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A key aim of the Eastern Seaboard Climate Change Initiative (ESCCI) is under-
standing the effect of climate change on the eastern seaboard of Australia, and the 
implications for climate change adaptation in this area. The New South Wales 
(NSW) / Australian Capital Territory (ACT) Regional Climate Modelling project 
(NARCliM) has produced three dynamically downscaled reanalysis climate da-
tasets along with 12 downscaled general circulation model (GCM) projections of 
current (1990–2009) and future climate. It is expected that the NARCliM dataset 
will be used for many climate change impact studies including water security as-
sessment. Therefore, in this study we perform a case study investigation into the 
usefulness and limitations of using NARCliM data for water security assessment, 
using the Lower Hunter urban water supply system managed by Hunter Water 
Corporation. We compare streamflow and reservoir levels simulated using NAR-
CliM rainfall and a gridded historical rainfall dataset (AWAP) and focus our anal-
ysis on the differences in the simulated streamflow and reservoir levels. We show 
that when raw (i.e. not bias-corrected) NARCliM rainfall and potential evapotran-
spiration (PET) data is used to simulate streamflow and reservoir storage levels, 
some of the NARCliM datasets produce unrealistic results when compared with 
the simulations using AWAP; for example, some NARCliM datasets simulate res-
ervoirs at or near empty while the AWAP reservoir simulations rarely drop below 
60%. The bias-corrected NARCliM rainfall (corrected to AWAP) produces esti-
mates of streamflow and reservoir levels that have a closer, but still inconsistent, 
match with the streamflow and reservoir levels simulated using AWAP directly. 
The inconsistency between the simulations using bias-corrected rainfall and his-
torical AWAP rainfall is potentially because while bias-correction reduces sys-
tematic deviations it does not fix temporal rainfall sequencing issues. Additional-
ly, the NARCliM PET is not bias-corrected and using bias-corrected rainfall with 
uncorrected PET in hydrological models results in physical inconsistencies in the 
rainfall-PET relationship and simulated streamflow. We demonstrate that rainfall 
plays a large role in the streamflow simulations, while PET seems to play a large 
role in the reasonableness of the simulated reservoir dynamics by determining the 
evaporation losses from the reservoirs. The downscaled GCM datasets that simu-
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late the greatest average PET for 1990–2009 show reservoirs often (unrealistical-
ly) near empty. This study highlights the need to assess the validity of all climate 
data for the applications required, with a focus on long-term statistics for reservoir 
modelling and ensuring realism and coherence across all projected variables. 

 

1. Introduction 

The eastern seaboard of Australia is a relatively narrow (100 km east to west) coastal strip, east of the Great Dividing 
Range. The eastern seaboard, where over 50% of Australia’s population resides, experiences high rainfall variability (e.g. 
Kiem and Franks 2001, Verdon et al. 2004, Risbey et al. 2009, Callaghan and Power 2014). This region is known to re-
spond differently to large-scale ocean drivers than regions west of the Great Dividing Range (e.g. Verdon and Franks 
2005, Verdon-Kidd and Kiem 2009, Timbal 2010). The recent drought, which affected a large proportion of eastern Aus-
tralia from the mid-1990s until early 2010 (e.g. Verdon-Kidd and Kiem 2009, Gallant et al. 2012), highlighted that water is 
highly allocated on the eastern seaboard and the human systems dependent on water in this area are at the core of our envi-
ronmental and economic welfare. Existing competition over water use between urban, high value agriculture (e.g. viticul-
ture), mining and power stations in the Hunter Valley, New South Wales (NSW), are just one example of the importance 
of water supply to economic security. Yet for all that, our understanding of a key driver of water supply, the effect of cli-
mate change, and how our existing and future water supply infrastructure will respond to future changes is very limited 
(e.g. Kiem and Verdon-Kidd 2011). 

The Eastern Seaboard Climate Change Initiative (ESCCI) project, which has been initiated and funded by the NSW gov-
ernment, aims to understand the effect of climate change on the eastern seaboard of Australia, and the implications for 
climate change adaptation in this area. Under ESCCI there are six subprojects. ESCCI Project 5, being carried out by The 
University of Newcastle (NSW, Australia) is investigating the influence of East Coast Lows (ECLs) on the water security 
of coastal NSW. ECLs are intense low-pressure systems which occur off the east coast of Australia and can generate heavy 
rainfall, often resulting in major flooding. The rainfall associated with ECLs is also important for generating significant 
inflows into major water storages along coastal NSW (Pepler and Rakich 2010). Each year there are about ten significant 
maritime lows and generally (i.e. at least once a year), these troughs develop into major ECL events. These major ECL 
events are critical to water security on the eastern seaboard, as they refill reservoirs. Therefore, ESCCI Project 5 investi-
gates the role of ECLs in water security via three interconnected subprojects: 

1. Investigate ECL formation, impacts, historical variability and future projections (see Kiem et al. 2016).  
2. Test the hydrologic validity of downscaled climate data for water security assessment (see Parana Manage et al. 

2016). 
3. Assess the impact of ECLs on water security.  

This paper presents findings from the third of these three sub-projects. This study will not explicitly look at ECL impacts on 
water security but we reference ECL dynamics as motivation for this study. Kiem et al. (2016) describes these dynamics. 

To study the water security implications of ECLs, and the impact of climate change along the eastern seaboard of Austral-
ia, we need historical data to assess the historical impacts of ECLs and climate variability on water availability, dry spells, 
and breaking of dry spells. This provides a base-line against which to assess future changes. When observed climate data, 
which is needed to force hydrology models, are not available, reanalysis data can be used to assess the historical hydrolog-
ical variability. To assess future hydrological variability and ECL impacts, general circulation models (GCMs) can be 
used. However, reanalyses and GCMs are not designed for regional climate applications, and thus cannot be expected to 
resolve the spatial variability of climate within the eastern seaboard. 

Dynamical downscaling of reanalysis and GCM climate data can help to resolve the spatial variability of climate along the 
eastern seaboard as well as the small scale weather events important for reservoir dynamics, such as ECLs. However, these 
processes are not completely resolved in the downscaling of reanalyses and GCMs (e.g. Parana Manage et al. 2016). The 
NARCliM (NSW/ACT Regional Climate Modelling) project has produced dynamically downscaled climate data at a 10km 
resolution for southeast Australia. As part of NARCliM, three regional climate models (RCMs) were used to downscale a 
reanalysis dataset for 1950–2009 and four GCM datasets for three epochs (1990–2009, 2020–2039, 2060–2079).  



Lockart. Dynamically downscaled climate model data for assessing water security 179 

Dynamical downscaling of GCM climate data using RCMs produces simulated climate data that are physically consistent 
at a high spatial resolution; however, the simulated climate data are still prone to biases. These biases arise from two major 
sources 1) biases in boundary conditions from an imperfect reanalysis or GCM, and 2) imperfections in the RCM itself 
(Kanamaru and Kanamitsu 2007, Schoetter et al. 2012). From a hydrological perspective, biases in rainfall are particularly 
important (Teng et al. 2015). Bias-correction techniques can be used to reduce systematic deviations in the generated cli-
mate data (Argüeso et al. 2013). However, given limitations in observed data, which is used in the bias-correction process, 
not all generated climate variables can be bias-corrected. When bias-corrected data is used in conjunction with uncorrected 
data, the two data sets may no longer be physically consistent (Evans and Argüeso 2014). An additional limitation of bias-
correction is that it does not fix rainfall sequencing issues and, therefore, errors in bias-corrected rainfall can lead to ampli-
fied errors in modelled streamflow (Teng et al. 2015). Therefore, there are both advantages and disadvantages to using 
uncorrected and bias-corrected climate data. 

With one of the intended uses of NARCliM datasets being to assess the impact of climate change on water supply 
schemes, it is important that these datasets are suitable for this purpose. Bulk water supply systems for major cities consist 
of reservoirs linked by pipelines, canals and pumping stations that are designed to minimise the likelihood of running out 
of water (Berghout 2009). Typically the amount of storage in these reservoirs is many years supply so that an extended 
drought can be managed with minimal social and economic damage. Droughts across eastern Australia since the mid-
1980s have highlighted the potential sensitivity of these systems not just to extended drought but also to the impact of dry-
ing climate due to climate change.  

To assess water security it is not simply enough to model streamflow in rivers as a result of ECL and non-ECL events. We 
must also assess the performance of the whole infrastructure system we use to manage water, so that water is available to us-
ers when and where they need it. The Australian urban water sector makes extensive use of simulation models to plan and 
manage bulk water systems. One of the modern approaches being trialled or used by many water authorities worldwide is 
based on network linear programming (NLP), with two software packages serving most of the major urban sector in Austral-
ia, REALM (Melbourne, Canberra) (Diment 1991) and WATHNET5 (Sydney, southeast Queensland, Newcastle, Perth) 
(Kuczera et al. 2009). A key reason for using NLP is to avoid the need to specify complex rules for allocating water from 
multiple sources (this has been the traditional approach), thus reducing the complexity of the decision making process. 

The aim of this paper is to provide an initial evaluation of the usefulness and limitations of NARCliM data for assessment 
of water security in the context of a case study urban water supply scheme. The focus of this assessment is a comparison of 
the streamflow and reservoir levels simulated from hydrological models forced with inputs of historical (from the Australi-
an Water Availability Project; AWAP) and NARCliM climate data. The extent to which the hydrological models simulate 
streamflow and reservoir levels in the real world is beyond the scope of this study. Therefore, the errors in the streamflow 
and reservoir levels when forced with NARCliM data are not calculated relative to recorded streamflow and reservoir lev-
els but relative to the streamflow and reservoir levels generated by hydrological models forced with climate data from the 
AWAP dataset. Both the downscaled NARCliM reanalysis and GCM data sets are investigated. The variability between 
the three downscaled reanalysis simulations provides an indication of the 10 km2 resolution variability introduced by the 
RCM downscaling process subject to the variability that they have in common from the low resolution reanalysis that 
drives the simulations. We assess the downscaled GCM simulations for the current epoch to see how well they reproduce 
current climate. This can be used in later work to assess likely biases in the future epoch simulations. Initially the quality 
of the simulated streamflow using NARCliM downscaled reanalysis and GCM data is investigated. Subsequently we ex-
amine the simulated reservoir storage behaviour, for an urban water supply scheme in the Lower Hunter.  

 

2. Data 

2.1 Case study region 

The case study chosen is the Lower Hunter system, located on the east coast of NSW, shown in Figure 1. In the Australian 
context, the Lower Hunter system harvests water from relatively high yielding catchments and can therefore meet water 
supply needs with comparatively small annual carryover storage. Hunter Water Corporation (HWC) operates the urban 
bulk water system for the Lower Hunter region. 
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Figure 1 Map of Lower Hunter catchment and sub-catchments along with NARCliM and AWAP pixels. 
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The bulk water supply for the Lower Hunter is drawn from a combination of surface storages and groundwater resources. 
The major components of the current supply and distribution system include: 

 Chichester Dam on the Williams River, which has an active capacity of 18 350 ML; 
 Chichester Trunk Gravitational Main (CTGM); 
 Seaham Weir on the Williams River; 
 Balickera Diversion Channel off Seaham Weir; 
 Grahamstown Dam—an off river storage with a capacity of 182 400 ML; and 
 Tomago Sandbeds and Tomaree groundwater sources. 

Figure 2 (adapted from Mortazavi-Naeini et al. 2013) presents a detailed schematic of the Lower Hunter bulk water system 
showing catchments, aquifers and major fluxes.  

The Williams River is a major surface water source. The Tillegra and Chichester catchments, located at a higher elevation 
than the other catchments, provide the highest runoff yield to the Williams River. Flows within the Williams River have 
been regulated with the construction of Chichester Dam and Seaham Weir. HWC currently extracts water from the Wil-
liams River via Chichester Dam and pumps from Seaham Weir to Grahamstown Dam. See Mortazavi-Naeini et al. (2013, 
2015) for a more detailed description of the Lower Hunter region. 

 

Figure 2 Schematic of Lower Hunter water sources (adapted from Mortazavi-Naeini et al. 2013) 

 

2.2 NARCliM climate data  

The NARCliM project (Evans et al. 2014) has generated gridded climate data at 10 km spatial resolution for southeast 
Australia. In producing the NARCliM dataset, Evans et al. used three RCM configurations from the Weather Research and 
Forecasting (WRF) modelling system to dynamically downscale the National Centers for Environmental Prediction 
(NCEP) / National Center for Atmospheric Research (NCAR) reanalysis climate data (Kalnay et al. 1996) from 1950 to 
2009. These three RCM configurations were also used to downscale climate data from four GCMs (MIROC-medres 3.2, 
ECHAM5, CCCMA 3.1 and CSIRO-Mk3.0) for three 20 year epochs (1990–2009, 2020–2039, and 2060–2079). From 
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here on we use the terms ‘reanalysis-RCM’ and ‘GCM-RCM’ to indicate that we are using the RCM downscaled reanaly-
sis and GCM data.  

In the design of NARCliM, Evans et al. (2014) assessed a full set of RCM configurations to select only those RCM con-
figurations that were able to adequately simulate the climate of southeast Australia. From the set of RCM configurations 
that performed well, three were chosen that spanned the uncertainty of the larger set, assessed by the covariance of the 
model error. Due to computational constraints, Evans et al. only evaluated the RCM configurations based on their simula-
tion of eight representative historical storms where each storm was simulated for a 2-week period centred on the peak of 
the event. They did not use multiyear simulations for model evaluation (Evans et al. 2014).  

The four GCMs, selected from the World Climate Research Programme's (WCRP's) Coupled Model Intercomparison Pro-
ject phase 3 (CMIP3) multi-model dataset (Meehl et al. 2007), were also chosen based on their performance at simulating 
the climate of southeast Australia. In addition, the four GCMs were chosen to span the range of projected future change in 
order to sample this additional source of uncertainty (Evans et al. 2014). The range of projected future change was as-
sessed using the projected change in temperature and precipitation, as simulated by the full set of models that performed 
well for the climate of southeast Australia. 

In this study we use the NARCliM hourly rainfall data and 3 hourly potential evapotranspiration (PET) data, which we 
aggregated to daily for our analyses. The NARCliM PET data was calculated using a modified Penman approach (Chen 
and Dudhia 2001), which uses net radiation, temperature, vapour pressure and wind speed data to estimate PET (Penman 
1948). We use rainfall and PET data from both the 3 reanalysis-RCM datasets and the 12 GCM-RCM datasets for the first 
20-year epoch (1990–2009). The NARCliM project provided both uncorrected and bias-corrected rainfall for all of the 
reanalysis-RCM and GCM-RCM datasets. The bias-correction of the rainfall used gridded rainfall data from AWAP 
(Jones et al. 2009). However, PET has not been bias-corrected as there were no long, reliable observational time series 
(Evans and Argüeso 2014). We recognise that using both corrected (e.g. bias-corrected rainfall) and uncorrected (e.g. PET) 
outputs to drive hydrological models will lead to physical inconsistencies (Evans and Argüeso 2014). Therefore, in this 
study we use both the uncorrected and bias-corrected rainfall in the assessment of the NARCliM data for hydrological ap-
plications. 

When using the downscaled reanalysis-RCM data, we recognise that during the downscaling process for the reanalysis 
data, there was no data assimilation of observed (e.g. rain gauge) rainfall. The NCEP/NCAR reanalysis data was first 
downscaled to a 50 km domain using WRF RCMs conditioned at the lateral boundaries and sea surface temperatures 
(SSTs) by NCEP/NCAR. The downscaling also used weak spectral nudging in the upper troposphere (above 500hPa). 
Synoptic and smaller scale features were not explicitly constrained. The 50 km domain was then downscaled to 10 km 
where the 10 km domain was conditioned at the lateral boundaries and SSTs by the 50 km domain. For the 10 km domain 
this means that since the NCEP/NCAR information at the boundaries of the 50 km domain is far away, and the spectral 
nudging does not target synoptic (or smaller) scales, there is only weak conditioning of NCEP/NCAR especially for the 
advection of synoptic scale features within the NARCliM domains. This means that the timing and track of low pressure 
systems (and associated rainfall) can differ from NCEP/NCAR. Therefore we can only expect the NARCliM simulations 
to reproduce the probability distribution rather than the actual observed rainfall (Evans, personal communication). 

2.3 Historical climate data 

The historical rainfall data used in this study is the AWAP gridded daily rainfall data from 1950–2009 (Jones et al. 2009, 
Tozer et al. 2012). This is the same rainfall data used in the bias-correction of the NARCliM rainfall. The PET dataset used 
is the monthly mean daily catchment average PET (see Figure 1) from 1950–2009 which was provided by HWC and had 
been generated from the SILO gridded PET dataset (http://www.longpaddock.qld.gov.au/silo/), as described in Mortazavi-
Naeini et al. (2015). We use a daily series of PET where each day of the month has the same value to remove the physical 
link with the rainfall. This allows us to use the same daily PET series with different rainfall series. The SILO PET data 
was calculated using Morton’s Wet Environment Areal model (BMT WBM 2012), which uses net radiation, temperature 
and vapour pressure data to estimate PET (Morton 1983). The AWAP rainfall, in combination with the SILO PET, is used 
to simulate the historical streamflow and reservoir volume series. We refer to these streamflow and reservoir volume series 
as ‘historical’ series and stress that this is modelled hydrology, not observed hydrology. 

We recognise that the historical SILO PET and NARCliM PET were calculated using two different approaches. The SILO 
PET used the Morton method which does not use wind speed in its formulation, while the NARCliM PET used the Pen-
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man method which does use wind speed. We can therefore expect differences between the generated historical and NAR-
CliM hydrology. However, using the NARCliM PET allows for an assessment of the suitability of the raw NARCliM data 
for hydrologic purposes. Given the expected hydrological differences, we also generate the NARCliM streamflow and 
reservoir volumes using the NARCliM rainfall but the monthly mean daily historical SILO PET. This allows us to focus 
on just the suitability of the NARCliM rainfall for hydrological modelling. Derivation of Morton’s Wet Environment Areal 
PET using NARCliM climate data and its impact on simulated Lower Hunter hydrology will be the focus of a future study. 

 

3. Hydrological models 

To assess the water security of the Lower Hunter, we use two models: SimHyd and WATHNET5. The SimHyd model is 
used to simulate daily streamflows. WATHNET5 is a bulk water system simulation model which amongst other things is 
used to simulate reservoir levels. A brief description of SimHyd and WATHNET5 is given next. 

3.1 Lower Hunter SimHyd model 

The rainfall-runoff model used in this study is SimHyd (Chiew and Siriwardena 2005). SimHyd is a lumped conceptual 
model that simulates daily streamflow using daily rainfall and PET as inputs. The model operates by accounting for water 
that is stored in, transferred between or overflowing from three conceptual stores: an interception store, a soil moisture 
store and a groundwater store. The case study SimHyd model for the Lower Hunter was calibrated in a previous study 
(BMT WBM 2012, HWC 2012). The input rainfall and PET information used for this calibration was sourced from SILO 
in 2012 and the model was calibrated against a twenty-five year period of observed streamflow data (see BMT WBM 2012 
and HWC 2012 for more details). All streamflows in this paper are simulated using this previously calibrated Lower 
Hunter SimHyd model. Historical streamflow referred to in this paper is streamflow generated by SimHyd using historical 
AWAP rainfall and SILO PET. 

The calibrated SimHyd model uses catchment average rainfall and PET as inputs. Therefore, when using the NARCliM 
data in SimHyd, we calculate the catchment daily rainfall and PET as the area-weighted average of data from the NAR-
CliM pixels that lie within each of the catchment areas, shown in Figure 1. Similarly we calculate the catchment daily rain-
fall for AWAP as the area-weighted average of each of the catchment areas. 

3.2 Lower Hunter WATHNET5 model 

WATHNET5 (Kuczera et al. 2009) is a bulk water system simulation model which uses a network flow program to allo-
cate water within the system. The bulk water system is represented as a directed graph which is a collection of nodes and a 
set of unidirectional arcs. The nodes represent source, demand or transfer points in the network. The arcs represent flow 
paths from one node to another.  

A research focused WATHNET5 model of the Lower Hunter has previously been built (Mortazavi-Naeini et al. 2013, 
2015). The Lower Hunter WATHNET5 model has inputs of monthly streamflow and PET for each of the five catchments 
shown in Figure 1. Outputs of the model include time series of reservoir storage and total storage for the Lower Hunter 
system. A detailed description of the Lower Hunter WATHNET5 model can be found in Mortazavi-Naeini et al. (2013, 
2015). All reservoir storages in this study, including the historical AWAP storages, are simulated using WATHNET5. 

 

4. Experimental design 

In this study we assess the suitability of the NARCliM climate data for hydrological applications by comparing the outputs 
from the SimHyd and WATHNET5 models using NARCliM rainfall and PET inputs with the outputs from the SimHyd 
and WATHNET5 models using historical AWAP rainfall and SILO PET inputs.  

As previously described, the SimHyd model used was calibrated using SILO rainfall and PET data. However, in this study 
we use the AWAP rainfall (in conjunction with the SILO PET data) to simulate historical streamflow and reservoir levels. 
We use AWAP instead of SILO rainfall as the NARCliM rainfall was bias-corrected to the AWAP data. We still use the 



Lockart. Dynamically downscaled climate model data for assessing water security 184 

SILO PET as this was used in the calibration of SimHyd. We therefore do not expect the simulated streamflow and reser-
voir levels using AWAP to match observed historical streamflow and reservoir levels. However, simulation of streamflow 
and reservoir levels that match the observed streamflow and reservoir levels is not the objective of this study. We aim to 
assess how the outputs from SimHyd and WATHNET5 using AWAP rainfall and SILO PET inputs compare with SimHyd 
and WATHNET5 outputs obtained using NARCliM rainfall and PET inputs. 

The simulations of streamflow and reservoir levels using AWAP rainfall and SILO PET inputs are considered ‘synthetic 
truth’ in this study. For convenience, these ‘synthetic truth’ simulations are referred to as ‘historical’ from here on. We 
stress that these ‘historical’ streamflows and reservoir levels are not observed; they are modelled. As all streamflows and 
reservoir levels (historical AWAP and NARCliM) are simulated using the same models, they are subject to the same mod-
elling errors. The models used are industry standard and have been previously calibrated and validated for our case study 
catchment (Mortazavi-Naeini et al. 2013, 2015). An assessment of the influence of the modelling errors on the simulated 
streamflow and reservoir levels is not relevant to our experimental design. However, we acknowledge that all models used 
will be sensitive to errors and different characteristics in the input data and will therefore generate their own errors, which 
will be present in the simulated (historical AWAP and NARCliM) streamflow and reservoir levels. 

4.1 Validation of NARCliM reanalysis-RCM streamflow and reservoir storage levels 

We first assess the usefulness of the NARCliM reanalysis-RCM data for hydrological applications. This is done for two 
reasons: 

i. When historical observations of climate are not available or are incomplete, reanalysis-forced simulations may be 
useful to model the effects of historical climate variability on hydrological variables. 

ii. The RCM downscaling will introduce additional errors into both the reanalysis-RCM and GCM-RCM simula-
tions. By comparing the three reanalysis-RCM simulations with historical AWAP simulations, we can gain in-
sight into the errors and variability introduced by the downscaling process. These errors will also be present in the 
GCM-RCM simulations. 

In the validation of the NARCliM reanalysis-RCM datasets we use both the uncorrected rainfall and bias-corrected rain-
fall. Using the uncorrected rainfall provides an insight into the fundamental capabilities of the NARCliM models, while 
using the bias-corrected rainfall provides insight into the capabilities of the bias-correction technique. 

An initial assessment of the validity of use of the reanalysis-RCM data for water security assessment is achieved by first 
comparing the historical AWAP and reanalysis-RCM monthly mean daily catchment average rainfall. The catchment av-
erage daily rainfall and PET is then input into the Lower Hunter SimHyd model to give the following daily streamflows: 

1. historical AWAP streamflow generated using the AWAP historical rainfall and SILO historical PET; 
2. reanalysis-RCM streamflow using NARCliM uncorrected rainfall and NARCliM PET; 
3. reanalysis-RCM streamflow using NARCliM uncorrected rainfall and SILO historical PET; 
4. reanalysis-RCM streamflow using NARCliM bias-corrected rainfall and NARCliM PET; and 
5. reanalysis-RCM streamflow using NARCliM bias-corrected rainfall and SILO historical PET. 

From here on all streamflows simulated using the uncorrected NARCliM rainfall are referred to as ‘uncorrected stream-
flow’ and the streamflow generated using the NARCliM bias-corrected rainfall are referred to as ‘bias-corrected stream-
flow’. 

We then compare the historical AWAP catchment streamflows and the NARCliM catchment streamflows, focusing on the 
characteristics that have the greatest influence on water supply drought risk (Mortazavi-Naeini et al. 2013). We compare 1) 
the mean monthly streamflow volumes, 2) the probability distributions of multi-year moving averages of streamflow and 
3) the monthly autocorrelation in the streamflows.  

The monthly streamflow totals are then input into WATHNET5 to give monthly reservoir storages. All simulations start 
with the reservoirs having full storage. We present the Chichester Dam, Grahamstown Dam, Tomago Sandbed and total 
system storage levels derived using each of the reanalysis-RCM datasets as well as the historical AWAP streamflows. 
Probability distributions of the reservoir storage levels are also presented. When calculating the storage distributions, we 
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did not use the first three years of data to remove the effect of the initial conditions of the simulations starting with full 
reservoirs. 

Similar to the streamflow, all reservoir storages simulated using the uncorrected NARCliM rainfall and streamflow are 
referred to as ‘uncorrected storages’ and the reservoir storages generated using the NARCliM bias-corrected rainfall and 
streamflow are referred to as ‘bias-corrected storages’. 

4.2 Validation of NARCliM GCM-RCM streamflow and reservoir storage levels 

Following the simulation of reanalysis-RCM streamflow and reservoir storage levels, the catchment average rainfall and 
PET from each of the GCM-RCM combinations for the 1990-2009 epoch is input into SimHyd to simulate the following 
streamflows: 

1. GCM-RCM streamflow using NARCliM uncorrected rainfall and NARCliM PET, 
2. GCM-RCM streamflow using NARCliM uncorrected rainfall and SILO historical PET, 
3. GCM-RCM streamflow using NARCliM bias-corrected rainfall and NARCliM PET, 
4. GCM-RCM streamflow using NARCliM bias-corrected rainfall and SILO historical PET. 

These streamflows are then input into WATHNET5 to simulate the reservoir storage levels.  The same analysis used to 
assess the reanalysis-RCM simulations is repeated for the GCM-RCM simulated streamflow and reservoir storage levels. 

 

5. Results 

5.1 Comparison of historical and NARCliM reanalysis-RCM rainfall 

This section provides a comparison of the historical AWAP and NARCliM reanalysis-RCM rainfall. This comparison will 
be useful for interpretation of differences in streamflow and reservoir volumes between the three reanalysis-RCM simula-
tions and the historical AWAP simulations discussed in the next sections. 

Figure 3 shows the monthly mean daily rainfall for Chichester, which is a high elevation catchment in the Lower Hunter, 
and for Seaham, which is a low elevation catchment in the Lower Hunter. The historical AWAP rainfall is shown along 
with the uncorrected and bias-corrected reanalysis-RCM rainfall. 

All three reanalysis-RCM rainfall series follow the same seasonal cycle as the historical AWAP rainfall series with en-
hanced rainfall in summer/autumn and reduced rainfall in winter/spring. However, at Chichester, the rainfall for uncorrect-
ed reanalysis-RCMs 1 and 3 is up to 2 times greater than the AWAP rainfall. At Seaham, the rainfall using uncorrected 
reanalysis-RCMs 1 and 3 is about 1.5 times greater than the historical AWAP rainfall. This overestimation is not as large 
for uncorrected reanalysis-RCM2 for all catchments, and for the lower elevation catchments in the Lower Hunter (e.g. 
Seaham) uncorrected reanalysis-RCM2 is almost identical to the historical AWAP rainfall. 

The bias-corrected reanalysis-RCM rainfall series are closer to the historical AWAP series compared to the uncorrected 
reanalysis-RCM rainfall. The bias-corrected rainfall is similar to the historical AWAP rainfall for all months for all catch-
ments. However, reanalysis-RCMs 2 and 3 have slightly lower rainfall than the historical in January and February at 
Chichester. The better fit of the bias-corrected rainfall to AWAP is to be expected since the bias-correction was performed 
using the AWAP data. 
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Figure 3 Monthly mean daily rainfall for Chichester (left) and Seaham (right) catchments calculated using NARCliM 
reanalysis-RCM uncorrected and bias-corrected (bc) rainfall and historical AWAP rainfall. 

 

 

5.2 Comparison of historical and NARCliM reanalysis-RCM streamflow 

This section presents a comparison of the historical AWAP and NARCliM reanalysis-RCM streamflow volumes. We first 
compare the three reanalysis-RCM and historical AWAP mean monthly streamflows, shown for Chichester and Seaham 
catchments in Figure 4. Streamflow simulated using both the uncorrected and bias-corrected rainfall in combination with 
the NARCliM and historical SILO PET are shown.  

Analysis of the mean monthly streamflow datasets using both the NARCliM PET and historical SILO PET reveals that all 
reanalysis-RCM series follow the same seasonal cycle as the historical AWAP streamflow series with enhanced stream-
flow in summer/autumn and reduced streamflow in winter/spring. However, for catchments with greater elevation and 
rainfall in the Lower Hunter (e.g. Chichester), the streamflow generated using the uncorrected rainfall in reanalysis-RCMs 
1 and 3 is over 3 times greater than the AWAP historical streamflow. The streamflow differences are greater than that for 
the rainfall because the rainfall-runoff transformation is nonlinear and for Australia it is common for percentage decreases 
in runoff to be 2–3 times the decreases in rainfall (Chiew 2006). As these catchments have high streamflow volumes, this 
overestimation will have large impacts on the reservoir levels and consequent conclusions about water security. At the 
lower elevation catchments (e.g. Seaham), the streamflow using uncorrected reanalysis-RCMs 1 and 3 is up to 2 times 
greater than the historical AWAP streamflow. This overestimation is not as large for uncorrected reanalysis-RCM2, and 
for the lower elevation catchments in the Lower Hunter, reanalysis-RCM2 even slightly underestimates the streamflow 
when compared with the historical AWAP volumes, which is consistent with the rainfall trends. 

The streamflows generated using the bias-corrected rainfall, regardless of PET source used for the simulation (NARCliM 
or SILO historical), have a much lower volume compared to the uncorrected streamflows, particularly for the higher eleva-
tion catchments in the Lower Hunter. The bias-corrected streamflow is similar to the historical AWAP streamflow for all 
months and catchments in the Lower Hunter. 

Comparing the streamflows generated using the NARCliM PET and historical SILO PET reveals that the streamflows with 
the NARCliM PET are slightly lower than the streamflows generated using the historical SILO PET. The lower stream-
flow values are due to higher PET rates. The NARCliM PET rates for the three reanalysis-RCMs are similar and range 
from approximately 2 mm/d in winter to 8 mm/d in summer for Chichester while the historical SILO PET ranges from 
approximately 1 mm/d in winter to 6 mm/d in summer. However, given that only a slight difference in streamflow was 
simulated using the two PET sources, it is clear that the influence of rainfall on streamflow is much stronger than the in-
fluence of the PET. 
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Figure 4 Mean monthly streamflow for Chichester (top) and Seaham (bottom) catchments. The streamflow is gener-
ated using uncorrected and bias-corrected reanalysis-RCM rainfall and NARCliM PET (left) and uncorrect-
ed and bias-corrected reanalysis-RCM rainfall and historical SILO PET (right). The historical AWAP 
streamflows are simulated using the historical SILO PET. 

 

Figure 5 compares the two and five year moving average streamflow probability distributions for the historical AWAP and 
NARCliM reanalysis-RCM streamflow datasets. Results are presented for the Chichester catchment using the NARCliM 
PET and historical SILO PET. The streamflows calculated using the NARCliM PET for all three uncorrected reanalysis-
RCM datasets consistently exceed the historical AWAP streamflow volumes for all exceedance probabilities. The overes-
timation, compared to the AWAP historical volumes, ranges from approximately 200 000 ML for reanalysis-RCM2 to 
600 000 ML for reanalysis-RCM3 for the two year aggregated streamflows. Given that the active capacity of Chichester 
Dam is 18 350 ML this is a significant difference. For other catchments, the overestimation compared with the historical 
AWAP volumes is smaller (these catchments receive lower average rainfalls). Reanalysis-RCM2 even slightly underesti-
mates the historical AWAP streamflow volumes at Seaham and Grahamstown catchments (not shown). Compared to the 
uncorrected reanalysis-RCM streamflows, the bias-corrected reanalysis-RCM streamflows match more closely to the his-
torical AWAP streamflow, particularly for the lower elevation catchments in the Lower Hunter. For the higher elevation 
catchments in the Lower Hunter (e.g. Chichester; Figure 5), the bias-corrected reanalysis-RCM streamflow tends to slight-
ly underestimate the historical AWAP streamflow.  

The two and five year moving average streamflow probability distributions estimated using the historical SILO PET are 
also shown in Figure 5. The streamflow distributions using the historical SILO PET show a slightly greater volume than 
the streamflow estimated using the NARCliM PET. Therefore the bias-corrected reanalysis-RCM streamflows show a 
slightly better match to the historical AWAP streamflows using the historical SILO PET rather than the NARCliM PET. 
From Figure 5 it is again clear that rainfall has a much greater influence than PET on the multi-year streamflow volumes. 
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Figure 5 Two and five year moving average streamflow probability distributions for Chichester catchment. The 
streamflow is generated using uncorrected and bias-corrected reanalysis-RCM rainfall and NARCliM PET 
(left) and uncorrected and bias-corrected reanalysis-RCM rainfall and historical SILO PET (right). The his-
torical AWAP streamflows are simulated using the historical SILO PET. 

 

Figure 6 compares the historical AWAP and reanalysis-RCM monthly streamflow autocorrelations, shown for Chichester 
and Seaham catchments. The 95% confidence limits are also shown in Figure 6 (calculated as ±2 standard errors) where 
values inside the confidence limits are not significantly different from 0 (Bras and Rodriguez-Iturbe 1985). Only the auto-
correlations for the uncorrected streamflow are shown as the bias-corrected streamflow autocorrelations are very similar to 
the uncorrected streamflow autocorrelations. At each catchment, the historical AWAP and NARCliM reanalysis-RCM 
streamflows have similar autocorrelation values, although reanalysis-RCMs 2 and 3 tend to slightly overestimate the 
strength of the historical AWAP 12 month lag autocorrelation at Seaham. The similarity between the historical AWAP and 
NARCliM reanalysis-RCM autocorrelations suggests that the persistence in the streamflow is similar between all series. 
Comparison of the Chichester (higher elevation) and Seaham (lower elevation) autocorrelations shows that there is a 
stronger seasonal cycle at the higher elevations. This means that there is less annual variability in the streamflow at the 
higher elevations in the Lower Hunter. 

5.3 Comparison of historical and NARCliM reanalysis-RCM reservoir storage levels 

The difference in streamflow between the reanalysis-RCMs leads to different reservoir storage time series as simulated by 
WATHNET5. The simulated storage levels for the total system as well as Chichester Dam, Grahamstown Dam and the 
Tomago Sandbeds are shown in Figure 7 using both the uncorrected and bias-corrected rainfall and NARCliM PET. The 
historical AWAP simulated reservoir storages are also shown.  
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Figure 6 Autocorrelations for Chichester (left) and Seaham (right) catchment historical AWAP monthly streamflow 
and uncorrected reanalysis-RCM streamflow. The blue lines are the 95% confidence limits of the null hy-
pothesis (i.e. the correlations are not significantly different from 0). 

 

As shown in Figure 7 the uncorrected reanalysis-RCM1 and RCM3 time series show very little drawdown in the reservoir 
storages, with total storage rarely dropping below 90%, indicating that there is sufficient streamflow into the system to 
meet demand and ensure the reservoirs remain near full. Reanalysis-RCM2, which has less streamflow, does show draw-
down of the storage levels. 

Comparison of the uncorrected reanalysis-RCMs with the historical AWAP storage shows that none of the uncorrected 
reanalysis-RCMs produce drawdown events as large as the largest of the historical AWAP drawdown events. Additionally, 
the timing of the main drawdown events in the reanalysis-RCM time series are different from the historical AWAP events. 
Of the three uncorrected reanalysis-RCM time series, reanalysis-RCM2 has storage volumes that are most similar to the 
historical AWAP storages.  

The reservoir storages simulated using the bias-corrected rainfall have much larger drawdown events compared with the 
uncorrected simulations. The magnitude of the bias-corrected drawdown events tend to be larger than for the historical 
AWAP series, particularly for reanalysis-RCMs 2 and 3. Additionally, as was shown with the uncorrected series, the tim-
ing of the largest drawdown events are different to the timing of the largest historical AWAP drawdown events.  

Comparison of the bias-corrected and uncorrected drawdown events for a given reanalysis-RCM shows that the timing and 
dynamics are not identical. For example, for the total system storage using uncorrected reanalysis-RCM3, the drawdown 
events in 1969 and 1971 are of a similar magnitude. However, for the bias-corrected simulations, the 1969 drawdown 
event is much larger than the 1971 event, and prior to 1969 the system was last full in 1964 for the bias-corrected event 
rather than 1968 for the uncorrected event.  
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Figure 7 Time series of reservoir storage (%) for the total Lower Hunter system, Chichester Dam, Grahamstown Dam 
and Tomago Sandbeds. The reservoir storages are simulated using historical AWAP rainfall and SILO PET 
data and uncorrected reanalysis-RCM rainfall and NARCliM PET data (left) and bias-corrected reanalysis-
RCM rainfall and NARCliM PET (right). 

 

As a further comparison of the historical AWAP and reanalysis-RCM storage levels, Figure 8 shows probability distribu-
tions of the reservoir storage levels. Distributions using the four combinations of bias-corrected and uncorrected rainfall, 
NARCliM and historical SILO PET are shown, along with the historical AWAP distribution. 

Comparison of the uncorrected reanalysis-RCM reservoir probability distributions with the historical AWAP distribution 
shows that when using the NARCliM PET, uncorrected reanalysis-RCM2 has the most similar distribution to the historical 
AWAP distribution, although it overestimates storage in the drought years. In comparison, uncorrected reanalysis-RCMs 1 
and 3, whilst similar to each other, both systematically overestimate the historical AWAP distribution for all reservoirs. As 
expected from the analyses above, the bias-corrected reservoir storages for reanalysis-RCMs 2 and 3 are too low, underes-
timating the storage for most years. The probability distributions for bias-corrected reanalysis-RCM1 are most similar to 
the historical AWAP probability distributions for all reservoirs. 
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Figure 8 Probability distributions of storage (%) for the total Lower Hunter system, Chichester Dam, Grahamstown 
Dam and the Tomago Sandbeds. The probability distributions are derived using historical AWAP rainfall 
and SILO PET data and uncorrected and bias-corrected reanalysis-RCM rainfall and NARCliM PET data 
(left) and uncorrected and bias-corrected reanalysis-RCM rainfall and historical SILO PET data (right). 

 

When using the historical SILO PET, the bias-corrected reservoir probability distributions have a greater storage level for 
a given exceedance probability compared to the bias-corrected probability distributions using NARCliM PET. Using the 
historical SILO PET, bias-corrected reanalysis-RCM1 overestimates the historical AWAP distribution while bias-
corrected reanalysis-RCM2 underestimates the historical AWAP distribution for all reservoirs. In contrast, bias-corrected 
reanalysis-RCM3 has a close match with the historical AWAP distribution for all reservoirs, although it does still slightly 
underestimate storage in the most extreme droughts.  
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5.4 Comparison of 1990–2009 historical and NARCliM GCM-RCM rainfall 

This section provides a comparison of the historical AWAP and NARCliM GCM-RCM rainfall for the 1990–2009 epoch. 
Figure 9 shows the monthly mean daily rainfall for Chichester catchment. The historical AWAP rainfall is shown along 
with the uncorrected and bias-corrected GCM-RCM rainfall. 

The GCM-RCM rainfall series follow a similar seasonal cycle to the historical AWAP rainfall series with enhanced rain-
fall in summer/autumn and reduced rainfall in winter/spring. However, for the CSIRO-Mk3.0, ECHAM5 and MIROC3.2 
RCM simulations, the uncorrected rainfall is up to 2 times greater than the historical AWAP rainfall in summer and au-
tumn, and tends to be lower than the historical AWAP rainfall in winter and spring. The overestimation of historical 
AWAP rainfall is greatest for RCMs 1 and 3. 

For the CSIRO-Mk3.0, ECHAM5 and MIROC3.2 RCM simulations, the bias-corrected rainfalls are closer to the historical 
AWAP rainfall but still slightly overestimate the summer AWAP rainfall and underestimate the winter AWAP rainfall for 
all catchments. Compared to the uncorrected rainfall, bias-correction can lead to both higher and lower rainfall volumes. 
At the higher elevation catchments in the Lower Hunter (Tillegra and Chichester), bias-correction leads to rainfall volumes 
that are lower than the uncorrected volumes. However, for the other catchments, bias-correction results in higher rainfall 
for CSIRO-Mk3.0-RCM2, ECHAM5-RCM 1 and 3, and MIROC3.2-RCM2, with the remaining GCM-RCM combinations 
leading to rainfall that is lower than the uncorrected rainfall.  

For the CCCMA3.1-RCM simulations, the rainfall tends to be lower than the historical AWAP in summer and higher in 
autumn, but is similar to the historical AWAP in winter and spring. Compared with the other GCM-RCM simulations, the 
CCCMA3.1-RCM simulations tend to have lower rainfall in summer. For the CCCMA3.1-RCM simulations, the uncor-
rected and bias-corrected simulations are quite similar. Compared to the uncorrected rainfall, bias-correction tends to result 
in slightly higher rainfall volumes for all catchments, the exception being RCM3 at the higher elevation catchments. 

 

 

Figure 9 Monthly mean daily rainfall for Chichester catchment calculated using NARCliM GCM-RCM uncorrected 
and bias-corrected rainfall and historical AWAP rainfall for 1990–2009. 
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5.5 Comparison of 1990–2009 historical and NARCliM GCM-RCM streamflow  

In this section we assess the use of the downscaled GCM rainfall and PET data for streamflow modelling for the 1990–
2009 epoch. Figure 10 shows the mean monthly streamflow for the Chichester catchment, simulated using all GCM-RCM 
combinations with NARCliM PET and using the historical 1990-2009 AWAP rainfall and SILO PET.  

Figure 10 shows that the CSIRO-Mk3.0, ECHAM5 and MIROC3.2 RCM uncorrected streamflow series follow the same 
seasonal cycle as the historical AWAP streamflow series. However, the summer and autumn streamflow tends to be great-
er than the historical AWAP mean and the winter streamflow tends to be less than the historical AWAP mean. The bias-
corrected streamflows are closer to the historical AWAP streamflow but still slightly overestimate the summer streamflow 
and underestimate the winter streamflow. The streamflow produced by the CCCMA3.1-RCMs does not show the same 
seasonal cycle as the other GCM-RCMs, as autumn has the greatest streamflow. The volume of streamflow is also less for 
the CCCMA3.1-RCMs than the other GCM-RCMs. For CCCMA3.1-RCMs, the uncorrected and bias-corrected stream-
flow series are reasonably similar.  

For all GCM-RCM combinations, the discrepancy between the historical AWAP and GCM-RCM streamflow has a similar 
pattern to the discrepancy between the historical AWAP and GCM-RCM rainfall. For example, the CSIRO-Mk3.0, 
ECHAM5 and MIROC3.2 RCM simulations tend to have rainfall that is too high in summer and too low in winter and this 
is also seen for the streamflow volumes. This consistency between the rainfall and streamflow is also seen when compar-
ing the streamflow generated using the uncorrected and bias-corrected rainfall. For example, when the bias-correction re-
sults in lower rainfall volumes than the uncorrected rainfall (e.g. CSIRO-Mk3.0, ECHAM5 and MIROC3.2 RCMs in Fig-
ure 9) the bias-corrected streamflow is also lower. Also, the CCCMA3.1-RCM bias-corrected and uncorrected rainfall 
simulations are quite similar and so too are the bias-corrected and uncorrected streamflow simulations. 

 

 

Figure 10 Mean monthly streamflow for Chichester catchment. The streamflows are simulated using uncorrected and 
bias-corrected GCM-RCM rainfall and NARCliM PET. The historical AWAP streamflows are simulated us-
ing the historical SILO PET. 
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The lower streamflow volume and different seasonal cycle between the CCCMA3.1-RCMs and the other GCM-RCMs can 
be attributed to the rainfall and to a lesser extent PET dynamics, shown in Figure 11. For the CCCMA3.1-RCMs the sea-
sonal streamflow cycle is similar to the seasonal rainfall cycle with reduced summer rainfall and streamflow compared 
with the other GCM-RCM simulations. For the monthly mean daily PET (Figure 11) all GCM-RCM combinations show 
the same seasonal cycle, with enhanced PET in summer, and a similar reduced rate in winter of approximately 4 mm/d. 
However, the CCCMA3.1-RCMs have a greater PET rate in summer, nearly 14 mm/d compared with approximately 
9 mm/d shown in the other models. This greater PET rate combined with the lower rainfall in summer reduces the amount 
of streamflow generated for CCCMA3.1-RCMs. 

The PET for all GCM-RCM combinations is greater than the historical SILO PET for all months. The historical monthly 
mean daily PET for Chichester, determined from the SILO PET dataset, ranges from about 1 mm/d in winter to 6 mm/d in 
summer. Therefore, the PET rate estimated by all GCM-RCM combinations is too large. 

Figure 12 presents the autocorrelogram of the Chichester monthly streamflow volumes for each GCM-RCM combination 
as well as the historical AWAP streamflow for 1990–2009. Only the autocorrelations for the uncorrected streamflows are 
shown as the bias-corrected autocorrelations are very similar to the uncorrected autocorrelations. Additionally, only auto-
correlations for RCM1 are shown as RCMs 2 and 3 have autocorrelations very similar to RCM1. The comparison of the 
GCM-RCM1 autocorrelograms with the historical AWAP autocorrelogram reveals that the CSIRO-Mk3.0, MIROC3.2 and 
ECHAM5 RCM streamflows appear to have a much stronger seasonal signal, and therefore less variability, than the histor-
ical AWAP streamflow, while the CCCMA3.1-RCM signal is more consistent with the historical AWAP streamflow (and 
the reanalysis-RCM streamflow autocorrelograms shown in Figure 6).  

The GCM-RCM streamflow simulations were repeated using the historical SILO PET. The analysis of the streamflow us-
ing the historical SILO PET is very similar to that using the NARCliM PET and hence we have not shown these results. 
This again shows that the PET only has a minor influence on the streamflow; rainfall is the dominant influence on the 
GCM-RCM streamflow simulations. 

 

 

Figure 11 Monthly mean daily historical SILO and NARCliM GCM-RCM PET for Chichester catchment. 
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Figure 12 Autocorrelations for Chichester historical AWAP monthly streamflow (1990–2009) and GCM-RCM1 
monthly streamflow. The blue lines are the 95% confidence limits. 

 

5.6 Comparison of 1990-2009 historical and NARCliM GCM-RCM reservoir storage levels 

As was shown above for the three reanalysis-RCM datasets, the GCM-RCM streamflows are different. These differences 
cascade so that the GCM-RCM combinations lead to different reservoir storage levels as simulated by WATHNET5. 
Probability distributions of the storage in the total Lower Hunter system are shown in Figure 13 for the uncorrected and 
bias-corrected GCM-RCM storages using NARCliM PET as well as the historical AWAP storages (for 1990-2009). Prob-
ability distributions for the GCM-RCM distributions simulated using historical SILO PET are also shown in Figure 13. 
Time series of the simulated storage levels for the total Lower Hunter system are shown for all GCM-RCM combinations 
in Figure 14 using the uncorrected and bias-corrected NARCliM rainfall and NARCliM PET.  

Figure 13 shows very different probability distributions for the different GCM-RCM combinations simulated using NAR-
CliM PET. Compared to the historical AWAP distribution, the simulated bias-corrected and uncorrected reservoir storage 
levels for the CCCMA3.1-RCMs are much too low, particularly uncorrected RCM2 which shows the system running out 
of water. For the CSIRO-Mk3.0-RCMs, the simulated storage levels are closer to the historical AWAP series (particularly 
uncorrected CSIRO-Mk3.0-RCM1 and 3) but are still too low in the drought years. The ECHAM5 and MIROC3.2 RCM 
storage levels are between those of CCCMA3.1 and CSIRO-Mk3.0 RCMs.  

All GCM-RCM storages (except uncorrected CSIRO-Mk3.0-RCM3) are too low compared to the historical AWAP stor-
ages. For some GCM-RCM combinations, the simulations using bias-corrected rainfall can lead to storage levels that are 
lower than those simulated using uncorrected rainfall and are hence even lower compared to the historical AWAP levels. 
The GCM-RCM combinations that have bias-corrected storage levels lower than the uncorrected storage levels tend to be 
those that had bias-corrected rainfall that was lower than the uncorrected rainfall, particularly for the lower elevation 
catchments.  

A potential reason for the difference between the GCM-RCM reservoir storage levels and the historical AWAP (with SI-
LO PET) storage levels is the enhanced NARCliM PET. Probability distributions for the total system storage using the 
historical SILO PET are shown in Figure 13 (right column). Comparison of the left and right columns in Figure 13 shows 
that the PET plays a large role in the reservoir dynamics (through evaporation from the dam storages). When simulated 
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using the historical SILO PET, the total storage probability distributions for all GCM-RCM combinations are much closer 
to the historical AWAP distribution. Additionally, none of the GCM-RCM simulations show the system running out of 
water. However, the simulations still tend to systematically underestimate the historical AWAP storage with simulated 
droughts being too severe. The exceptions are the uncorrected RCM 3 simulations for CSIRO-Mk3.0 and ECHAM5 which 
tend to slightly overestimate the historical AWAP storages. Of all GCM-RCM combinations, the CSIRO-Mk3.0 and 
ECHAM5 RCM3 rainfall simulations tend to be the greatest for all catchments, suggesting that rainfall biases have led to 
the overestimation of historical AWAP storage levels. 

 

 

Figure 13 Probability distributions of total storage (%) in the Lower Hunter system derived using historical AWAP 
rainfall and SILO PET data and uncorrected and bias-corrected GCM-RCM rainfall and NARCliM PET data 
(left) and uncorrected and bias-corrected GCM-RCM rainfall and historical SILO PET data (right).
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The time series in Figure 14 show the timing of the reservoir drawdown and recharge events for the different GCM-RCM 
configurations using the NARCliM PET.  For reference, the historical AWAP time series is also shown; however, the tim-
ing of the GCM-RCM drawdown events are not expected to be the same as the historical AWAP events as the GCM-RCM 
simulations are not constrained by historical data like the reanalysis-RCM simulations are. The reservoir simulations for 
the CCCMA3.1-RCMs using the uncorrected rainfall and streamflow suggest that the Lower Hunter system ran out of wa-
ter three times for CCCMA3.1-RCM2 and had a total of 31 months with storage less than 5%. CCCMA3.1-RCM1 had 16 
months with total storage less than 5% and CCCMA3.1-RCM3 had 12 months with total storage less than 5%. In contrast 
the historical AWAP storages for this period are always greater than 70% and do not experience the large drawdown 
events shown by all uncorrected GCM-RCM simulations. We recognise that the GCM-RCM simulations are only 20 years 
in length and therefore might not be representative of processes that are strongly characterised by much lower frequency 
variability and cannot capture the extremes of climate. However, simulations of the historical levels from 1900 to 2010 
using AWAP rainfall and SILO PET (not shown) show that the system has never come close to running out of water.  

 

 

Figure 14 Time series of total storage (%) in the Lower Hunter system simulated using GCM-RCM uncorrected rain-
fall and NARCliM PET (left) and GCM-RCM bias-corrected rainfall and NARCliM PET (right). The histor-
ical AWAP time series for 1990–2009 are also shown for reference.  
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The simulations for CSIRO-Mk3.0-RCMs show very different dynamics to the CCCMA3.1-RCM simulations. The 
CSIRO-Mk3.0-RCM simulations never run out of water and rarely drop below 60% of total storage. Additionally, the 
CSIRO-Mk3.0-RCM simulations show a clear seasonal recharge/drawdown signal. The ECHAM5 and MIROC3.2 RCMs 
have dynamics in between those of the CCCMA3.1 and CSIRO-Mk3.0 RCM simulations. Of note, ECHAM5 reaches 3% 
once for RCM2, with only two months having total storage below 5%. The seasonal signal, while present, is not as en-
hanced for the ECHAM5-RCM simulations. The MIROC3.2-RCM simulations only reach a minimum of about 30% and 
also show quite a strong seasonal recharge/drawdown signal.  

The strength of the seasonal recharge/drawdown signal is potentially related to the autocorrelation of the streamflows 
(Figure 12). The CSIRO-Mk3.0, MIROC3.2 and ECHAM5 RCM streamflows have a much stronger seasonal signal than 
the historical AWAP streamflow, while the CCCMA3.1-RCM signals are more consistent with the historical AWAP. This 
is consistent with the seasonal signal seen in the reservoir storage time series. The cause of this signal may be some kind of 
annual memory built into the GCMs, since all three RCMs for any specific GCM show similar behaviour, and requires 
further investigation. 

It is clear that the long-term statistics in the streamflow are important for reservoir modelling. As rainfall is a key driver of 
the streamflow statistics, Parana Manage et al. (2016) has explored the time series statistics of the NARCliM rainfall da-
tasets, with a focus on autocorrelations. 

 

6. Discussion 

This study provides a preliminary assessment of the use of NARCliM rainfall and PET data for water security assessment. 
Streamflow and reservoir levels have been simulated using both uncorrected and bias-corrected NARCliM rainfall data as 
well as NARCliM simulated and historical SILO PET. Here we discuss implications of using bias-corrected rainfall data 
as well as the various sources of error and uncertainty in the simulations. 

It is important to note that it is unrealistic to expect a deterministic match between the AWAP time series and the reanaly-
sis-RCM time series. The RCM simulations were conditioned to the NCEP/NCAR reanalysis only as a result of (1) the 
spatial boundary conditions of the RCM domain are interpolated from NCEP/NCAR, (2) the sea surface temperatures in 
the RCM are from NCEP/NCAR and (3) the top of the atmosphere is interpolated from NCEP/NCAR. All RCMs have the 
same 10km resolution terrestrial boundary conditions (e.g. topography, soils, vegetation). Within the domain the RCMs 
then generate their own (pseudo-random) dynamics constrained only by these boundary conditions. The day-to-day details 
of the climate at any location will thus not be the same and only through the boundary conditions from NCEP/NCAR will 
these day-to-day details reflect the observed climate (e.g. AWAP). However, if the internal dynamics of the RCMs are 
correct it is reasonable to expect that the statistics of the simulated climate time series (and statistics of anything derived 
from it, streamflow and reservoir storage) will match the observed time series. Bias-correction simply adjusts the probabil-
ity distribution of the simulated rainfall to better match the observed rainfall. Day-to-day differences between the three 
reanalysis-RCM time series is of no importance; however, differences in the statistics are important. 

6.1 Use of uncorrected and bias-corrected climate data  

A key issue of using the bias-corrected rainfall data is that the NARCliM PET data is not bias-corrected, and using bias-
corrected rainfall in combination with uncorrected PET disregards the physical feedback between the two. In the NAR-
CliM simulations, PET is coupled with rainfall and decreases as rainfall increases. Bias-correction changes the rainfall 
volume which will change the relationship with PET. Similarly, using SILO monthly mean daily PET and NARCliM rain-
fall (both uncorrected and bias-corrected) ignores the physical feedback between the daily rainfall and PET – by using a 
monthly mean daily PET value, the PET will be too high after rainfall events, reducing streamflow and reservoir levels 
more than expected. However, we have shown that the difference between the NARCliM daily PET and SILO mean 
month daily PET only has a minor influence on streamflow. The main influence of PET is on the reservoir volumes which 
are simulated using a monthly time step. When using this large time step, the impact of the daily feedback between rainfall 
amount and PET will be reduced. For example, the coefficient of variation for the MIROC3.2-RCM1 monthly mean daily 
PET is only about 0.15, suggesting the variability in the monthly mean daily PET is small relative to the mean.  
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The NARCliM PET is not bias-corrected and this has a large influence on the reservoir storages simulated, as shown in 
Figures 8 and 13. Biases in the amount of summer PET are particularly important for reservoirs like Grahamstown Dam, 
which have a large surface area to volume ratio. For these reservoirs evaporation in summer can exceed total consumption 
and they are therefore particularly sensitive to biases in PET (MWD 2014). This is clearly shown in the CCCMA3.1-RCM 
reservoir simulations. The CCCMA3.1-RCM simulations have the highest summer PET and the lowest reservoir storages 
of all GCM-RCM combinations.   

The reanalysis-RCM and GCM-RCM results have shown that bias-correction of the rainfall leads to rainfall series that 
better match the historical AWAP rainfall compared with the uncorrected rainfall series. However, these bias-corrected 
rainfall series do not provide a perfect match to the historical AWAP series. We have also shown that bias-correction of 
rainfall can produce simulated streamflow and reservoir volumes that better match the historical AWAP streamflow and 
reservoir volumes but can also lead to greater differences in the simulated streamflow and reservoir levels compared with 
the historical simulations (e.g. Figure 13). One reason for this is that for some GCM-RCM combinations, the bias-
correction of the rainfall leads to lower rainfall and streamflow volumes, and this combined with the high NARCliM PET 
rates leads to bias-corrected reservoir volumes that are much too low. When historical SILO (and hence lower) PET rates 
are used, the bias-corrected reservoir volumes are still lower than the uncorrected reservoir volumes but are closer to the 
historical AWAP volumes. Additionally, bias-correction does not fix temporal sequencing discrepancies and therefore the 
streamflow and reservoir volumes may still be too low because the simulated rainfall sequence and seasonal cycle is dif-
ferent from the historical AWAP seasonal cycle. For example, for some GCM-RCM combinations, the bias-corrected rain-
fall is too low in winter. In winter the PET is low which leads to higher soil moisture levels and allows for more conver-
sion of rainfall to streamflow which increases the reservoir volume, so the reduced winter rainfall means the reservoirs are 
not filling as much as they do for the historical AWAP simulations. This is consistent with other studies which have exam-
ined the impact of reduced autumn and winter rainfall on streamflow (e.g. Potter and Chiew 2009, Potter et al. 2010). 

6.2 Additional sources of uncertainty 

There are multiple sources of uncertainty in the simulated streamflow and reservoir volumes. In addition to the bias-
correction process and PET uncertainty, discussed in the previous section, the sources of uncertainty include errors in the 
original reanalysis and GCM simulations, and errors introduced by the downscaling process using the three RCM configu-
rations. Here we discuss these sources of uncertainty. We also note that when modelling streamflow and reservoir levels, 
the hydrological models used will be sensitive to errors in the input data and hence will also contribute error to the simu-
lated volumes. However, the extent to which the hydrological models simulate recorded streamflow and reservoir levels is 
beyond the scope of this study. We instead focus on the difference in simulated streamflow and reservoir levels arising 
from differences in inputs. Hence, the errors in the streamflow and reservoir levels when forced with NARCliM data are 
not calculated relative to recorded streamflow and reservoir levels but relative to the streamflow and reservoir levels gen-
erated by hydrological models forced with climate data from the AWAP dataset.  

We also acknowledge that using a different dataset to force the historical simulations (e.g. using SILO instead of AWAP) 
will lead to a different assessment of the errors in the NARCliM simulations, particularly when compared with the raw 
(uncorrected) NARCliM simulations. For example, for the Chichester catchment, the SILO rainfall is about 25% greater 
than the AWAP rainfall in summer and autumn. This higher rainfall leads to greater streamflow and reservoir storage vol-
umes (e.g. compare with SILO simulations in Lockart et al. 2015). As the uncorrected NARCliM streamflow and reservoir 
levels tend to overestimate the AWAP streamflow and reservoir levels, using the SILO rainfall instead of the AWAP rain-
fall would lead to a slightly better comparison with the uncorrected NARCliM simulations. This study does not have 
enough information to say which historical rainfall series is correct. However, the reader should not lose sight of the fact 
that this comparison of historical rainfall is not the purpose of this paper.  

There is also uncertainty introduced by the choice of GCMs and RCM model configurations. In the design of NARCliM, 
Evans et al. (2014) chose three RCM configurations and four GCMs that were able to adequately simulate the climate of 
southeast Australia and spanned the full range of climate conditions of the larger set. Choosing GCMs and RCM model 
configurations that span a wide range of climates has led to a wide range of streamflow and reservoir storage simulations. 
For the reanalysis-RCMs, the variability in uncorrected rainfall and the simulated streamflow and reservoir volumes be-
tween the three RCMs is quite large. Similarly, for the GCM-RCM simulations, the variability in uncorrected rainfall and 
simulated streamflow and reservoir volumes between the different GCM-RCM combinations is also large.  
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The large differences in rainfall, streamflow and reservoir levels between the different GCM-RCM combinations suggest 
that biases inherited from the large-scale GCM forcing are important. For example, the rainfall and streamflow mean 
monthly values for CCCMA3.1-RCM simulations are very different to the simulations from the other GCM-RCM combi-
nations. CCCMA3.1-RCM simulations also have very different autocorrelation for the monthly streamflow and conse-
quently different reservoir dynamics compared to the other GCM-RCM combinations. In general, the biases in rainfall 
between the GCMs tend to have more of an influence on the simulated streamflow than the biases introduced by the 
RCMs. For the GCM-RCM combinations, the differences in rainfall, streamflow and reservoir levels between the GCMs 
for a given RCM configuration are generally greater than the differences in rainfall, streamflow and reservoir levels be-
tween the RCM configurations for a given GCM. This shows that the uncertainty introduced by the GCMs is greater than 
the uncertainty introduced by the RCMs. 

Uncertainty introduced by the RCM downscaling process can also be seen by comparing the three reanalysis-RCM hydro-
logical simulations with the historical AWAP simulations. Comparing the three reanalysis-RCM streamflows shows that 
the uncorrected streamflow tends to be too high compared to the historical AWAP streamflow, while the bias-corrected 
streamflows tend to be too low. Similar results are shown for the reservoir storage distributions. The reservoir storage time 
series also show that the NARCliM reanalysis-RCM drawdown events are not consistent with the historical AWAP events. 
However, as discussed previously, due to the nesting of the 50 km and 10 km NARCliM domains in the generation of the 
downscaled data, the timing and track of low pressure systems and associated rainfall can differ from NCEP/NCAR. 
Therefore, we can only expect the NARCliM simulations to reproduce the probability distribution rather than the actual 
observed rainfall. This further means that the timing and location of ECLs (which play a large role in filling reservoirs) in 
the NARCliM reanalysis-RCM series may not match that in the historical AWAP series and hence the timing of the draw-
down/recharge events in the reanalysis-RCM series are not expected to exactly match the historical AWAP events. 

 

7. Conclusions 

For the Lower Hunter case study presented in this paper, we show that the reanalysis-RCM and GCM-RCM climate datasets 
from the NARCliM project are not sufficiently reliable for water security assessment in their raw (uncorrected) form. When 
these models fail to correctly reproduce the long-term rainfall and PET dynamics, any estimates of streamflow will lead to 
questionable reservoir dynamics. For example, the CCCMA3.1-RCM simulations using uncorrected rainfall have the Lower 
Hunter system running out of water in the current epoch. We know that the Lower Hunter system has not experienced this 
level of water stress. We therefore need a comprehensive assessment of the climate data for hydrological applications. An 
initial investigation into the validity of NARCliM has been undertaken by Parana Manage et al. (2016), and they highlight 
subtle aspects of the long term and seasonal correlations that are important for reservoir dynamics.  

This study has shown that bias-correction of simulated rainfall can improve the consistency of the NARCliM streamflow 
volumes and reservoir dynamics with historical AWAP volumes and dynamics. However, even this bias-corrected data is 
not sufficient for reliable streamflow and reservoir simulation, particularly using the GCM-RCM data. This is because not 
all variables important for hydrology have been bias-corrected (e.g. PET has not been bias-corrected). Additionally, bias-
correction typically (and NARCliM is typical in this regard) does not adjust for biases in the autocorrelation of climate 
series, and this autocorrelation drives the sequencing of events (or lack of events for drought assessment), which in turn 
determines reservoir reliability.  

This study has indicated that for water security analysis, bias-correction of rainfall is not enough as biases in PET can sig-
nificantly change reservoir dynamics. Therefore, to give reasonable estimates of streamflow and reservoir volumes, cli-
mate models need to get the rainfall and PET statistics right, specifically the daily probability distributions of the rainfall 
and PET, and the spatial and temporal relationship between the two. This initial investigation shows that for the Lower 
Hunter region, the NARCliM PET rates are too high compared with historical rates, which can lead to greater evaporation 
from the reservoirs and thus low storage levels. This will result in water security assessments that are unrealistically pes-
simistic, particularly for reservoirs which have a large surface area to volume ratio. For these reservoirs evaporation in 
summer can exceed total consumption and they are therefore particularly sensitive to biases in evaporation. However, the 
difference in PET rates can also be attributed to the different PET calculation methods. Therefore, further investigation 
needs to be undertaken into the consistent use of PET for reservoir modelling. 
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