. Multiobjective evolutionary algorithms: a comparative
case study and the strength pareto approach. Evol. Comput. IEEE Trans. 3 (4),
257-271.


http://dx.doi.org/10.1016/j.advwatres.2010.10.002
http://dx.doi.org/10.5194/hess-16-815-2012
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0031
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0031
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0031
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0032
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0032
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0032
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0033
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0033
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0033
http://dx.doi.org/10.1029/2006WR005756
http://www.ga.gov.au/landcover
http://dx.doi.org/10.1175/2011JHM1355.1
http://dx.doi.org/10.1016/j.jhydrol.2006.04.046
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0038
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0038
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0038
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0038
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0038
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0038
http://dx.doi.org/10.1029/2004WR003604
http://dx.doi.org/10.1016/j.rse.2007.07.006
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0041
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0041
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0042
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0042
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0043
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0043
http://dx.doi.org/10.1016/j.jhydrol.2009.07.051
http://dx.doi.org/10.1175/1525-7541(2004)0050959:SRFUPF2.0.CO;2
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0046
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0046
http://dx.doi.org/10.1029/2012WR011976
http://dx.doi.org/10.1029/2011WR011318
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0049
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0049
http://dx.doi.org/10.1002/hyp.7358
http://dx.doi.org/10.1080/02626669909492273
http://dx.doi.org/10.1029/2005WR004838
http://dx.doi.org/10.1029/2001WR001118
http://dx.doi.org/10.1002/hyp.1135
http://dx.doi.org/10.1016/j.cageo.2009.07.009
http://dx.doi.org/10.1016/j.advwatres.2014.04.005
http://dx.doi.org/10.1016/j.jhydrol.2005.03.038
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0058
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0058
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0058
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0058
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0059
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0059
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0059
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0059
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0060
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0060
http://refhub.elsevier.com/S0309-1708(17)30005-2/sbref0060

	Assessment of model behavior and acceptable forcing data uncertainty in the context of land surface soil moisture estimation
	1 Introduction
	1.1 Study area, data sets, and the land surface model

	2 Methods
	2.1 Evolutionary strategy
	2.2 Calibration procedure
	2.3 Overall data assimilation procedure
	2.3.1 Data assimilation using both model parameters and forcing variables
	2.3.2 Data assimilation using forcing variables only

	2.4 Assessment of values in model decision space

	3 Setup of model, calibration and data assimilation runs
	4 Results and discussion
	4.1 Evaluation in phenotype space - soil moisture output
	4.2 Evaluation in genotype space - model decision variables
	4.2.1 Gene expression - dominant cluster
	4.2.2 Genome-wide association - dominant pathway


	5 Implication of findings and conclusion
	 Acknowledgments
	 References


