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EXECUTIVE SUMMARY 

As part of a seamless water service: the Australian Water Outlook (AWO), the Bureau of 
Meteorology provides a set of future projections, the National Hydrological Projections (NHP), to 
understand impacts of climate change on water. Where AWO provides historical to near-real time 
hydrological monitoring, seasonal forecasts and long-term projections, producing water resource 
information at multiple timescales. The NHP service provides data and an understanding of 
plausible future key water balance components across the continent. The data is produced via a 
modelling chain which starts with selecting representative concentration pathways (RCPs) as well 
as CMIP5 Global Climate Models (GCMs) and a Regional Climate Model (RCM) and using their 
daily climate fields as a re-gridded and bias corrected dataset to run with the Bureau’s operational 
hydrological model, The Australian Water Resources Assessment Landscape model, AWRA-L 
v6.1. An understanding of the sources and influences of uncertainty in the National Hydrological 
Projection modelling chain helps to assess robustness and reliability for hydro-climatic impact 
analysis.     

This report focusses on the uncertainties associated with the hydrological part of the NHP modelling 
chain. However, previous studies have shown that the uncertainty in hydrological modelling is not 
the largest contributor of the overall uncertainty in the projections modelling chains, as other 
uncertainties for example, the uncertainties associated with future greenhouse gas emissions or the 
climate models themselves are comparably larger (Bosshard et al., 2013; Dobler et al., 2012; 
Giuntoli et al., 2015; Joseph et al., 2018). 

Australia has distinct hydro-climate regions, where hydrological responses and flow regimes 
depend on many physio-geographic characteristics including climate conditions, topographic 
features, and land use. To model these interdependencies, the AWRA-L model has been developed 
in collaboration between CSIRO and the Bureau to provide gridded hydrological states and fluxes 
nationally at a 5×5km grid resolution. AWRA-L v6.1, used in this study, showed overall 
improvements over the previous versions of AWRA-L for daily streamflow Nash-Sutcliffe 
Efficiency (NSE) and bias, root zone soil moisture as well as correlations between daily and 
monthly evapotranspiration (ET) and recharge against all components of the water balance (Frost 
and Wright, 2018). In addition, AWRA-L v6.1 has also been shown to reproduce long-term, post 
1960 trends in in runoff adequately (Wasko et al., 2021). 

In this report, we detail the different uncertainties from the hydrologic simulations in the context of 
these variations. We base our analysis on 8 groups or clusters of the Natural Resource Management 
(NRM) regions that are aggregated according to differences in climate, land cover and topography 
across Australia. These regions have been previously used by the Climate Change in Australia 
initiative (CCiA). To date, CCiA provided the most comprehensive, robust, and scientific 
information on future climate changes for Australia. Projected changes in climate variables, 
stemming from a smaller ensemble of CMIP5 climate models which represent the Australian 
climate, have been described in detail in the individual 8 CCiA cluster reports (Whetton et al., 
2015).  

To understand the most influential sources of error in the hydrological modelling part of the 
modelling chain, this hydrological modelling uncertainty report investigates i) the combination of 
errors in model input, model structure and model parameterisation and ii) the parametric uncertainty 
in isolation. AWRA-L's ability to simulate hydrologic variables across the 8 clusters of NRM 
regions was determined by a set of metrics representing precision and reliability. Reliability in this 
report is defined as building a set of simulations that are close to one another in terms of goodness 
of fit. The precision of simulations in this study is represented by how much the results deviate 
from observed values. The parametric uncertainty was determined via a Pareto front of optimal 
solutions where optima are compared across water balance components: runoff, actual 
evapotranspiration (ET) and soil moisture, generated by the Borg multi-objective evolutionary 
algorithm (Hadka et al., 2012). A 66-member Pareto front was used to generate an ensemble of 
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optimal solutions, which were examined for percentage of coverage, Nash-Sutcliffe Efficiency, 
relative bias and coefficient of variation, to test both precision and reliability. Monthly simulated 
runoff, ET and Terrestrial Water Storage (TWS is defined as the sum of all modelled surface water 
storages, including water storages in different soil layers, groundwater storage in unconfined 
aquifers, and volume of water in the surface water store) was used to assess the magnitude of 
uncertainty of AWRA-L's ability to simulate hydrological key variables for the eight CCiA cluster 
regions. Each region is represented by a unique number of AWRA-L evaluation catchments and 
within different climatic and topographic features.  

The parametric uncertainty results based on the coefficient of variation showed that the highest 
uncertainty relates to the parameters influencing the i) canopy storage for the shallow rooted 
vegetation, ii) photosynthetic capacity to maximum stomatal conductance for deep rooted 
vegetation and iii) parameters with key roles in simulating baseflow and drainage from the top-soil 
layer. Since most of the continent is covered by shallow rooted vegetation represented by small 
values of leaf area index, the canopy storage and deep-rooted vegetation stomatal conductance does 
not have significant effect on the hydrological simulations, despite their high uncertainty. The 
uncertainties associated with the parameters of baseflow, and top-soil drainage adversely affect the 
reliability and precision of the simulations for regions that are influenced by dominant baseflow 
contributions.  

The combined uncertainty results show that the reliability and precision metrics have 
interdependencies. Interdependencies between metrics are important because they reveal trade-offs 
between reliability and precision. When investigating precision versus reliability, the strongest 
correlation was between relative bias and coefficient of variation. For future studies, joint 
application of these metrics is suggested to provide a holistic assessment on the uncertainty of the 
hydrological models. 

In summary, results of our analysis show that AWRA-L v6.1 is able to simulate hydrological 
dynamics for all the regions satisfactorily. However, there are regional differences in AWRA-L's 
ability to simulate certain hydrological key processes (Table 1).  

Table 1-The reliability and precision results for each region (using the catchment median value) 

NRM Cluster 

Reliability Precision 

Comment 
Relative Bias 

Percentage 
of 

Coverage* 

Nash-
Sutcliffe 

Efficiency  

Coefficient of 
Variation 

Value of 0.0 
equals no bias 

Value of 
1.0 equals 
complete 
coverage 

Value of 
1.0 equals 

best 
possible 

skill 

Value of 0.0 
equals 

completely 
invariant 

Overall assessment: Percentage of Coverage 
values are generally low (maximum around 

0.3), For the trade-off between the metrics, the 
Relative Bias and Coefficient of Variation has 

the strongest mutual correlation 

Wet Tropics 
Minimum of all 

regions 
~0.2 >0.7 

Maximum of 
all regions  

Overall high reliability and precision  
East Coast 

Negative bias 
<|0.3| 

 ~0.2  >0.7  ~0.15 

Southern Slopes 
Negative bias > 

|0.3| 
 ~0.2  >0.7  ~0.15 

Monsoonal 
North 

< |0.3| ~ 0.2 > 0.6 ~ 0.15 Overall moderate performance 

Central Slopes < |0.3| ~ 0.15 <0.6 > 0.25 
Modelling challenges: Dominance of non-
perennial streams, and high dependency to 

baseflow and baseflow 

Murray Basin ~ 0.5 ~0.15 > 0.6 ~ 0.15 
Modelling challenges: High dependency to 

baseflow 
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Southern and 
South-Western 

Flatlands 
> 1 

Maximum 
of all 

regions 
<0.6 >0.25 

Modelling challenges: high flashiness** and 
systematic elimination of the majority of its 
catchments through the calibration process 

Rangelands > 1 
Minimum 

of all 
regions 

<0.5 
Minimum of 
all regions 

Modelling challenges: Low number of 
evaluation catchments, dominance of non-
perennial streams, and high dependency to 

baseflow  
 

* POC computes the proportion of observations between 95th percentile upper and lower bounds of the Pareto solutions. 

** High frequency and rapidity of short-term changes in stream flow in response to storm events 

In terms of regional differences, the Southern Slopes, Wet Tropics and East Coast regions are 
amongst the most accurate and reliable regions in terms of runoff simulation, with the lowest 
uncertainty for modelling ET and TWS. One factor that considerably reduces uncertainty is number 
of evaluation catchments in a region.  WFigure 7hen compared to observations (See Figure 7), the 
baseflow contribution to the total runoff is another crucial factor affecting the reliability and 
precision of the results. Arid regions dominated by non-perennial streams and/or a high degree of 
dependency of baseflow to sustain runoff in the low rainfall season, generated the largest levels of 
uncertainty. 

In addition, the uncertainty in simulated top-layer soil moisture (s0), the first 10 cm, is also analysed. 
When investigating the trade-off in uncertainties between water balance components, s0 has a 
slightly higher modelling certainty than TWS and slightly lower than ET. The trade-off between s0 
and ET is apparent in only 2 regions: Southern and South-Western Flatlands and East Coast. 
Overall, there is no marked trade-off between these two components for the other six regions or 
between the related objective functions. In general, AWRA-L provides a reliable performance in 
handling uncertainties associated with soil moisture. 

Overall, an acceptable level of uncertainty for simulated hydrology is shown, using AWRA-L v6.1. 
In the future, simulating interactions between groundwater and surface-water can be improved 
given that simulations for dry regions with non-perennial flows are not as reliable and accurate as 
wetter regions with more perennial streams. 
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1. INTRODUCTION 

Formulating adaptive response policies and mitigation actions against climate change impacts is a 
pivotal task for ensuring sustainable water management, food security, and for water supply 
infrastructure developments in the future. Considering the significance of this issue, Bureau of 
Meteorology, henceforth known as The Bureau, provides high-resolution ensembles enabling the 
investigation of climate change impacts on Australian’s water resources, via the National 
Hydrological Projections (NHP) project. These projections are a part of a seamless water service to 
monitor, forecast and project Australian key water balance items. 

Designing a set of hydroclimatic simulations based on a modelling chain framework is a common 
technique to explore the plausible impacts of climate change for example on future hydrological 
related hazards or water supply systems (Addor et al., 2014). The Bureau’s NHP are produced via 
a modelling chain which starts with selecting representative concentration pathways (RCPs) as well 
as the daily climate data outputs from global climate model (GCMs) as climate forcing (Figure 1). 
These climate outputs are downscaled and bias-corrected such that these can be run through the 
Bureau’s operational hydrological model, the Australian Water Resources Assessment Landscape 
model, AWRA-L (Figure 1). To evaluate the changes across differing climate, land use and 
topography, the same regions from the scientific work that has been previously carried out by the 
Climate Change in Australia (CCiA) initiative, were used. CCiA has provided the most 
comprehensive, robust, and scientific information on future climate changes for Australia to date. 
56 Natural Resource Management (NRM) regions across Australia were grouped into eight major 
clusters based on similar natural resources, land use and climate (Figure 2). Projected climate 
change has been described in detail in the individual 8 CCiA cluster reports (Whetton et al., 2015). 
It was assumed that these regions also represent similarly distinct hydrological patterns. 

 

Figure 1- National Hydrological Projections workflow showing details of the processing steps 

While there are many sources of uncertainty in hydrological projections modelling chains, an 
understanding of the sources and influences of uncertainty in the NHP modelling chain helps to 
assess robustness and reliability of climate change impact analyses. Every element of the modelling 
chain affects the simulations, thereby causing uncertainties. The major sources of uncertainties in 
the NHP modelling chain can be classified into future greenhouse gas emissions, GCMs process 
modelling and selection, downscaling approaches, bias-correction methods (of the climate forcing), 
and hydrological modelling. 
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This report focusses on the uncertainties associated with the hydrological modelling part of the 
projections modelling chain. Although previous studies have indicated that hydrological modelling 
is not the largest contributor of the overall uncertainty in the whole hydrological projections 
modelling chain compared to the uncertainty of the GCMs, its quantification has long been a topic 
for discussion amongst hydrologists (Bosshard et al., 2013; Dobler et al., 2012; Giuntoli et al., 2015; 
Joseph et al., 2018). 

The quantification of hydrological modelling uncertainties is a challenging endeavour. Common 
issues arise from insufficient reference data, multi-objective parameterisation and various 
mathematical issues like nonlinearity, stochasticity based on random nature of the algorithms, 
discreteness, nonconvexity, and rapid growth of the complexity of a problem which collectively 
lead to generation of large uncertainties (Reed et al., 2013).  As a consequence, model uncertainties 
always exist and need to be reduced (Beven, 2001) or at least understood. 

 

 

 

NRM Cluster NO. of AWRA-L 

evaluation 

catchments 

Central Slopes 23 

East Coast 52 

Monsoonal 
North 

32 

Murray Basin 53 

Rangelands 9 

Southern 
Slopes 

69 

Southern and 
South-Western 

Flatlands 

35 

Wet Tropics 17 

 

Figure 2- Map of the NRM cluster regions (CSIRO and Bureau of Meteorology, 2015) 

Parametric uncertainty is one potential source of uncertainty and its pertaining uncertainty analysis 
is a prerequisite for model calibration (Paul and Negahban-Azar, 2018). This is due to the existence 
of multiple non-equivalent but acceptable behavioural parameter sets (the concept is referred to as 
equifinality) according to different conceptualizations, data, and fitting criteria (Beven and Binley, 
1992). Such parameter uncertainty means that it is difficult to locate a unique solution that is 
significantly better than alternative solutions within a feasible search space, thereby hindering 
investigation of a global optimal simulator (Shokri et al., 2018; Vrugt et al., 2003).  
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The holistic quantification of the parametric uncertainty is challenging because different objective 
functions are influenced by different characteristics of the observational fields used for 
parameterisation. For example, the Nash-Sutcliffe Efficiency is affected by runoff peaks, while the 
root mean square varies according to deviations from the mean (Paul and Negahban-Azar, 2018). 
The complexity is magnified when dealing with large-scale hydrological models and the need to 
parameterise across multiple climate regions. As a result, the quantification process cannot be 
implemented solely by relying on one reliability or precision indicator. A combination of different 
indicators is required to provide a holistic picture of uncertainty levels associated with equifinality. 

The aim of this report is to quantify the overall model uncertainty as well as the parametric 
uncertainty rooted in the calibration process of the AWRA-L model, including the uncertainty of 
each calibrated parameter using coefficient of variation.  Other sources of uncertainty, including 
the inherent errors in the static maps and meteorological and observed inputs are out of scope of 
this report.  

This study thoroughly investigates the AWRA-L model version 6.1 uncertainty for each of the 8 
clustered NRM regions, to fully capture the degree of uncertainty in simulating hydrology for 
Australia’s multiple and diverse landscapes. To represent the uncertainty across all modelled water 
balance components, the uncertainty of AWRA-L's simulation of the surface soil moisture, 
evapotranspiration, runoff and terrestrial water storage is undertaken. The Gravity Recovery And 
Climate Experiment (GRACE) satellite driven terrestrial water storage (TWS) data is used as the 
storage indicator for the comparison purpose. TWS is the sum of all water mass variations of the 
surface water balance and in the soil (Chen et al., 2016).  

2. HYDROLOGICAL MODEL DESCRIPTION 

2.1 Advantages of physically based, distributed and semi-
distributed models 

Australia varies greatly across climatic, topographic, geologic, and hydrological conditions. 
Hydrological modelling can be affected by these conditions leading to uncertainty in simulations. 
Due to the complexities and heterogeneities associated with large and diverse natural landscapes, 
collecting datasets of all hydrological observations and parameters is impossible (Chang and Yeh, 
2018). Sources of observations typically come from intensive, short-term, field-based rainfall-
runoff measurements typically only considering a small sample size of storm events (Williamson 
et al., 2015). Long-term hydrologic studies are often limited to small case study areas, limiting 
extrapolation to other areas. Thus, hydrologic models are typically used to estimate water balance 
terms where observations are not available. To generalize hydrological perceptions, two 
fundamental hydrologic simulation modelling systems are applied: empirically based lumped 
models, and physically based distributed and semi-distributed models.  

Lumped models including data-driven and conceptual rainfall-runoff models are suitable models 
due to simplified hypotheses resulting in low data requirements (Devia et al., 2015). Lumped 
models benefit from local calibration which allows a lumped model to better simulate the behaviour 
of a single, relatively small catchment in isolation. Dominant large-scale studies have employed 
lumped models because of a need to reduce dimensionality, simplicity of use, and can provide 
simulations at sub-daily temporal resolution (Ivkovic et al., 2009).  

However, most of the spatially lumped rainfall-runoff models do not capture subsurface dynamics 
and baseflow mechanisms. For Australia, modelling of groundwater dynamics for the semi-arid and 
arid regions is particularly important since most of the streams are non-perennial and can be 
significantly affected by connectivity to groundwater stores. In these zones, subsurface flow acts as 
a crucial contributor to ecosystem health (Azarnivand et al., 2020a; Sulis et al., 2012).  
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Detailed hydrological modelling of natural landscapes addresses the complex heterogeneities, 
nonlinearities, and dimensionality (Gauthier et al., 2009). Physically distributed and semi-
distributed models, in particular those treating surface and subsurface components of water balance 
as individual hydrological continuums can be applied to simulate the heterogeneity of the 
catchments. This is often done by dividing the topography into grid cells with contrasting soil 
properties (Gauthier et al. 2009; Maxwell et al. 2014; Paudel et al. 2011).  

The Bureau of Meteorology’s operational AWRA-L model is a spatially semi-distributed model 
with a parsimonious structure and an ability to model state of the water balance across Australia 
(Frost and Wright, 2018; Van Dijk, 2010). AWRA-L's hydrological processes are lumped at 
hydrological response units (HRU) scale using a 5km grid size. 

2.2 AWRA-L model description and parameterisation 

The AWRA-L model version 6.1 used for NHP, is a one dimensional, 0.05° grid-based water 
balance model that has a semi-distributed representation of the soil, groundwater and surface water 
stores. Within each grid cell there are three soil layers (top: 0-10cm, shallow: 10-100 cm, deep: 
100-600 cm). Two HRUs are currently represented in the AWRA-L version 6.1: shallow and deep 
rooted vegetation.  Shallow rooted vegetation is assumed to have roots to the extent of 1m, whereas 
it is up to 6m depth for the deep rooted vegetation. These two HRU’s differ in their aerodynamic 
control of evapotranspiration, in their interception capacities and in their degree of access to soil 
water in different soil layers (Figure 3). 

 

Figure 3- Conceptual AWRA-L grid cell with key water stores and fluxes shown 

AWRA-L key fluxes and stores, accessible via the Australian Water Outlook website, are runoff, 
potential and actual evapotranspiration (ET), soil moisture for three layers and deep drainage to the 
groundwater store (not available for forecast and projections). Figure 4 shows the conceptual 
structure of the AWRA-L (Frost et al., 2018; Van Dijk, 2010; Viney et al., 2015, 2014) Runoff 
dynamics including deep drainage are simulated at each of the 5km grid cells. Parameters are 
uniform within the grid cell. AWRA-L models the following hydrological processes separately for 
the HRUs: (1) partitioning of rainfall between interception losses and net rainfall; (2) saturation 
excess overland flow (depending on soil moisture store's saturation level); (3) infiltration and 
Hortonian (infiltration excess) overland flow; (4); saturation, interflow, drainage, and evaporation 
from soil layers, and (5) baseflow, evaporation and transpiration from the groundwater store.  
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In addition, the following vegetation processes are described: (1) transpiration, as a function of 
maximum root water uptake and optimum transpiration rate; (2) vegetation cover adjustment, as a 
function of the balance between the optimum transpiration and the actual transpiration, and at a rate 
corresponding to vegetation cover type. 

 

Figure 4- AWRA-L conceptual structure. Purple: climate inputs; Blue rounded boxes: water stores; Red boxes: 
water flux outputs; Orange: energy balance; Green rounded boxes: vegetation processes. Dotted line indicates 
HRU processes 

All of the described processes are parameterised using a range of methods and datasets (Frost and 
Wright, 2018; Van Dijk, 2010). AWRA-L parameters are optimised over 295 unimpaired 
catchments across the continent to maximise a composite objective function comprising of runoff, 
ET and soil moisture. This composite objective function aims to get an adequate fit over a wide 
range of sites, but also to exclude very poor fitting areas (i.e., those below the 25% - see Frost and 
Wright 2018). The daily datasets used for calibration are: (1) catchment streamflow during the 
period of 1981-2011, (2) catchment evapotranspiration from CMRSET satellite retrieval-based grid 
estimates of evapotranspiration covering 2001-2010, and (3) catchment soil moisture from  AMSR-
E product as satellite retrieval-based grid estimates of soil moisture, covering the period of 2002-
2011. A list of the parameters used in this report to describe parameter uncertainty are summarised 
in Table 2. 

Table 2-List of variable names used in this document and the corresponding variables used in the model code.  
Units are those given in this document. Some of these variables used for both shallow rooted (sr) and deep rooted 
(dr) hydrological response units 

Parameter Model code Description 

β slope Slope of the land surface (percent) 

𝒄𝒈𝒔𝒎𝒂𝒙 cGsmax (sr,dr) Coefficient relating vegetation photosynthetic capacity to maximum stomatal conductance (m s–1) 

FER0 ER_frac_ref   Specific ratio of the mean evaporation rate and the mean rainfall intensity during storms 
(dimensionless) 

fsoil E max fsoilemax (sr,dr) Soil evaporation scaling factor corresponding to unlimited soil water supply (dimensionless) 

K0satscale K0sat_scale Scaling factor for hydraulic conductivity of surface soil layer(dimensionless) 

Kdsatscale Kdsat_scale Scaling factor for hydraulic conductivity of deep soil layer (dimensionless) 

Kgscale K_gw_scale Scaling factor for groundwater drainage coefficient (dimensionless) 

Krint Krout_int Intercept coefficient for calculating Kr (runoff routing coefficient, dimensionless) 

Krscale K_rout_scale Scale coefficient for calculating Kr (d mm–1) 

Kssatscale Kssat_scale Scaling factor for hydraulic conductivity of shallow soil layer (dimensionless) 
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kζ Kr_coeff Scaling factor for ratio of saturated hydraulic conductivity (dimensionless) 

nscale ne_scale Scaling factor for effective porosity (dimensionless) 

Prefscale Pref_gridscale Scaling factor for reference precipitation (dimensionless) 

S0maxscale S0max_scale Scaling parameter for maximum storage of the surface soil layer(dimensionless) 

Sdmaxscale Sdmax_scale Scaling parameter for maximum storage of the deep soil layer(dimensionless) 

Ssmaxscale Ssmax_scale Scaling parameter for maximum storage of the shallow soil layer (dimensionless) 

sleaf S_sls (sr,dr) Specific canopy rainfall storage per unit leaf area (mm) 

UdMAX Ud0 Maximum possible root water uptake from the deep soil store (mm d–1) 

 

3. UNCERTAINTY ANALYSIS METHODOLOGY 

3.1  Evaluation of parametric uncertainty to generate a plausible 
set of simulations 

Classical optimisation methods, including linear and non-linear programming, dynamic 
programming, and stochastic dynamic programming often fail to detect optimal solutions when 
dealing with complex discrete or nonlinear problems (Deb, 2001). As mentioned, this is due to the 
problem of equifinality and mathematical issues (see chapter 1). An alternative approach for 
examining the parametric model uncertainty is to generate and analyse the distribution of parameter 
sets. For this purpose, common methods are the generalized likelihood uncertainty estimation 
(GLUE) method (Beven and Binley, 1992), or the formal Bayesian method using Metropolis–
Hastings (MH) algorithm, a Markov Chain Monte Carlo (MCMC) methodology (Beven and Binley, 
1992; Chib and Greenberg, 1995; Gilks et al., 1995). These parameter sets are then used to generate 
an ensemble of simulations to measure uncertainty. In contrast to the aforementioned schemes, we 
targeted the optimal or in other words “plausible” parameter space, rather than the entire parameter 
space, using a multi-objective evolutionary algorithm (MOEA) to generate an ensemble of plausible 
parameter sets, which are closer to likely parameter sets generated from a calibration approach. 
MOEAs have become a preferred approach to calibrate hydrological models due to their capability 
in identifying and excluding local maxima/minima (Bozorg-Haddad et al., 2016; Giacomoni and 
Joseph, 2017; Hosseini-Moghari et al., 2020; Mostafaie et al., 2018; Shokri et al., 2014).  

The MOEA used for this study, Borg, is a hybrid MOEA that employs a class of algorithms whose 
operators are adaptively selected according to the optimization problem. Borg has been successfully 
used in different hydrologic-related studies (Hadka et al., 2012; Hadka and Reed, 2015; He et al., 
2018; Smith et al., 2016; Zheng et al., 2016). This algorithm features ε-dominance (to define 
significant performance improvement), ε-progress (to address search stagnation by requiring the 
algorithm to maintain a minimum amount of search progress), randomised restart (to avoid 
premature convergence by dynamic/adaptive population sizing), and auto-adaptive multi-operator 
recombination into a unified framework. The latter feature enables Borg to increase selection 
probabilities of successful offspring for generating new solutions for the next generation. The 
operators used by Borg are: Simulated Binary Crossover (SBX), Differential Evolution (DE), 
Parent-Centric Crossover (PCX), Unimodal Normal Distribution Crossover (UNDX), Simplex 
Crossover (SPX), and Uniform Mutation (UM) applied with probability L-1. 

We used the calibration catchments in the pareto front generation but the validation catchments 
(290 catchments across Australia) for uncertainty analysis. Here, the objective function for runoff 
(equation 1) is given below (Viney et al., 2014): 

Fs = NSEd – 5  ln (1 + B)  2.5    (1) 

where Fs is the objective function related to the runoff, NSEd is the daily Nash-Sutcliffe Efficiency: 
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 𝑁𝑆𝐸 = 1 − ∑
( )

( )
                                                                                                                  (2) 

and B is relative bias: 

 B= ∑                                                                                                                              (3) 

where 𝑄  and 𝑄  are the modelled and observed values respectively for site i and time step t, 
for a total of iT  available observations. 𝑄  is the long-term average of the observed values. 

Correlation for daily top-layer soil moisture (RS0) and monthly evapotranspiration (RET) are the 
other objective functions used for each catchment: 

F 1= Fs ,  F2 = RS0 ,  F 3 =RET   (4) 

Specifications for generating simulations are a 50-year spin-up period used from 1931-1980 and 
where the calibration period is run from 1981–2018. The total number of functional evaluations 
(populations size (i.e., the initial possible solutions) multiply iterations (i.e., number of repeats to 
consider randomness)) and number of seeds are 120000 and 10, respectively. The obtained epsilon 
and constraints for Fs, RS0, and RET respectively are [0.000005,0.1,0.001] and [0.7,1.0,1.0]. The 
average computational time for the simulations was 44 hours. Owing to inherent stochasticity of 
the MOEAs, more than one trial of each optimization experiment with different random seeds is 
needed. Thus, using multiple seeds, the final Pareto front presented for each experiment has been 
determined by merging the Pareto fronts of the associated trials for a final non-dominated pareto 
front solution set (Hadka et al., 2012). The calibrated AWRA-L with MOEA Borg is referred to as 
AWRA-L v6.1-Borg. 

3.3 Overall uncertainty quantification 

The reliability in this report is defined as producing a set of simulations that are close to one another. 
The reliability of AWRA-L for simulating water balance components for each of the 8 clustered 
NRM regions was assessed using monthly relative bias (B: Equation (3)) and the percentage of 
coverage (POC). POC computes the proportion of observations between 95th percentile upper and 
lower bounds of the Pareto solutions. 

The precision of simulations in this study is represented as how much the results deviate from 
observed values. Nash-Sutcliffe Efficiency (NSE: Equation (2)) is a commonly used metric for 
assessing precision of simulations. The selection of other precision metrics was challenging since 
there are several catchments with substantial periods of no-flow (ephemerality), thus metrics using 
observed runoff for each time-step in the dominator are not appropriate. The Coefficient of 
Variation (CV) metric, commonly applied to ephemeral and intermittent catchments for uncertainty 
analysis (McInerney et al., 2017), was used as an additional precision matric which is defined as: 

        𝐶𝑉 =
∑ .

∑
                      (5) 

where 𝑄 .  represents the standard deviation of modelled Pareto solutions for catchment i and 
timestep t. There is no assessment range for goodness of fit for CV in the literature for the 
continental hydrological modelling. This metric is used for comparing AWRA-L simulations for 
the regions. 



ANALYSING THE UNCERTAINTY OF MODELLING HYDROLOGIC STATES OF AWRA-L  

 

12 
 

4. RESULTS AND DISCUSSIONS 

4.1 Multi-objective optimisation results 

The multi-objective optimisation and validation results for the Viney objective function is presented 
in Table 3. The results are selected from the solutions with 15th, 50th, and 85th percentiles in the Pareto 
front. Overall, the AWRA-L model results improve over the previous versions using the single-
objective optimisation technique in the calibration process (Frost and Wright, 2018). As Table 3, 
the metrics for the calibration and validation catchments are nearly identical. The KGE and NSE 
values are higher for the larger percentiles, showing that the low flows are more difficult to 
reproduce. 

Table 3 – The performance criteria calculated for different percentile of catchments for the solutions with the 15%, 
median and 85% percentile within the Pareto front for Viney objective function ('m' refers to monthly and 'd' refers 

to daily. KGE is Kling-Gupta efficiency: 1 − (𝑟 − 1) + − 1 +
.

.
− 1  ) with 𝑄  as the mean runoff 

and st as the standard deviation

 Phase Metric 
15th percentile Median 85th percentile 

25% 50% 75% 95% 25% 50% 75% 95% 25% 50% 75% 95% 

Calibration 

KGEd 0.21 0.39 0.56 0.78 0.23 0.41 0.58 0.78 0.25 0.44 0.60 0.79 

KGEm 0.31 0.54 0.72 0.87 0.35 0.56 0.72 0.88 0.37 0.57 0.74 0.89 

NSEd 0.29 0.45 0.58 0.70 0.32 0.48 0.61 0.74 0.34 0.51 0.63 0.75 

NSEm 0.48 0.68 0.81 0.91 0.51 0.70 0.82 0.92 0.53 0.71 0.83 0.92 

Validation 

KGEd 0.20 0.42 0.61 0.79 0.21 0.44 0.64 0.80 0.23 0.45 0.66 0.81 

KGEm 0.31 0.56 0.76 0.89 0.33 0.59 0.77 0.90 0.36 0.60 0.78 0.90 

NSEd 0.30 0.46 0.59 0.71 0.32 0.48 0.61 0.74 0.34 0.50 0.63 0.74 

NSEm 0.46 0.69 0.82 0.91 0.51 0.69 0.83 0.92 0.53 0.70 0.84 0.92 

 

4.2 Parametric uncertainty: Trade off analysis 

Each member of the optimal set of multi-objective solutions generated, makes up a pareto front of 
non-dominated solutions. As we have 3 objective functions in total, the Pareto front is 3-
dimensional (Figure 5.a). In multi-objective optimisation, there are trade-offs between the objective 
functions which means that making one choice to select the best value for one of the objectives 
means probably losing the ideal solution for another objective. Here, the largest trade-off between 
the objectives is detected between modelled runoff and soil moisture components with the r-Pearson 
value of -0.91(Figure 5.b). This means that selecting the largest value of Viney (total runoff) is 
inevitably attached to selection of lower values for correlation of daily soil moisture and vice-versa. 

4.3 Parameter uncertainty: sensitivity 

This section includes a measurement of parameter uncertainty using the CV metric (i.e., the ratio 
between standard deviation and the mean of the parameters for each pareto solution). Table 4 
summarises the statistics of the calibrated parameters for 66 Pareto solutions. Six of the parameters 
generate considerably larger CV values in comparison to the others (i.e., CV>1). s_sls_hrusr, the 
specific canopy rainfall storage per unit leaf area for the shallow rooted hydrological response unit, 
yields the highest CV. The cgsmax_hrudr parameter which represents photosynthetic capacity to 
maximum stomatal conductance for deep rooted vegetation, (i.e., a component for calculation of 
ET) is another highly uncertain parameter. 
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Although mathematically, s_sls_hrusr has the highest uncertainty level, shallow rooted vegetation 
has low leaf area index values which means that the influence of this parameter on model outcomes 
is low for shallow rooted HRUs. Given that most of the continent is covered by shallow rooted 
vegetation (Figure 6), s_sls_hrusr plays a small contributing role in continental scale water balance 
estimation. Conversely, cgsmax_hrudr affects deep rooted regions, meaning that only small parts 
of eastern and western Australia are influenced by this parameter. Hence, these parameters do not 
markedly affect the overall results. This is an example of the benefits of using a spatially distributed 
model rather than lumped model, where the effect of a physical parameter can be distinguished. 

Four other parameters with high levels of uncertainty are the scaling factor for runoff routing, 
hydraulic conductivity of surface and deep soil layers and groundwater drainage (Table 4). These 
parameters (except k_rout_scale) affect the contribution of baseflow to the generation of runoff. As a 
result, the regions where baseflow contributes considerably to the generation of runoff are simulated 
with larger levels of uncertainty. The scaling factor for runoff controls how surface runoff, baseflow 
and interflow is routed via a notional surface water store by describing the delayed drainage of those 
flow path (for more details see Frost et al. 2018). As AWRA-L version 6.1 lacks a river routing 
scheme, high uncertainty in this parameter is not unexpected. 

 

 (a)  
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                          (b)                          

Figure 5- (a) The Pareto front for the AWRA-L v6.1 multi-objective calibration for Viney (total runoff, x-axis), monthly 
evapotranspiration correlation (y-axis), and daily top-layer soil moisture correlation (z-axis); (b) trade-off between 
the objective functions 

Table 4 – AWRA-L parameters' statistics (scaled between 0 to 1). The bold, underlined values are related to the 
parameters with the largest coefficient of variation. qi corresponds to the ith percentile. 

Parameters Mean CV Median Skewness q2.5 q0.05 q95 q97.5 

s_sls_hrusr 0.084 2.642 0.005 3.048 0 0 0.669 0.812 

cgsmax_hrudr 0.072 2.510 0.003 3.934 0 0 0.329 0.588 
k_rout_scale 0.127 1.825 0.027 2.280 0 0 0.700 0.753 
kdsat_scale 0.190 1.634 0.006 1.656 0 0 0.956 0.986 
k0sat_scale 0.181 1.504 0.064 1.815 0 0 0.860 0.936 
k_gw_scale 0.209 1.208 0.118 1.623 0.001 0.003 0.779 0.915 
s_sls_hrudr 0.220 0.986 0.076 1.178 0 0.000 0.741 0.751 

ne_scale 0.245 0.935 0.186 1.474 0 0 0.767 0.915 

er_frac_ref_hrudr 0.420 0.732 0.345 0.461 0.005 0.010 0.981 0.996 

cgsmax_hrusr 0.464 0.712 0.501 0.082 0.004 0.014 0.986 1 

slope_coeff 0.417 0.709 0.362 0.456 0.017 0.031 0.859 0.926 

kr_coeff 0.477 0.696 0.501 0.092 0.027 0.029 0.991 1.000 

k_rout_int 0.312 0.667 0.278 0.831 0.006 0.011 0.714 0.836 

kssat_scale 0.422 0.649 0.379 0.377 0.044 0.047 0.949 0.993 

sdmax_scale 0.426 0.578 0.391 0.746 0.129 0.141 0.944 0.998 

fsoilemax_hrudr 0.643 0.462 0.617 -0.311 0.026 0.202 0.995 0.998 

pref_gridscale 0.516 0.404 0.516 0.351 0.202 0.260 0.900 0.932 

ssmax_scale 0.699 0.326 0.774 -0.881 0.155 0.246 0.993 0.997 

ud0_hrudr 0.809 0.282 0.913 -1.762 0.211 0.326 0.997 0.999 

s0max_scale 0.886 0.210 0.959 -2.559 0.389 0.578 1 1 

fsoilemax_hrusr 0.915 0.185 0.982 -3.889 0.493 0.703 1 1 
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In addition to the above-mentioned parameters, the parameters related to porosity and slope yield 
moderate uncertainty levels. The scaling factors for the soil types which are used to spatial static 
mapped values according to model parameter optimisation, show a low degree of uncertainty.  

 
(a) 

 
(b) 

Figure 6 - (a) Maximum Leaf Area Index, (b) Fraction of shallow vegetation within each grid cell 

4.4 Uncertainty analysis for NRM cluster regions 

This section compares the regional results of the uncertainty using different reliability and precision 
metrics. Figure 7 and Figure 8 indicate reliability and precision of AWRA-L for the simulated 
runoff, and correlations for the simulated TWS and ET, respectively. The evaluation results of 
monthly runoff simulations and other water balance components are summarised using heatmaps 
(Figure 7). Regions are sorted from high to low certainty in the simulationsFigure 7. For CV and 
Relative Bias, the lower a value is, the lower the uncertainty of the simulation for a respective region 
is, while for POC and NSE it is vice versa (Table 1). The correlation and dependency between the 
metrics are also explored.  
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Figure 7- Evaluation results for the monthly runoff within each NRM. (a): Median coefficient of variation (b): 
Average relative bias (c): Median NSE (d): Median percentage of coverage 

According to Figure 7, the Southern Slopes, East Coast, and Wet Tropics regions, have a high 
degree of certainty. The Monsoonal North region demonstrate larger complexities where the ET 
and TWSFigure 8 are simulated with the least uncertainty (Figure 8). Simulated runoff is however 
more uncertain. This could be related to the lack of river routing (considering the high uncertainty 
of k_rout_scale). Across all of the regions, the relative positive bias is large which its related to 
either the limitation of AWRA-L in simulating cease to flow during dry seasons in areas with 
dominant non-perennial flow or occasional overestimation of peaks, where modelled runoff cannot 
be expressed as inundation in flat terrain. There is no process built in AWRA-L to model cease to 
flow in dry seasons for regions with non-perennial flow. Instead, small amounts of runoff are 
modelled as being generated as a baseflow. 

  

Figure 8- Evaluation results for the monthly ET and TWS within each NRM. (a): median correlation between 
observed and simulated ET (b): median correlation between observed and simulated TWS 

The Murray Basin and Central Slopes regions experienced large positive relative biases and 
moderate NSE. The reason for this could be related to the large baseflow contribution to runoff in 
these regions, which is not well-captured by AWRA-L v6.1. In line with this finding, k_gw_scale, 
kdsat_scale, and k0sat_scale (Table 2), which are the most effective parameters for the evaluation of 
groundwater contribution to the modelled runoff, also yield large CV values. However, the number 
of calibration catchments in the Central Slopes region is also small compared to the regions with 
more certain results. 
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The highest degree of modelling uncertainty belongs to Rangelands which was expected due to 
three reasons: (1) there is a limited number of calibration catchments (only 9) available for this 
region, where the presented results are based on the statistics (i.e., NSE, POC, B, CV) for all 
catchments across a given region. For example, Figure 9 shows a comparison between the count of 
NSE values for Rangelands vs. Southern Slopes and Wet Tropics regions. In the Southern Slopes 
region, NSE for almost 55 out of 69 catchments is higher than 0.5. On the other hand, in Rangelands, 
more than 40% of the catchments are associated with negative NSE. Hence, the NSE is skewed to 
a high uncertainty. (2) AWRA-L does not model hydrological properties of flat topographies (e.g., 
like the Rangelands region) as accurately as steeper regions, especially given that the majority of 
calibration catchments are located in non-flat terrain. This is demonstrated by the low uncertainty 
of the Wet Tropics region, where 12 out of 17 catchments have NSE around 0.8, relating to its hilly 
topography (Figure 9). Thus, despite the Wet Tropics having a low number of catchments, given 
that these catchments have low uncertainty values, NSE is skewed to a low uncertainty. (3) 
Rangelands typically has catchments which display an ephemeral flow regime for a substantial 
period of the year, which is more difficult to model as it involves modelling perched groundwater 
to sustain runoff during dry periods (Azarnivand et al., 2020a; Gong et al., 2014; Smith et al., 2010). 
Thus, precision and reliability of simulations are also affected by the uncertainties associated with 
modelling groundwater storage changes. In line with this reasoning, Figure 8 shows high 
uncertainty simulating terrestrial water storage (TWS) and ET of the Rangelands. This outcome is 
also consistent for the Central Slopes, Southern and South-Western Flatlands and for the western 
part of the Southern Slopes regions characterised by low rainfall, comprising of several non-
perennial streams. Noting that for the Southern Slopes region, the number of catchments is large; 
hence, the results related to the catchments with high uncertainty of simulations (mainly non-
perennial catchments in western-Victoria) are offset by catchments with high certainty. Also, ET is 
simulated with high precision and reliability in those regions, which improves the overall estimation 
of runoff. 

Southern and South-Western Flatlands is another region with a high degree of uncertainty. As 
mentioned in section 2.2, AWRA-L systematically removes 25% of the poor fitting catchments 
according to the calibration scheme used and the specified composite objective function (see Frost 
and Wright 2018 for more details). Many catchments within the Southern and South-Western 
Flatlands region are among those 25% low fitting catchments, where a combination of high CV, 
large positive bias and low NSE were observed. Unexpectedly, POC for Southern and South-
Western Flatlands is larger than other regions, though this is likely due to the lower variation in 
monthly flow in this region, compared to wetter regions which are subject to seasonality with higher 
peaks and steeper troughs. However, the range of POC across the regions does not vary 
dramatically. In addition, ET is simulated with the largest uncertainty for Southern and South-
Western Flatlands which might be related to the high uncertainty of the parameter cgsmax_hrudr 
(Coefficient relating vegetation photosynthetic capacity to maximum stomatal conductance in deep 
rooted vegetation). Parts of this region (Figure 6) are covered by deep rooted trees meaning that 
cgsmax_hrudr could potentially affect the precision of ET. 
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Figure 9- Frequency (Count) of NSE values for the Rangelands, Southern Slopes and Wet Tropics regions 

Removing months with simulated runoff which is less than the median shows improvement in the POC 
values for all of the regions except Wet Tropics (Figure 10). Hence, the uncertainty of the for simulating 
low-flows is higher than high-flows, which is expected given that the AWRA-L calibration process 
does not include a low flow metric.  

 

Figure 10- Percentage of coverage for the monthly runoff for different percentiles 
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Figure 11 to Figure 13 show hydrographs for the catchments with the different percentiles of POC 
for each region. These figures indicate that simulation dynamics of runoff uncertainties for low 
percentiles (25th percentile was the lower limit used in light of the disparity between the total 
number of catchments between regions and the skewness of the distribution), median and high 
percentiles (85th percentile was the higher limit used as it corresponds to the dry spell analysis of 
the NHP Cluster Reports – in preparation) are dissimilar. These figures show that in general, runoff 
dynamics including timing of peaks and triggering-cession of flow, are simulated with low 
uncertainty and acceptable reliability. To interpret the capability of AWRA-L in capturing the 
runoff dynamics, Figure 14 shows the correlation between simulated (mean and different 
percentiles) and observed runoff. In general, the runoff correlation values for the percentiles 
presented in this report are high showing that the model can capture the runoff dynamics 
satisfactorily (correlation higher than 0.8, Figure 14). 

 

  

  

  

  

 

Figure 11- Monthly hydrographs for the catchment with the median POC value for each region. Red line indicate 
simulation, while the blue line shows observed data
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Figure 12- Monthly hydrographs for the catchment with the 25 percentile POC value for each region. Red line 
indicate simulation, while the blue line shows observed data 
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Figure 13- Monthly hydrographs for the catchment with the 85 percentile POC value for each region. Red line 
indicate simulation, while the blue line shows observed data 

 
According to the Figure 11 to Figure 13, the Southern Slopes region provides lower uncertainties for 
higher percentiles, the Southern and South-Western Flatlands regions perform best for the median, and 
Wet Tropics yields less uncertainty for low percentiles. Murray Basin and Central Slopes experienced 
overestimations for the percentiles lower and higher than median, while yielding underestimation for 
the median.  
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Figure 14- The summary of runoff correlations for: (a) the catchment with the median value for each region; 
(b) the catchment with the mean value for each region; (c) the catchment with the 25-percentile value 
for each region; (d) the catchment with the 85-percentile value for each region 

In addition to the water balance components (i.e., runoff, ET and TWS), the uncertainty of the 
modelled AWRA-L top-layer soil moisture vs. CCI (Climate Change Initiative, ESA CCI SM 
version, v06.1) soil moisture is also shown after being resampled to monthly resolution from the 
daily temporal scale (Table 5).  

Table 5 – Correlation between monthly observed (CCI) and simulated top-layer soil moisture for 25, 50, and 85 
percentiles. Blue: Pearson coefficient>0.7, Green: Pearson coefficient>0.6, Yellow: Pearson coefficient>0.5, Red: 
Pearson coefficient<0.5  

 

Region Percentile=25% Median Percentile=85% 

Rangelands 0.47 0.52 0.63 

Central Slopes 0.50 0.53 0.60 

East Coast 0.51 0.55 0.60 

Wet Tropics 0.50 0.62 0.70 

Southern Slopes 0.58 0.63 0.70 

Monsoonal North 0.64 0.68 0.74 

Murray Basin 0.62 0.69 0.77 

Southern and South-
Western Flatlands 

0.64 0.71 0.78 
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The results show that the model performs better for the higher percentiles, indicating that AWRA-
L simulates high flow/wet catchments more accurately and reliably. For some regions, there are 
obvious relationships between s0 and ET (Figure 8 vs. Table 5). For example, Southern and South-
Western Flatlands, which yielded the highest levels of the ET uncertainty, has the least uncertainty 
for the s0 simulations. This pattern for East Coast is inverse; meaning that all the regions do not 
have the same trade-offs between hydrological components.  Similar to the runoff simulations, the 
highest uncertainty belongs to Rangelands on the basis of the median values.  

Table 6 summarizes comparisons among ET, TWS and s0. Previously, we showed the strong 
correlation between the top-soil layer objective function component and the runoff component. 
However, considering the high runoff correlation values for all regions, it is difficult to provide a 
fair comparison between runoff and other water balance components. Even the minimum values of 
correlation for runoff (Figure 14) are larger than the statistics presented in Table 6. In general, all 
the components are simulated with satisfactory certainty. ET and s0 which are included in the 
objective functions outperform TWS.  

Table 6 – The overall summary of correlations for AWRA-L hydrological variables for each region 

Variable Mean Median 
25% 

percentile 
85% 

percentile 
ET 0.64 0.7 0.55 0.73 
s0 0.62 0.63 0.54 0.68 

TWS 0.6 0.58 0.56 0.68 
 

4.5 Relationships between reliability and precision 

The relationship between the metrics used for evaluation of the simulations will be discussed in this 
section. We used a scatter matrix approach and calculated correlation among the precision and 
reliability metrics to explore their interdependencies. This helps to understand the trade-offs 
between reliability and precision and their associated metrics. 

Precision: The Wet Tropics region is the most accurately simulated region with the lowest variation 
between simulations and observations. The Southern Slopes, Murray Basin, East Coast, and 
Monsoonal North simulations yielded almost similar performance according to coefficient of 
variation; however, this similarity was not completely true for NSE. East Coast's NSE was 1.25 and 
1.18 times larger than Monsoonal North and Murray Basin. Monthly runoff for Monsoonal North 
fluctuates within a wide (seasonal) range causing high peaks with steep troughs. However, the 
performance of AWRA-L is acceptable when considering complexities of simulating these peaks. 
The reason for moderate precision of the Murray Basin region is mainly related to baseflow 
contributions, particularly in the western part of this region, exposing AWRA-L's ability to capture 
baseflow with high precision. Southern Slopes is another region with relatively high NSE. 
Rangelands and Central Slopes, due to their low number of calibrated catchments and dominance 
of non-perennial streams, performed with high variation and low NSE. The Southern and South-
Western Flatlands region shows similar performance, but the main reason for this is the elimination 
of the poorly-fitted catchments via the AWRA-L calibration process, which comprises a large 
percentage of catchments within Southern and South-Western Flatlands regions. 

Reliability: The overall results are largely correlated with the precision. POC is not generally high 
for the regions due to the pronounced impact of dry seasons and low-flow and no-flow periods on 
this metric. The regions with lower variability between maximum and minimum values of monthly 
runoff outperformed others but this is not significant. Relative Bias is a more illustrative metric in 
this study to assess reliability of the simulations for the aforementioned reasons. The East Coast 
region demonstrated the lowest bias followed by the Wet Tropics and Southern Slopes region. The 
bias of the modelled runoff for the Central Slopes, Monsoonal North, and Murray Basin regions are 
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around 1 (twice as large as the mean observed value) due difficulties in modelling ephemeral flow. 
The Rangelands and Southern and South-Western Flatlands region yielded considerably large 
biases when compared to the other regions.  

To investigate and visualise the relationship or trade-offs between precision and reliability, a 
scatter-matrix was developed. The metrics' values were standardised between zero to 1 for ease of 
visualization. The probability density function (pdf) of each metric is represented using a 
nonparametric-based method, namely, Kernel Distribution Estimator (KDE, Figure 15: diagonal). 
The most striking features emerged from the graphs are: 

1- The Relative Bias metric has the strongest correlation with POC. Except for the Murray Basin 
region, all regions have a Pearson coefficient (r) of greater than 50%. Hence, when the POC 
metric is large, we expect lower bias in the model. 

2- CV has a negative correlation with NSE, which is unsurprising as when we have lower degrees 
of variation, indicating the fluctuation between peaks and troughs are smaller. The NSE metric 
is sensitive to the peaks, hence; when the amplitude is not large, the model can capture the ups 
and downs more accurately. 

3- Overall, the mutual correlation of the high-flow POC with any of the other metrics is higher 
than the correlation of POC with each of the metrics (excluding NSE which has a random 
relationship with percentage of coverage). Owing to the complexities associated with 
simulating dry seasons including cease-to flow, simulating flows with large groundwater 
contributions to baseflow and hysteresis behaviour of soil moisture, removing values below 
median has resulted in improved performance. In general, the uncertainty in simulating 
hydrology in wet periods is less than in dry periods. 

4- Comparing the mutual trade-off between reliability and precision metrics shows that Relative 
Bias and CV has the strongest correlation. When there is a positive bias, no-flow changes to 
low-flow; meaning that noise is added to the simulations (positive values instead of zero 
values). This causes increase in variance (i.e., standard deviation). Since the formulation of CV 
is the ratio between standard deviation and mean, the positive bias leads to an increase of 
variation. 
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Figure 15- Scatter-matrix of comparison between the metrics (Continue from the previous page). The values are 
standardized between 0 to 1. Values on scatter plots are the r-Pierson for each pair of metrics. Metrices are: 
Relative Bias (B), Percentage of coverage (POC), Coefficient of Variation (CV), Nash-Sutcliffe efficiency (NSE), 
and percentage of coverage for the months with runoff higher than the median value (High-flow POC). The 
diagonal curves are Kernel Distribution Estimation (KDE) of the metrics. 

5. FUTURE DIRECTIONS 

The main sources of uncertainty in hydrological modelling systems are measurement errors, 
inconsistency between the structural complexity of models and the actual physics of hydrological 
processes, limitations in the calibration process (e.g. high dimensionality, equifinality), poor 
representation of the temporal and spatial variability of inputs and observations, poor assumptions 
of initial and boundary conditions and non-stationarity (Beven et al., 2008; Efstratiadis and 
Koutsoyiannis, 2010; Wagener and Gupta, 2005). To assess the modelling uncertainty relevant to 
the National Hydrological Projections modelling chain, this report focused on quantifying the 
parametric uncertainty and overall uncertainty. Future studies could investigate other sources of 
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uncertainty of the modelling chain, such as equifinality to reduce uncertainties of the model's 
structure.  

Hydrological models, including AWRA-L, often have difficulty capturing ephemerality and 
discontinuity in runoff (Camporese et al. 2014; Camporese, Daly, and Paniconi 2015; Costa, 
Fernandes, and Naghettini 2014; Dean et al. 2016; Williamson et al. 2015), AWRA-L has shown 
inaccuracies in simulating baseflow as well as drainage from top-soil layers. To further reduce 
uncertainty using AWRA-L, structural improvements in simulation of baseflow and top-soil 
percolation are suggested. The weighting partitions, components and calibration method of AWRA-
L should be reviewed to improve certainty of simulations for dryer regions. This will be important 
when modelling drying future scenarios. Identifying the sensitivity of the model's parameters for 
the purpose of dimensionality reduction could be additionally considered for the future 
investigations. Furthermore, implementation of a river routing scheme in AWRA-L could improve 
the simulation of non-perennial flow regimes as well as improving drainage and surface-
groundwater interactions. The results show a higher degree of uncertainty for the drier regions, 
which should be considered in the context of projected increased dryness. According to Wasko et 
al. 2021, drought events have increased across parts of Australia, and the process is more complex 
than just relying on the rainfall trends. Additionally, these trends reveal that changes in rainfall 
patterns alone, cannot account for projected dryness. As more frequent dry spells are projected 
across parts of Australia, the results of the current study on the uncertainty of all water balance 
components related parameters can pave the way forward for more holistic long-term hydrological 
trend investigations. 

Fluctuating model efficiency between dry and wet seasons remains a challenging issue that affects 
uncertainty in hydrological modelling. AWRA-L is no exception to this, where the results show a 
higher certainty in wet periods than dry, which has implications for a drying climate. Future studies 
could include the design of a seasonal calibration scheme, in which wet and dry seasons are used 
to calibrate the model separately. This could include investigating the trade-off between wet and 
dry periods employing the use of low flow metrics. Dry seasons should be calibrated more 
effectively because typically models tend to be calibrated and evaluated by using medium to high-
flow metrics with insufficient consideration of low and no flows (Zhang et al., 2015). For such 
studies, the model parameters need to vary accordingly to mitigate uncertainties associated with 
differences that exist between dry and wet periods.  

6. CONCLUDING REMARKS 

 
Australia’s diverse landscape, encompassing a range of different climate zones, land use, 
topographic and hydroclimatic features leads to a variation in hydrologic responses, including the 
degree of baseflow contribution to runoff generation, ephemerality or flashiness of runoff (i.e., the 
rapidity of short-term increase in stream flow after storm events) and differing streamflow regimes. 

The overarching aim of this study is to compare the continental scale, semi-distributed AWRA-L 
v6.1 model performance for simulating the water balance components across 8 clustered NRM 
regions. A parametric uncertainty quantification was used in this study, as well as a holistic 
evaluation of uncertainty pertaining to model inputs, structure and parameters. Borg, the multi-
objective evolutionary algorithm, was used as a tool to examine parametric uncertainty. According 
to the results, parameters related to the canopy storage of shallow rooted vegetation, baseflow and 
top-soil drainage, and the routing were identified as the most uncertain ones. The effect of canopy 
storage is not considerable because most regions typically have low leaf area index values. On the 
other hand, baseflow and top-soil drainage are critical parameters that markedly affect the regions 
with high dependency on sub-surface flow. 
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Five different metrics including NSE, Relative Bias, POC, High-flow POC and CV were used to 
assess the uncertainty with respect to reliability and precision of the model in simulating runoff. 
Monthly runoff results show regions with lower number of calibrated catchments, ephemerality, 
flashiness, and high contributions of groundwater to baseflow are associated with higher levels of 
uncertainty, e.g., as observed for the Rangelands and Southern and South-Western Flatlands 
regions. The lowest performing region, Rangelands has only nine AWRA-L evaluation catchments 
and its dominant flow regime is non-perennial. To improve the certainty in this area, both runoff 
rate and timing needs to be captured. Although the amount of runoff in non-perennial streams are 
low, across all regions, a large part of runoff depends on baseflow contributions. Since in non-
perennial catchments, during the wet seasons, typically water-tables typically rise, and subsurface 
flow and surface runoff contribute to runoff generation. Groundwater storage and baseflow 
therefore play key roles in increasing flow during the wet season. Thus, other components of water 
balance must be simulated precisely in regions with non-perennial flow to provide accurate and 
reliable simulations, and groundwater storage (TWS) and ET were also simulated with high 
uncertainty in these areas. For the Southern and South-Western Flatlands region, the key issue is 
the poorer performance of AWRA-L across flat areas within this region. 

In general, ET simulations are associated with slightly higher certainty results in comparison to top-
layer soil moisture (s0) and TWS (Figure 16). The most striking feature when comparing the 
Southern and South-Western Flatlands with the East Coast regions are that the Southern and South-
Western Flatlands region shows high certainty in simulating s0, whereas it has the most uncertainty 
regarding ET simulations. In contrast, the East Coast region shows high certainty in modelling 
runoff, ET and TWS, and less certainty in simulating s0. Regarding s0, the Rangelands region is the 
most uncertain region, while the Southern and South-Western Flatlands region provided the highest 
correlation with the observed root zone soil moisture values. 

In summary, at a national scale, there is no marked trade-off between s0 and ET, but in some regions, 
there are some trade-offs in water balance components (See Figure 16).  

Figure 16- Summary of median correlation of hydrological components among the NRM regions 

The Southern Slopes, Wet Tropics and East Coast regions showed a satisfactory degree of certainty. The trade-
off analysis among the metrics shows strong positive and negative relationships between Bias vs. POC, and NSE 
vs. CV, respectively. AWRA-L's overall runoff model performance is presented for each region in Table 7 – The 
summary of simulated AWRA-L runoff performance according to the Reliability and Precision metrics for 
each region (Median Values) using Relative Bias (B, the closer to zero, the better), Percentage of 
Coverage (POC, the higher, the better), Nash-Sutcliffe Efficiency (NSE, the higher, the better), and 
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Coefficient of Variation (the lower, the better).. Overall, the results are satisfactory in terms of capturing 
runoff dynamics in all the regions across the continent for different percentiles. When examining 
reliability, Relative Bias may be more suitable as an assessment metric for Australian hydrology rather 
than POC since the POC values for the different regions are not substantially different. Relative bias 
values reveal high uncertainty in the Rangelands and the Southern and e South-Western Flatlands. 
Central Slopes, Murry Basin regions, and the Monsoonal North regions have mid-range reliability. The 
most reliable results pertain to the East Coast, Wet Tropics, and Southern Slopes region. For precision, 
the outcomes are almost in line with the reliability. 

In conclusion, the results presented in this report show that AWRA-L v6.1 demonstrates an acceptable 
performance to model projected hydrological variables when considering the larger uncertainties 
inherent to the climate models itself, as well as the static soil and vegetation inputs (Bosshard et al., 
2013; Dobler et al., 2012; Giuntoli et al., 2015; Joseph et al., 2018). This argument is strengthened 
further in studies showing that AWRA-L v6.1 can accurately reproduce long term, historical trends 
comparing modelled and observed streamflow and runoff trends (Wasko et al., 2021). The model 
performance of individual regions as demonstrated by different uncertainty characteristics must be 
provided as one of the inputs into a confidence assessment on the ability to simulate hydrological 
dynamics alongside with hydro-climate change information. The NHP confidence assessment and the 
ability to simulate includes investigations into the following broad categories: i) ability of a GCM to 
represent large scale climate processes and drivers built on Climate Change in Australia work, ii) 
influence of bias-correction on the climate input variables (Peter et al. in preparation) as well as 
hydrological variables (Vogel et al., in preparation) and iii) the AWRA-L model to simulate a range of 
climates (this report).  

Table 7 – The summary of simulated AWRA-L runoff performance according to the Reliability and Precision metrics 
for each region (Median Values) using Relative Bias (B, the closer to zero, the better), Percentage of Coverage 
(POC, the higher, the better), Nash-Sutcliffe Efficiency (NSE, the higher, the better), and Coefficient of Variation 
(the lower, the better). Blue: the lowest uncertainty according to the reliability/precision metric; Green: low 
uncertainty; Yellow: moderate uncertainty; Pink: The highest uncertainty

NRM 
Cluster 

Reliability Precision 
Comment 

B POC NSE CV 

Central 
Slopes 

Below 
|0.3| 

Around 
0.15 

Less than 
0.6 

Larger 
than 0.25 

Modelling challenges: Dominance of 
non-perennial streams, and high 

dependency to baseflow  

East Coast 

Negative 
bias; 

below 
|0.3| 

Around 
0.2 

Larger 
than 0.7 

Around 
0.15 

Overall high reliability and precision 

Monsoonal 
North 

Below 
|0.3| 

Around 
0.2 

Larger 
than 0.6 

Around 
0.15 

Overall moderate performance 

Murray 
Basin 

Around 
0.5  

Around 
0.15 

Larger 
than 0.6 

Around 
0.15 

Modelling challenges: High dependency 
to baseflow 

Rangelands 
Larger 
than 1 

The 
poorest 

coverage  

Less than 
0.5 

The 
highest 

variation 

Modelling challenges: Low number of 
evaluation catchments, dominance of 

non-perennial streams, and high 
dependency to baseflow 

Southern 
Slopes 

Negative 
bias; 

higher 
than |0.3| 

Around 
0.2 

Larger 
than 0.7 

Around 
0.15 

Overall high reliability and precision 

Southern 
and South-

Western 
Flatlands 

Larger 
than 1 

The 
highest 

coverage 

Less than 
0.6 

Larger 
than 0.25 

Modelling challenges: High flashiness 
and systematic elimination of the majority 
of its catchments through the calibration 

process 
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Wet 
Tropics 

The 
lowest 
value 

Around 
0.2 

Larger 
than 0.7 

The 
lowest 
value 

Overall high reliability and precision 
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