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ABSTRACT
Floods are among the most important natural disasters in Australia. The average
annual cost of floods in the last 40 years has been estimated to amount to $377 million,
with the 2010-2011 Brisbane and South-East Queensland floods alone leading to $2.38
billion in economic damage, and 35 confirmed deaths. Flood forecasting systems are
the most important tools to limit this damage, but are prone to a considerable degree
of uncertainty.
During the last decades, significant research focusing on the monitoring of the global
water cycle through satellite remote sensing has been performed. The strength of
remote sensing is the opportunity to provide information at large spatial scales,
including areas that are difficult or impossible to monitor using on-ground techniques.
For these reasons it is believed that the use of remote sensing data can improve the
quality of operational flood forecasts.
Operational flood forecasting systems typically consist of a hydrologic model, which
estimates the amount of water entering a river system, and a hydraulic model, which
models the flow of water inside the river system. However, hydrological and hydraulic
models are prone to a significant degree of uncertainty and error, caused by errors
and uncertainties in the initial conditions, meteorological forcing data, topographic
data, and model errors and/or oversimplification (Li et al., 2016; Grimaldi et al., 2016).
In order to reduce this predictive uncertainty, we propose to constrain the models
using remote sensing data. In particular, remotely sensed soil moisture data are being
used to improve the hydrologic model results, while remotely sensed water levels
and/or flood extent data can be used to support the hydraulic model
implementation, calibration and real time constraint.
The project focusses on two test sites, the Clarence River in New South Wales and the
Condamine-Balonne River in Queensland. Figure 1 shows an overview of these test
sites.
Initial catchment soil moisture plays an important role in controlling runoff generation
and infiltration processes, which consequently impact streamflow forecasting. Recent
development in remote sensing techniques provide a new potential to monitor
spatially distributed surface soil moisture. As a result, soil moisture assimilation for flood
forecasting has been a hot research topic in the resent years. The ensemble Kalman
filter (EnKF) has been widely used for soil moisture assimilation by the scientific and
operational communities, due to its relatively satisfactory efficacy and efficiency.
However, one of the challenge is that streamflow forecasts are calculated not only
from current states, but also from antecedent states in many hydrologic models, while
the EnKF updates the current states only, and so may not achieve an optimal
performance. As an alternative, assimilation of surface soil moisture by the ensemble
Kalman smoother (EnKS) has been demonstrated to give better soil moisture reanalysis
(Dunne et al., 2006). Nevertheless, the impact of the EnKS-based soil moisture
assimilation on flood forecasting remains a research question.
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FIGURE 1. OVERVIEW OF THE TEST SITES. TOP LEFT HAND SIDE: LOCATION OF THE CLARENCE RIVER BASIN. TOP RIGHT
HAND SIDE: DETAILED OVERVIEW OF THE CLARENCE RIVER BASIN. BOTTOM LEFT HAND SIDE: LOCATION OF THE
CONDAMINE-BALONNE RIVER BASIN. BOTTOM RIGHT HAND SIDE: DETAILED OVERVIEW OF THE CONDAMINE-BALONNE
RIVER BASIN.

In this study, the EnKF and EnKS were compared through a synthetic soil moisture
assimilation experiment in the Warwick catchment, an upstream catchment in the
Condamine-Balonne River Basin. A two-soil-layer conceptual hydrologic model,
GRKAL, was adopted in this study. The model parameters were estimated through a
joint calibration approach using gauged discharge and remotely sensed soil moisture,
prior to the data assimilation experiment. The joint calibration was demonstrated to
lead to a better match between observed and simulated surface soil moisture without
degrading the predictability of streamflow, compared to the traditional streamflow
calibration approach.
The synthetic true soil moisture and streamflow were generated by running the model
with errors imposed to the input rainfall and the two simulated soil moisture states. The
rainfall error was assumed to follow a lag-one autoregressive multiplicative lognormal
distribution. The soil moisture errors were assumed to follow Gaussian distributions
truncated by the boundaries of the two soil moisture states. The synthetic remotely
sensed soil moisture was generated at 6 AM everyday (i.e., under the assumption that
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only one image per day is available) by adding an observational Gaussian error to
the synthetic true surface soil moisture. The synthetic true surface soil moisture was
assimilated into the open loop model and the results were evaluated by the synthetic
truth.
The data assimilation experiment was conducted from Jan 2012 – June 2014. Figure 1
shows a flood event in 2013. It can be seen that both the EnKF and EnKS reduce the
ensemble spread compared to the open loop. The flood peak is overestimated by
the open loop model according to the ensemble mean, and this overprediction is
reduced by the EnKF and EnKS. Comparing the EnKF and EnKS, it can be seen that
the EnKS provides more accurate streamflow predictions immediately after data
assimilation, compared to the EnKF. This is because the smoothing method can
address errors in antecedent state variables more thoroughly and the improvement
in antecedent state variable analysis can be further propagated to the streamflow
forecasts through the routing process. Nevertheless, the difference between the EnKF
and EnKS becomes less significant with the increase of the forecast lead time. This can
be explained by the fact that the benefit of updating antecedent states has a
decreased impact with the increase of the lead time. When the forecast lead time is
longer than the catchment concentration time, the EnKF and EnKS should
theoretically give equivalent forecasts as the antecedent states will not be used in
streamflow calculation.

FIGURE 2. MODEL PREDICTIONS BEFORE AND AFTER DATA ASSIMILATION. THIS IS AN EXAMPLE FLOOD EVENT IN 2013.

The hydraulic model is based on LISFLOOD-FP (Bates et al., 2010) and it uses the finite
difference method to solve the inertial approximation of the shallow water
equations.
Accurate modelling of river flow dynamics is essential to simulate floodplain
inundation. Bathymetric data are thus critical to the application of hydraulic models.
However, it is impossible to measure river bathymetry along the total river length,
especially in large basins. While river width can generally be retrieved from space,
river depth and channel shape cannot be systematically observed remotely. Where
channel geometry is unknown, channel shape, depth, and friction can be estimated
through calibration, but different parameter sets can often map model predictions
to the observed data generating an equifinality problem. Conversely, even an
approximated knowledge of river bathymetry can provide a more robust model
setup.
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Bathymetric data were available for ~80% of the total modelled length of the
Clarence River. This peculiarly data rich case study provided the opportunity to
investigate (1) the level of geometrical complexity required for the representation of
river bathymetry in hydraulic flood forecasting models; (2) the definition of a data
parsimonious methodology for the representation of river bathymetry in many data
scarce catchments in Australia and worldwide.
A number of simplified geometrical models of river bathymetry were derived from
cross sections sampled along the Clarence River. These simplified geometrical
models had to be data-parsimonious. That is, each geometrical model was built
from the combination of a limited number of measured cross sections selected from
the complete field database, a global database and remote sensing data of river
width.
The effectiveness of the proposed simplified geometrical models for flood prediction
was tested using a numerical experiment. A high resolution model realization based
on all available bathymetric field data was considered as truth. Subsequently, each
simplified geometrical model of river shape was embedded into LISFLOOD-FP and
the results compared against “true” water level hydrographs and maps of flood
extent and levels. Based on this analysis, a data-parsimonious methodology for the
definition of an effective river bathymetry representation in medium to high
resolution raster-based flood forecasting hydraulic models was derived. A
rectangular, width-varying shape was identified as the most effective simplified
geometrical model, with width values derived from remote-sensing data; depth
values assessed using a combination of global database and limited field data.
Alternatively, an exponential cross section shape could be used; shape, depth and
width were estimated using a combination of a global database and limited field
data.

FIGURE 3. CLARENCE RIVER, EXAMPLE OF CROSS SECTION. BLUE: FIELD DATA; MAGENTA: BANKFULL LEVEL; RED:
RECTANGULAR SIMPLIFIED GEOMETRY; GREEN: EXPONENTIAL SIMPLIFIED GEOMETRY.
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