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Abstract 21 

 22 

Future projections of water supply under climate change scenarios are fundamental for 23 

efficient water resource planning. However, runoff projections are affected by uncertainties 24 

in the modelling process that limit their utility to decision makers. The main source of 25 

uncertainty in runoff projections are the Global Climate Models (GCMs) used to produce 26 

future climate projections. The impact on projected runoff of this uncertainty has mainly 27 

been assessed through comparison of multi-model runs of future climate with little 28 

exploration of uncertainties inside the models due to different parameterisations. Here we 29 

investigate the uncertainty response of projected runoff due to perturbed physics parameter 30 

variations within a GCM using a novel 2500 member ensemble from the HadCM3L model. 31 

Our research evaluates the uncertainties in runoff modelling for southwest Western 32 

Australia, a Mediterranean climate region which has experienced reductions in precipitation 33 

during the last decades. Results for future projections in southwest Western Australian 34 

catchments indicate reductions in modelled precipitation between 0% to 40% and increases 35 

in temperature that fluctuate between 0.5°C and 3°C  by 2050- 2080 compared to 1970-36 

2000, which lead to reductions in projected runoff of between 10% and 80%.  This range of 37 

uncertainty for projected runoff is larger than that calculated for previous estimates of 38 

within-model uncertainties of runoff. The perturbed physics approach indicates that current 39 

water management assessments underestimate uncertainties in runoff projections. 40 

 41 
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3 
 

1. Introduction/Background 44 

Uncertainties in the modelling of the climate system and thus in projections of future 45 

changes (Deser et al., 2012; Deser et al., 2014; Hawkins and Sutton, 2009; Hawkins and 46 

Sutton, 2011; Kang et al., 2013; Tebaldi and Knutti, 2007) and their impact on hydrology 47 

are an active area of research (Peel and Bloschl, 2011; Peel et al., 2015). The Fifth 48 

Assessment Report (AR5) of the Intergovernmental Panel on Climate Change (IPCC) 49 

(Stocker et al., 2013) includes a review of the main uncertainties in the understanding of the 50 

climate system and identified them as crucial in climate change analysis. The IPCC 51 

recognized that uncertainties in projections of natural forcing, simulations of clouds in 52 

atmosphere-ocean coupled general circulation models (AOGCMs) along with resolution 53 

issues in modelling the climate limit the skill of projections on both global and regional 54 

scales. 55 

The main source of uncertainties in runoff modelling of future climate arises from the 56 

predictions of climate variables (Ardoin-Bardin et al., 2009; Chiew et al., 2009; Chiew et 57 

al., 2008; Prudhomme and Davies, 2008a; Xu et al., 2011), such as precipitation and 58 

temperature. These uncertainties can be partitioned in three groups: the internal variability 59 

of the climate system, the model uncertainty, or uncertainties in the Global Climate Models 60 

(GCMs) and the scenario uncertainty (Hawkins and Sutton, 2009; Hawkins and Sutton, 61 

2011). However there are also uncertainties associated with the downscaling and bias 62 

correction techniques used to translate the coarse data from the GCM scale to the regional 63 

scale of the runoff models, and also in the hydrological model used to simulate runoff. 64 
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Quantifying GCM uncertainties is computationally expensive. Currently, two main 65 

approaches have been used to assess the uncertainties in GCM analyses: between-GCMs 66 

and within-GCMs analysis (Parker, 2013; Peel et al., 2015). The IPCC assessments and the 67 

GCMs run in the Coupled Model Intercomparison Project Phase 3 (CMIP3) and Phase 5 68 

(CMIP5; Taylor et al. (2009)) are the main sources of data that researchers have used in 69 

multi-model or between-GCMs analyses of uncertainties in climate modelling. An 70 

alternative approach employs a “perturbed physics” analysis which explores the impact of 71 

parametric uncertainty in climate modelling. This involves using the same model but 72 

changing in each simulation a selected set of the parameters that characterize the model 73 

physics (Parker, 2013), giving an estimate of the range of possible projections from a single 74 

model that might be produced by a plausible range of values of the adjustable parameters 75 

within the model. This represents what we define here as “within-GCM” uncertainty when 76 

combined with uncertainties due to internal variability and initial conditions. This project 77 

uses Climateprediction.net data, which is the largest freely available source of climatic data 78 

that explores within-GCM uncertainty using perturbed physics. In the Climateprediction.net 79 

experiment the model parameters that represent the atmospheric and ocean physics and the 80 

sulphur cycle were perturbed between their minimum and maximum plausible values to 81 

obtain an ensemble of different parameter values that were then used to create a large 82 

ensemble of model runs (Frame et al., 2009).  83 

Within-GCM uncertainties have so far been assessed through statistical methodologies such 84 

as bootstrapping techniques (Prudhomme and Davies, 2008a; Prudhomme and Davies, 85 

2008b), stochastic generation of data (Peel et al., 2015) and hierarchical modelling and 86 

Markov chain Monte Carlo simulation techniques (Bastola et al., 2011; Nawaz and 87 
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Adeloye, 2006). These methodologies involve the generation of multiple replicates of the 88 

time series of the climate variables, precipitation and temperature, in which ideally each run 89 

has slightly different initial conditions and different trends, all of them physically plausible.  90 

So far, hydrological assessments of climate change have mainly explored the impact of 91 

between-GCM uncertainties in runoff modelling. In particular in Australia, CMIP3 model 92 

results have been directly used to assess changes in water supply in southwest Western 93 

Australia (SWA) (Silberstein et al., 2012) and in south- east Australia (Chiew et al., 2009), 94 

and concluded that uncertainties between GCMs are large, with a range of results of around 95 

30% with respect to the median. Teng et al. (2012) compared runoff projections using 96 

CMIP3 and CMIP5 data over Australia showing that uncertainties are very large using both 97 

sets of GCM runs, and giving differences of about 50% between the 10th and the 90th 98 

percentile of projections. 99 

Regarding within-GCM uncertainties, Peel et al. (2015) stochastically replicated 100 

precipitation and temperature data from 5 CMIP3 GCM runs 100 times to approximate 101 

them for 17 worldwide catchments. The 100 stochastic replicates were passed through a 102 

hydrologic model and the standard deviation of the mean annual runoff (MAR) as a 103 

percentage of the mean MAR was on average 10.1%, which translates into an uncertainty in 104 

MAR of ~20% (2 standard deviations) for each GCM. However, Peel et al. (2015) 105 

indicated that their results are likely to underestimate the true within-GCM uncertainty 106 

because they only stochastically replicated the noise around the GCM data trend, not the 107 

trend itself. 108 
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In contrast, perturbed physics experiments allow the generation of simulations of climate 109 

variables with different initial conditions and also different trends, all of them physically 110 

plausible. To date, there have not been any hydrologic assessments that explore within-111 

GCM uncertainties using the perturbed physics approach. This paper aims to establish the 112 

impact on runoff of perturbed physics in a multi-thousand member ensemble of GCM runs 113 

with gradually increasing projections of greenhouse gas concentrations (a so-called 114 

“transient” experiment). We seek to quantify the true within-GCM uncertainty in runoff 115 

projections, used in water availability climate change impact assessments, through the 116 

novel approach of using a GCM with perturbed physics. We aim to compare true within-117 

GCM uncertainty from CPDN projections against current approximate statistical 118 

approaches or multi-model ensembles.  In particular, it is of interest to study these 119 

uncertainties in runoff projections in SWA, a region that has already experienced negative 120 

trends in precipitation, and where future water resources are endangered (Hennessy et al., 121 

2007). 122 

The IPCC Fifth Assessment Report (AR5) (Stocker et al., 2013) details studies that project 123 

significant decreases in precipitation for the period 2081-2100 compared to 1986-2005 in 124 

the Mediterranean climate regions of the southern hemisphere; Central Chile, South Africa 125 

and SWA (Moss et al. 2008). Current warming trends and future projections of climate 126 

variables may impact water resources with important consequences for ecosystems, 127 

agricultural and domestic water supply. The present work presents results for southwest 128 

Western Australia, due to the current negative trends in precipitation and the projections of 129 

drier conditions for this area, however this methodology can be extended to other regions. 130 

1.1 Region of analysis: Southwest Western Australia 131 
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SWA is the land area located west of 118°E and south of 32°S (Li et al., 2005), where the 132 

majority of Western Australia's population resides (Australian Bureau of Statistics, 2014). 133 

According to the Köppen-Geiger Classification (Peel et al., 2007), SWA experiences a 134 

temperate, Mediterranean climate with a dry and hot summer and wet winter. Almost 80% 135 

of precipitation occurs during May to October. Mean annual rainfall in SWA ranges from 136 

500 mm in the north to 1230 mm in the southern coastal area (Silberstein et al., 2012). 137 

Precipitation in this region is driven by mid-latitude frontal systems associated with the 138 

position of the subtropical ridge. This centre of high pressure moves northward (north of 139 

SWA) in winter months (after May), and then moves southward during spring months 140 

(Charles et al., 2010). In winter months, when the centre of high pressure lies to the north 141 

of SWA and the SAM (Southern Annular Mode) is in its negative phase, synoptic features 142 

and cold fronts can reach SWA, thus increasing precipitation events. A negative trend in 143 

SWA winter precipitation since the mid 1960s has been observed by several researchers 144 

(Allan and Haylock, 1993; Ansell et al., 2000; Cai and Cowan, 2006b), while some others 145 

identify the shift starting in the mid 1970s (Charles et al., 2010; Frederiksen and 146 

Frederiksen, 2007; Hennessy et al., 2007; IOCI, 2012; Petrone et al., 2010; Timbal, 2004). 147 

The observed reduction in precipitation after the shift is estimated as being between 10% - 148 

15% (Charles et al., 2010). One of the likely causes of the reduction in precipitation is the 149 

positive trend in the SAM (Allan and Haylock, 1993; Cai and Cowan, 2006a; Delworth and 150 

Zeng, 2014; IOCI, 2002). Using a K-means algorithm to cluster rainfall patterns, Raut et al. 151 

(2014) showed that the positive trend in SAM is linked to the reduction of the frequency of 152 

strong fronts in June, and the presence of weak fronts in June-July. These two features 153 

account for a half and a third of the total reduction of rainfall in winter months (June-July-154 
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August) respectively when the El Niño Southern Oscillation Phenomenon (ENSO) is 155 

neutral. Regarding climate change projections, according to Silberstein et al. (2012), based 156 

on an ensemble of 15 GCMs, a median decline of 8% in rainfall is projected for SWA by 157 

2030 compared to precipitation between 1975 and 2007, which leads to a reduction of 25% 158 

in streamflow. Given this background, we have focused our attention on projections of 159 

runoff in this region, mainly interested in quantifying how uncertain the projections are 160 

when estimated from a GCM with perturbed physics. 161 

As climate is a fundamental driver of water availability, the impacts of climate change on 162 

water resources and in particular the uncertainties in the projections of runoff are a 163 

fundamental area of study. In this paper we present a methodology to analyse uncertainties 164 

in runoff modelling using a perturbed physics ensemble from one GCM, which is a novel 165 

data set that represents the within-GCM uncertainties. We present a plausible range of 166 

runoff projections over three catchments located in SWA, using a multi-thousand ensemble 167 

of the GCM with perturbed physics. We compare the results over one catchment analysing 168 

within-GCM uncertainties using the stochastic approximation of Peel et al. (2015) and the 169 

perturbed physics approach.  170 

2. Data 171 

Three different sources of data are used in this work. First, monthly precipitation and 172 

temperature from a GCM with perturbed physics are employed, which gives an ensemble of 173 

projected future climates. Second, observed monthly precipitation and temperature 174 

measured over Australia are used as input for a hydrologic model. Third, observed monthly 175 
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runoff are used to calibrate a hydrologic model. The characteristics of the data are 176 

presented in the following subsections. 177 

2.1 GCM with perturbed physics 178 

Data from the Climateprediction.net (CPDN) project (Rowlands et al., 2012) were used for 179 

projecting the future climate in the area of study. CPDN provides an ensemble of GCM 180 

results with perturbed physics that allows us to explore the within-GCM uncertainties in 181 

runoff modelling. The CPDN experiment consists of a GCM run thousands of times with 182 

different but realistic perturbations to the parameters of the model's physics, using the 183 

personal computers of volunteers. These thousands of simulations were used in this paper 184 

to simulate runoff and to analyse the uncertainties associated with perturbed physics in the 185 

global climate model. 186 

CPDN uses the HadCM3L GCM, which is a version of the HadCM3 model (Gordon et al., 187 

2000) but with a reduced ocean resolution. The resolution of the model is 2.5° latitude by 188 

3.75° longitude with 19 levels in the vertical in the atmosphere. The ocean resolution has 189 

20 vertical levels and a resolution of 2.5° latitude by 3.75° longitude. The simulations cover 190 

the period from 1920 to 2080 (Rowlands et al., 2012). 191 

The CPDN project runs HadCM3L with 10 different versions of the ocean model and 153 192 

different atmospheric parameter configurations, which means 1530 versions of the model 193 

with different perturbed physics. The model was spun up for 200 years and subjected to 194 

flux adjustment to represent the climate in 1920. Then each individual ensemble was run 195 

under control forcing (pre-industrial or representative of 1900 conditions) and transient 196 

forcing (time-varying concentrations of greenhouse gases) for the period between 1920 and 197 
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2080. In this work we used the simulations starting in 1940 as the flux adjustment does not 198 

reproduce a stable climate in the first 20 years of simulations (Rowlands et al., 2012). The 199 

researchers used both anthropogenic and natural forcing. The anthropogenic forcing 200 

corresponds to the A1B scenario (Nakicenovic et al., 2000), which simulate emissions of 201 

greenhouse gases and aerosols for a future world of rapid economic growth, assuming that 202 

there will be a balance in the use of non- fossil and fossil sources in the energy system, 203 

along with an interactive tropospheric sulphur cycle, which through parameterization 204 

simulates the radiative effects of sulphate aerosol produced by industrial processes. The 205 

natural forcing is represented by changes in solar activity and volcanic eruptions, which are 206 

expressed using stratospheric sulphate aerosol. 207 

2.2 Temperature and Precipitation 208 

Gridded monthly observed precipitation and temperature data were used to calibrate the 209 

hydrological model used to simulate runoff. The gridded dataset used in this project is the 210 

Australian Water Availability Project (AWAP) (Jones et al., 2009). AWAP uses in-situ 211 

observations and provides gridded data at a scale resolution of 0.05°x0.05°, which we 212 

resampled to a 0.25°x0.25° for our analysis. 213 

ARCGIS 9.3 was used to delineate the catchment boundaries using the two-second Shuttle 214 

Radar Topography Mission (SRTM) Smoothed Digital Elevation Model (DEM-S) version 215 

1.0 (Geoscience Australia, 2010). AWAP data were superimposed over the catchment 216 

polygon and area-weighted temperature and precipitation values were calculated for each 217 

catchment. 218 

2.3 Runoff data 219 
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Monthly runoff data used to calibrate the hydrological model over southwest Western 220 

Australian catchments were taken from the stream gauging sites monitored by the Western 221 

Australian government's Department of Water (see the Government of Western Australia, 222 

Department of Water, at http://wir.water.wa.gov.au/SitePages/SiteExplorer.aspx). 223 

In order to avoid using runoff data with inconsistencies over time, the runoff monthly time 224 

series were checked through the analysis of seasonal variation curves and double mass 225 

curves. The latter are scatter plots comparing the cumulative monthly runoff under analysis 226 

with cumulative monthly runoff in adjacent catchments. The cumulative monthly runoff 227 

was also compared with cumulative monthly precipitation and cumulative monthly 228 

temperature from different stations located close to the catchment under study (not shown). 229 

When data are consistent, a straight line is expected without jumps or changes in the slope. 230 

Through those analyses, we conclude that the observed runoff is consistent over time, and 231 

that it can be used to model runoff for climate change assessments. 232 

2.4 Catchments in SWA 233 

The analysis was conducted over three catchments in the area of study (SWA), the 234 

Donnelly, Denmark and Helena rivers. The location, catchment area and climatic 235 

characteristics of these three catchments are presented in Table 1 and Figure 1. 236 

The Donnelly catchment is a high quality system located in the Warren region of southwest 237 

Western Australia. Due to its isolated location, it has not been affected by saline intrusion, 238 

and is therefore an important resource for agricultural activities in the region but it also 239 

hosts ecosystem refuges (Morgan and Beatty, 2006). Denmark catchment is located in the 240 

southeast extreme of the study area, the Great Southern region of Western Australia. The 241 
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main land use in the north portion of the catchment is grazing and annual pastures. 242 

Currently, salinity issues impede the use of the catchment for supply of drinkable water. 243 

Finally, the Helena catchment is located in the northeast of the region, draining the Darling 244 

Plateau and passing through the Darling Scarp and the Coastal Plain, where it becomes a 245 

tributary of the Swan River which supplies drinking water to the Goldfields region, 246 

Kalgoorlie and Perth. These three catchments were selected on the basis of their importance 247 

for drinking water supply, support of economic activities in the region and for the 248 

ecosystems they host. Differences in precipitation regimes and temperatures were also 249 

considered in the selection process. The Helena River is the driest catchment with 665 mm 250 

of observed mean annual precipitation. The Donnelly River is the wettest catchment with 251 

1004 mm of observed mean annual precipitation, while the Denmark catchment has 835 252 

mm of annual precipitation.  253 

3. Methodology 254 

We follow a three stage methodology often used in projections of water resources research, 255 

but here introduce the novel approach of assessing the impact of perturbed physics on 256 

runoff projections, and comparing against results obtained from previous methods 257 

developed in this field.  First, the perturbed physics GCM data are evaluated over the 258 

region of study. Second, a bias correction to the GCM data is applied to scale the GCM 259 

data and match each observed catchment data, and finally a calibrated hydrological model 260 

is used to simulate runoff for the future using the GCM precipitation and temperature data. 261 

3.1 Evaluation of CPDN output 262 
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We evaluated the ability of the CPDN data to represent the climate of SWA, first 263 

comparing the raw precipitation and temperature with observed data. Then, we compared 264 

the relation between ENSO and SAM with precipitation and temperature using observed 265 

datasets and the CPDN data in order to evaluate whether the CPDN model output data 266 

represent the relation between the main drivers of climate in the region and the variables in 267 

the study.  268 

The CPDN data were released in "Giorgi regions", based on the regions analysed by Giorgi 269 

et al. (2001) that include both land and sea. Thus to compare land-based AWAP 270 

precipitation and air temperature at 1.5 metres to CPDN data required the application of 271 

correction factors. The procedure consisted of calculating a scale factor that represents the 272 

difference between the air temperature at a height of 1.5 metres from HadCRUT3v (Brohan 273 

et al., 2006; Jones, 1994) over the same spatial extent as the CPDN Giorgi region (which 274 

include land and sea), and the HadCRUT3v temperature over just the land in this region. 275 

This factor was calculated and applied seasonally to the AWAP data. The scaled AWAP 276 

temperature data were then compared to the CPDN ensemble. Monthly gridded 277 

precipitation data from the Global Precipitation Climatology Project (Adler et al., 2003) 278 

were used to calculate similar scaling factors for precipitation to account for the difference 279 

in precipitation in the CPDN Giorgi region and precipitation over just land. The scaled 280 

AWAP precipitation was then compared to the CPDN data. 281 

ENSO (El Niño Southern Oscillation) and SAM are the main drivers of precipitation and 282 

temperature variability in Australia (Arblaster et al., 2011; Hendon et al., 2013). In SWA it 283 

is of particular interest for evaluating the relation between SAM and precipitation, because 284 

of the influence the SAM has had on reductions in rainfall (Raut et al., 2014). The 285 
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Climateprediction.net dataset was evaluated to determine its skill in simulating large scale 286 

circulation patterns and their relationship with local variables over the area of study. Three 287 

correlation coefficients (Kendall, Spearman and Pearson) were used to analyse the relation 288 

between the variables in this region and circulation patterns over the observed period 289 

(1940-2000). 290 

The Southern Annular Mode is defined as the difference in the normalized zonal average 291 

mean sea level pressure between 40°S and 65°S. Gong and Wang [1999] developed an 292 

Index that measures SAM, the regional Antarctic Oscillation Index, detailed in Equation 1. 293 

𝐴𝑂𝐼𝑅% =
𝑀𝑆𝐿𝑃+,°-(𝑡) −𝑀𝑆𝐿𝑃+,°-(𝑡)2222222222222222

𝜎4-56	+,°-(𝑠𝑒𝑎𝑠𝑜𝑛)
−
𝑀𝑆𝐿𝑃=>°-(𝑡) − 𝑀𝑆𝐿𝑃=>°-(𝑡)2222222222222222

𝜎4-56	=>°-(𝑠𝑒𝑎𝑠𝑜𝑛)
 (1) 

Where AOIRt is the Antarctic Oscillation Index for month t, MSLP40°S is the mean sea 294 

level pressure (MSLP) at 40°S averaged over all longitudes, MSLP65°S is the MSLP at 295 

65°S averaged over all longitudes, MSLP+,°D(t)222222222222222 is the MSLP at 40°S averaged over all 296 

longitudes and the whole period of time under analysis for month t, MSLP=>°D(t)222222222222222 is the 297 

MSLP at 65°S averaged over all longitudes and the whole period of time under analysis for 298 

month t, σGDHI	+,°D(season) is the standard deviation of  MSLP at 40°S averaged over all 299 

longitudes for a particular season, and σGDHI	=>°D(season) is the standard deviation of 300 

MSLP at 65°S averaged over all longitudes for a particular season. 301 

We used an approximation to the AOIR index in this paper, in order to fit the Giorgi 302 

regions in which CPDN data were released. The approximation consists of replacing the 303 

MSLP+,°D(t)	by the MSLP averaged over all SWA (-38°S to -28°S, 110°E- 125°E) and 304 

MSLP=>°D(t) by the MSLP over the Antarctic region (-90°S to -55°S, 0°e to 360° E).  305 
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The index used to represent ENSO variability is the Niño 3.4 index, which was calculated 306 

following the methodology described by NCAR (2013). The first stage was computing the 307 

total area averaged SST from the Niño 3.4 region (5°N-5°S, 120°-170°W). Then the 308 

anomalies were calculated by subtracting the monthly mean SST for the period 1950 to 309 

1979 from the data. Finally the series were smoothed with a 3-month running mean. 310 

Anomalies higher/lower than 0.5°C/-0.5°C are defined as El Niño and La Niña 311 

respectively. 312 

3.2 Bias Correction Methodology  313 

GCM data have a different spatial scale (hundreds of kilometres) to the catchment scale and 314 

generally require downscaling and bias correction. In this project a Quantile-Quantile 315 

methodology (Themeßl et al., 2011), which is a type of statistical downscaling method, is 316 

used. The procedure is based on matching the empirical cumulative distribution functions 317 

of the GCM simulations to the empirical cumulative distribution function of the 318 

observations. This is a direct method because the predictor and the predictand are the same 319 

variable (temperature or precipitation) and has the advantage of being parameter-free 320 

because the empirical cumulative distribution is matched for each variable. Themeßl et al. 321 

(2011) described the methodology of correction using the following equations for the 322 

calibration period (in this case the period in which observed runoff data are available for 323 

each catchment), which in this project will be applied on a monthly basis for each 324 

catchment: 325 

𝑌%,QR%QSTUV%QWX = 𝑋%,QR%QSTUV%XRZ + 𝐶𝐹%,QR%QSTUV% (2) 

𝐶𝐹%,QR%QSTUV% = 𝑒𝑐𝑑𝑓TWa,QR%QSTUV%
Wbc,QRdef g𝑃%,QR%QSTUV%h − 𝑒𝑐𝑑𝑓TWa,QR%QSTUV%

TWi,QRdef g𝑃%,QR%QSTUV%h (3) 
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𝑃%,QR%QSTUV% = 𝑒𝑐𝑑𝑓TWa,QR%QSTUV%
TWi,QRd g𝑋%,QR%QSTUV%XRZ h (4) 

Where 𝑌%,QR%QSTUV%QWX  is the bias corrected (cor) GCM variable over the catchment under 326 

study for month t, 𝑋%,QR%QSTUV%XRZ  is the raw GCM variable over the catchment under study for 327 

month t, 𝐶𝐹%,QR%QSTUV% is the correction factor calculated during the calibration period for 328 

month t, 𝑒𝑐𝑑𝑓TWa,QR%QSTUV%
TWi,QRd  is the empirical cumulative distribution function for the GCM 329 

variable in a particular month of the year (moy) for the calibration period (cal), and 330 

𝑒𝑐𝑑𝑓TWa,QR%QSTUV%
Wbc,QRd  is the empirical cumulative distribution function for the observed 331 

variable in a particular moy for the calibration period. 332 

The difference between the inverse ecdf (ecdf-1) of the simulation and the observation over 333 

the calibration period for every probability represents the bias correction. An example is 334 

presented in Figure 2, in which each grey line represents the inverse ecdf for one of the 335 

2500 CPDN simulations of precipitation for December (1920-2000) and the red line 336 

represents the inverse ecdf of observed AWAP precipitation for December (1920-2000). 337 

The red arrow represents the correction for one simulation, which is the difference between 338 

the simulated and observed inverse ecdfs for that particular probability. For future 339 

projections, the same correction factors are applied to every simulation, matching the 340 

simulated values of the variable for the projection with the calibration period. For new 341 

extremes in the modelled period (values that have not been observed during the calibration 342 

period), higher or lower than observations, the correction factor of the highest or the lowest 343 

observed value is applied respectively. 344 

3.3 Perm Model Description 345 
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The hydrological model used in this work is PERM (Peel et al., 2015). A schematic 346 

diagram of the model structure is presented in Figure 3. This is a lumped conceptual 347 

monthly model that uses as input monthly precipitation and temperature data observed or 348 

modelled over the catchment. PERM has five model parameters that require calibration: the 349 

rate of snowmelt and potential evapotranspiration (ETrate, mm/°C/month); the proportion 350 

of snowmelt volume to runoff (Melt); the soil moisture storage capacity (Smax, mm); the 351 

baseflow linear recession parameter (K); and the interception storage capacity (Imax, mm). 352 

The model considers three main stores: the vegetation interception store (IC), the soil 353 

moisture store (SMS) and the snow store (ACCUM). When temperature is > 0oC then all 354 

precipitation enters the interception store. Once the maximum capacity (Imax) is reached 355 

any remaining precipitation becomes throughfall (TFall) to the soil moisture store. Snow 356 

only accumulates when temperature is ≤ 0oC and the snow begins to melt once temperature 357 

rises > 0oC. Melting snow either becomes runoff (SnowF) or infiltrates (SMI) into the soil 358 

moisture store. Runoff is calculated through a volume balance and considers snow flow, 359 

partial area flow (PAreaF), soil moisture excess flow (SMF), once the soil moisture store 360 

reaches it maximum value (Smax), and base flow (BF). Evaporation from the interception 361 

store (AETINT) and soil moisture store (AETSOIL) are calculated as a linear function of 362 

temperature and water availability. In this analysis, snow does not occur in the three 363 

catchments being modelled, which effectively reduces PERM to a four parameter model as 364 

the Melt parameter becomes redundant due to ACCUM being zero. An automatic pattern 365 

search optimization method was used to calibrate the five model parameters (see Peel et al., 366 

2015 for details). Ten different parameter sets were used as starting points to increase the 367 

likelihood of finding the global optimum of parameter values. The calibration sought to 368 

minimise the objective function defined as the sum of squared differences between the 369 
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estimated and observed annual runoff. Although the model is run on a monthly time step, it 370 

will be used to simulate annual runoff for future climates. Therefore, penalties were applied 371 

to the objective function (OBJ) in order to ensure that the calibrated model reproduces 372 

summary statistics of observed annual runoff.  373 

Peel et al. (2015) summaries these penalties as: 374 

If the estimated and observed mean annual runoff differ by;  375 

• More than 5% then OBJ = OBJ x 5  376 

• More than 10% then OBJ = OBJ x 25  377 

• More than 20% then OBJ = OBJ x 125  378 

If the estimated and observed annual coefficient of variation differ by;  379 

• More than 5% then OBJ = OBJ x 5  380 

• More than 10% then OBJ = OBJ x 25  381 

• More than 20% then OBJ = OBJ x 125  382 

The evaluation method used for the model is a K-Fold cross-validation (Efron and 383 

Tibshirani, 1993), with K=3. The entire time series is divided in three groups, two of them 384 

are used to calibrate and the third one to evaluate the model performance. This process is 385 

repeated 3 times until all thirds have been used to evaluate model performance. The metrics 386 

used to evaluate model performance are the Nash & Sutcliffe Efficiency value (Nash and 387 

Sutcliffe, 1970), which compares observed and modelled annual runoff, and the annual R2 388 

(square of the correlation coefficient) between observed runoff and modelled runoff. 389 

Details of the calibration methodology can be found in Peel et al. (2015). 390 

4. Results 391 



19 
 

Modelled and observed temperature, precipitation and runoff for the three catchments under 392 

study are presented in this section. First we evaluate the ability of un-bias corrected CPDN 393 

data to simulate the climate of the study region during the observed period. Then, we 394 

investigate how uncertainties in precipitation and temperature from CPDN translate into 395 

uncertainties in runoff projections for the next decades. Finally, the perturbed physics 396 

results are compared against an approximation based on stochastic generation of data. 397 

4.1 Evaluation of CPDN data 398 

Seasonal and annual raw (not bias corrected) precipitation and temperature simulated by the 399 

CPDN project were compared to scaled observed AWAP data in order to assess how these 400 

GCM runs simulate SWA climate. The scale factor was introduced to make the observed 401 

data, which has been measured over land only, consistent with the raw CPDN data that 402 

includes both land and ocean. After incorporating the scale factor a good agreement 403 

between observed and modelled data was observed for annual and seasonal climate 404 

variables. The annual values are presented in Figure 4 for precipitation and Figure 6 for 405 

temperature. In these figures, we plot in grey all the CPDN simulations of annual 406 

precipitation and temperature for the period between 1940 and 2080, including in blue the 407 

median of the simulations and the 5 and 95 percentiles. The red line shows the observed 408 

AWAP annual precipitation and temperature between 1940 and 2000. In Figure 5 and 409 

Figure 7, we show histograms of annual medians and standard deviations of precipitation 410 

and temperature respectively simulated by CPDN between 1940 and 2000 (the observed 411 

period) and the annual median and standard deviation obtained from AWAP data.  In terms 412 

of temperature the annual median of the CPDN simulations for the observed period (1940-413 

2000) underestimates by 0.23°C the observed annual median of temperature during the 414 
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same period. Substantial differences are observed in the annual standard deviation over the 415 

same period, with CPDN underestimating annual standard deviation of temperature by 416 

0.14°C relative to the observed value (see the results presented in Table 3). In terms of 417 

precipitation we found that the annual median of CPDN simulations between 1940 and 418 

2000 differs by 6.2% from the observed data, and the CPDN annual standard deviation 419 

underestimates the observed value by 45%, (Table 4).  420 

In Figure 4 the median of the CPDN simulations of annual precipitation is similar to the 421 

median value of the scaled observed (AWAP) annual precipitation, and the median of the 422 

simulations reproduce the reductions in observed precipitation since mid 1960s (Allan and 423 

Haylock, 1993; Ansell et al., 2000; Cai and Cowan, 2006b). Results presented in Figure 6 424 

indicate that the median of the CPDN simulations of annual temperature approximately fits 425 

the scaled observed annual temperature, and that the median of the simulations is consistent 426 

with the positive trend in scaled observed temperature. From these results we conclude that 427 

CPDN is better at reproducing annual temperature over SWA than annual precipitation, and 428 

that the medians of the climate variables are better simulated than the variability, measured 429 

by the standard deviation. Prior to the hydrologic modelling we resolve these differences 430 

using the bias correction methodology described in section 3.2. 431 

In order to evaluate whether the CPDN data represent the relation between the main drivers 432 

of climate in the region, we compared the relation between ENSO and SAM with 433 

precipitation and temperature using observed data and CPDN data. ENSO is one of the 434 

main drivers of rainfall in Australia (Allan, 1988; Nicholls et al., 1997; Wang and Hendon, 435 

2007). Nicholls et al. (1997) indicated that the relation between ENSO and rainfall over 436 

Australia shows a considerable multi-decadal variability, driving wet and dry periods in its 437 
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different phases (El Niño and La Niña). However, the main area of influence of ENSO in 438 

terms of precipitation is north and eastern Australia (Nicholls and Lavery, 1992; Risbey et 439 

al., 2009), with no significant influence over SWA, since SAM is the main driver of 440 

precipitation in that zone (Raut et al., 2014). ENSO inter-decadal variability has been also 441 

found to be associated with variations in surface temperature in Australia (Power et al., 442 

1999a; Power et al., 1999b). Power et al. (1999a) found a correlation of 0.1 between annual 443 

temperature and SOI (Southern Oscillation Index) when the Inter-decadal Pacific 444 

Oscillation (IPO) is over the threshold of 0.5. Therefore, we just explored the correlation 445 

between annual and winter precipitation and SAM, and annual temperature and ENSO. 446 

The median of the correlation coefficients between SAM and annual and winter 447 

precipitation obtained using three different methodologies (Spearman, Kendall and Pearson 448 

correlation) for all the CPDN simulations are presented in Table 2. These correlations are 449 

statistically significant at the 95% level. The mean correlation between annual SAM and 450 

annual precipitation, considering all the statistical significant simulations and three 451 

methodologies, is -0.3, while for winter SAM and winter precipitation it is -0.52. We also 452 

calculated correlations between the SAM index as defined by Nan and Li (2003) and annual 453 

and winter observed precipitation (AWAP) considering Pearson, Kendall and Spearman 454 

correlation coefficients. The correlation between observed winter precipitation and winter 455 

SAM is statistically significant at -0.39. These results are presented in Table 2. The 456 

influence of SAM on SWA precipitation is greatest in the winter season as this is the period 457 

in which precipitation is mostly concentrated in this region. The medians of statistical 458 

significant correlation coefficients, for the three methodologies, between annual ENSO and 459 

annual temperature in SWA are presented in Table 2. The mean of the three medians is 460 
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0.26, which is larger than the correlation of 0.16 (not statistically significant) obtained from 461 

the observed NIÑO 3.4 Index and AWAP data. 462 

Our results indicate that CPDN reproduces the observed negative correlation between 463 

annual precipitation, winter precipitation and SAM, which is the main driver of the changes 464 

in precipitation during the last decades. After this analysis we conclude that CPDN 465 

represents appropriately the climate of SWA, and is suitable for studying the uncertainties 466 

in future projections in this region. 467 

4.2 Runoff Modelling 468 

The PERM model was calibrated for each catchment using observed area-weighted 469 

temperature and rainfall from the AWAP data as input to PERM for the period in which 470 

observed runoff data are available.  471 

For the Donnelly River at Strickland, 32 years of observed runoff data in the period 1961-472 

1992 were used to calibrate the model. Twenty eight years of observed runoff were used for 473 

modelling the Helena River at Ngangaguringuring, which corresponds to the period 474 

between 1973 and 2000 and finally 40 years of observed runoff were available in the 475 

Denmark River at Kompup, which corresponds to the period between 1961 and 2000. 476 

PERM is run on a monthly time step, however we assess model performance during 477 

calibration and evaluation on an annual basis. In the following analyses the majority of 478 

runoff results presented are for annual data with some seasonal data. Therefore, our 479 

evaluation of PERM’s performance at annual intervals is consistent with our later analysis. 480 

The calibrated parameters and the performance of the model for every catchment is given in 481 

Table 5, the coefficient of determination (R2) and the annual Nash & Sutcliffe coefficient of 482 
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efficiency (N&SE) represent the evaluation of the model skill in simulating runoff in the 483 

catchments, where a value of 1 in each of them means a perfect match. The model was 484 

evaluated using a K-Fold cross-validation with K=3 (Efron and Tibshirani, 1993), where 485 

the evaluation N&SE was calculated from the 2 thirds not used to calibrate the model. 486 

Results of the model performance during calibration and evaluation are presented in Table 487 

5 and Table 6 respectively. We found good model performance during calibration and 488 

evaluation for the Donnelly River at Strickland and the Denmark River at Kompup, but 489 

poorer performance for the Helena River at Ngangaguringuring. Despite this poorer 490 

performance we decided to include the Helena river in our analysis because it is an 491 

important catchment, one of the tributaries that supply water to Perth and because it is a dry 492 

catchment, thus more susceptible to climate change impacts. 493 

The calibrated model was then run 2500 times using the bias corrected precipitation and 494 

temperature data from CPDN to simulate runoff from 2000 to 2080 under the A1B scenario 495 

in each catchment in SWA. When performing the bias correction methodology we found 496 

that for precipitation the ecdf of monthly future simulations of winter CPDN is drier or is 497 

shifted to less precipitation than the ecdf of precipitation during the observed period. The 498 

main difference lies in the extreme lower quantile, where the ecdf of precipitation of future 499 

simulations presents a shift to lower precipitation than the observed and in some cases to 500 

higher extremes as well. For temperature the ecdf of monthly temperature shows a shift to 501 

higher temperatures with higher hot extremes. The CPDN precipitation and temperature 502 

monthly ecdfs for the observed and future (2000-2080) periods are available in Figure S1 of 503 

the Supplementary material.  504 

After introducing the bias correction we found that the difference between the medians of 505 

the simulated temperatures (CPDN) and the observed annual temperature (AWAP) for the 506 
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period between 1961 and 1992 (which corresponds to the period in which observed runoff 507 

data are available in Donnelly catchment) is 0.02 °C. The difference in the standard 508 

deviation of the CPDN simulations of annual temperature and observed annual temperature 509 

(AWAP) is 0.01°C, much lower than the 0.14°C difference for the raw series. For 510 

precipitation the differences for the same period are 0.79% and 3.7% for median and 511 

standard deviation respectively, improving considerably the 6.2% and 45% obtained from 512 

raw data. See this information in Table 3 and Table 4. 513 

Bias corrected annual precipitation and temperature CPDN simulations were compared 514 

against observed data (the AWAP weighted average) for each catchment, with the results 515 

for Donnelly catchment presented in Figure 8 (precipitation) and Figure 9 (temperature). 516 

The bias corrected methodology was applied to the complete period of record, but the 517 

correction was developed only over the period of observed runoff data available in each 518 

catchment, which in Figures 8 and 9 corresponds to the period between 1961 and 1992. In 519 

these figures, grey lines correspond to the 2500 bias corrected simulations from CPDN, 520 

blue lines are the median, 5 and 95 percentiles of the data and the red line the AWAP 521 

observations. In both cases a good graphical agreement between the observed data (red 522 

line) and the median of the CPDN data (blue line) was obtained for the period in which the 523 

bias correction was developed (period in which runoff data were available).  524 

According to Figure 9, positive trends for temperature in Donnelly River at Strickland have 525 

been seen during the observed period (1940-2000) and faster increases are shown in the 526 

later period (2000-2080), which can be noticed from the blue lines that represent the 527 

median and the 5 and 95 percentiles. This result was also observed in Helena and Denmark 528 

catchments for annual and for seasonal results. Conversely, negative trends in annual 529 

precipitation are shown (Figure 8) during the observed period (1940-2000) and faster 530 
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decreases are expected for the later period (2000-2080) for Donnelly catchment, which can 531 

be seen from the blue lines that represent the median and percentiles of the simulations. 532 

These results were also observed in Helena and Denmark rivers (not shown). The decrease 533 

in precipitation is concentrated in the winter season, with changes in summer precipitation 534 

being almost negligible (not shown), which is in agreement with the literature (Alexander et 535 

al., 2007; Charles et al., 2010; Nicholls and Lavery, 1992).  536 

We show the annual runoff simulations using the CPDN climate data in Figure 10. Similar 537 

results were obtained for the other two catchments so we present the figures for Donnelly 538 

catchment only. From Figure 10, negative trends in Donnelly at Strickland runoff are 539 

observed in the projections for the period 2000-2080, concordant with the trends in 540 

precipitation, the main driver of runoff in the area. This result was also observed in the 541 

Helena River at Ngangaguringuring and Denmark River at Kompup. The projections of 542 

annual precipitation, annual runoff, seasonal precipitation and seasonal runoff were 543 

computed for the period 2050-2080 and compared to 1970-2000 for all catchments, then we 544 

computed histograms including all the simulations. The histograms for seasonal differences 545 

in the Donnelly catchment are presented in Figure 11. Since similar results were obtained 546 

for the other two catchments, just results for Donnelly River at Strickland are shown.  547 

Decreases in precipitation with a median of around 20% are projected for precipitation in 548 

winter, spring and autumn, which leads to decreases in runoff of around 50% for winter and 549 

autumn. The response of spring runoff to reduced precipitation is larger than the other 550 

seasons, which might be driven in part by reduced catchment wetness at the beginning of 551 

spring following reduced precipitation in autumn and winter and for the increases in 552 

temperature and potential evapotranspiration during these months. Summer precipitation 553 
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shows no real change but has a large spread of results, which is explained due to the 554 

summer rainfall in these catchments being negligible. A large spread in the projections of 555 

runoff is also observed, with a median decrease of around 50%, which is caused by the 556 

combination of reduced precipitation in most seasons and higher temperatures in all 557 

seasons.  558 

Histograms of annual runoff and rainfall difference for the three catchments are presented 559 

in Figure 12. In all catchments a reduction in annual precipitation with a median of around 560 

20% is expected, which leads a reduction in runoff of more than double (~50%). The 561 

Helena catchment, which is the driest catchment among the three, is the most sensitive to 562 

changes in precipitation, with a median reduction in runoff of around 65%, driven by a 563 

reduction in rainfall with a median of around 20%. The results indicate that the drier the 564 

catchment, the more sensitive the response in runoff to changes in precipitation and the 565 

larger the spread of the projections, which is consistent with the understanding of runoff 566 

sensitivity to changes in precipitation increasing as the humidity ratio decreases (Dooge, 567 

1992; Dooge et al., 1999; Sankarasubramanian et al., 2001). 568 

4.3 Comparison of within-GCM uncertainties from stochastic generation of data 569 

Here we present a comparison of results from a GCM with perturbed physics to that from 570 

the stochastic generation of GCM data in order to identify any differences in the 571 

quantification of uncertainties in precipitation and runoff modelling for the Donnelly 572 

catchment. The GCM perturbed physics results from the previous section are shown in box-573 

plot form (Figure 13) for annual precipitation and runoff over the Donnelly catchment. 574 

Stochastic generation results are drawn from Peel et al. (2015), where monthly precipitation 575 
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and temperature data from 5 GCMs, selected for their good performance in simulating 576 

observed climate (McMahon et al., 2015), were stochastically replicated 100 times each. 577 

The stochastic methodology of Peel et al. (2015) is to de-trend the GCM data, replicate the 578 

de-trended data (both the signal and the noise around the trend) and add the trend to the 579 

stochastic data to form the stochastic replicate of the GCM run. Thus each stochastic 580 

replicate for a given GCM has the same trend but different stochastic data around the trend. 581 

Peel et al. (2015) indicated that they expected their stochastic method to under-estimate the 582 

true within-GCM uncertainty due to not replicating the trend. Results in Figure 13 indicate 583 

that the range of uncertainty using perturbed physics is larger than that using stochastic 584 

generation of data. The boxplots present the range of different simulations of rainfall and 585 

runoff, where the 25th and 75th percentiles are represented in the box, and the 97.5th and 586 

2.5th percentiles in the lines. Considering the differences between the 75th and the 25th 587 

percentiles as a percentage of the median, a 12% range in precipitation for the 2035-2064 588 

period is obtained using stochastic generation, compared to a 22% range using CPDN data 589 

for the same period. These results are amplified when analysing runoff: a range of 28% of 590 

the median runoff modelled for the period between 2035 and 2064 using stochastic 591 

generation is considerably smaller than the 57% range for the same variable and the same 592 

period using perturbed physics GCM data.  593 

4.4 Comparison of within-GCM uncertainties from GCM perturbed physics 594 

As our main interest is quantifying uncertainties in water projections due to within-GCM 595 

uncertainties we have mostly focused on the whole range of plausible projections rather 596 

than the spread of results caused by a single parameter. However, we also explored single 597 
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parameter uncertainties relative to the entire CPDN ensemble for a few parameters that we 598 

identified as important for the simulation of precipitation. 599 

Regarding uncertainties in input forcing in the GCM, Rowlands et al. (2012) presented an 600 

analysis of the main drivers of uncertainties in the CPDN simulations. They performed a 601 

linear variance decomposition of all the CPDN ensemble grouping the physical parameters 602 

into three groups. Solar, volcanic and sulphur cycle parameters were grouped as forcing 603 

parameters, with climate sensitivity used as a proxy for atmospheric physics and vertical 604 

diffusivity as representative of ocean physics. Their results showed that the atmospheric 605 

physics parameterizations accounted for most of the uncertainty among the ensemble (50% 606 

during the last 20 years), followed by uncertainties in forcing and in last position the ocean 607 

parameters. This was explained as due to the longer time-scale responses of oceans in the 608 

climate system. 609 

As an exploratory analysis we calculated the histograms of the differences in runoff for the 610 

periods between 2050-2080 and 1970-2000 for the different plausible values of five 611 

parameters: rhcrit (critical relative humidity for cloud formation), cw_land (threshold cloud 612 

water content for rain over land), eacf (large-scale cloud coverage when the specific 613 

humidity in the grid box is equal to the saturation value), ct (accretion constant – time  614 

constant for conversion of cloud droplets to rain) and vf1 (cloud ice fall speed). All 615 

parameters were selected for their importance in the GCM parameterization of rainfall, 616 

which is the main driver of runoff in SWA.  617 

In Figure 14 we present histograms of change in mean annual runoff obtained by selecting 618 

different values of the parameter rhcrit, which shows the spread of runoff change and the 619 
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median change relative to the whole ensemble of CPDN. Figures for the other parameters 620 

are contained in the Supplementary information. The histograms in Figure 14 show the 621 

whole ensemble of simulations in blue (2500) and the simulations using each one of the 622 

different rhcrit values in grey. We also plotted the median of the whole ensemble (red line) 623 

and the median of the group of simulations obtained using an rhcrit value (red dotted line). 624 

The three different values of rhcrit produce results with differences in median of 9%. The 625 

median of the reductions in runoff for the lowest rhcrit is -46%, and for the highest rhcrit is 626 

-55%. The spread of simulations moves to higher reductions in runoff when rhcrit is larger. 627 

This is due to the importance of rhcrit for cloud formation – as rhcrit increases cloud 628 

formation becomes harder, which results in less precipitation and less runoff. Among all the 629 

parameters analysed, rhcrit produced the largest impact on runoff reductions, showing how 630 

important parameterisations of cloud formation are for projections of climate and runoff.  631 

5. Discussion and Conclusions 632 

In this paper we have studied how uncertainties in the parameters specified within-GCM 633 

physics parameterisations translates into uncertainties in runoff projections. Our results 634 

show that uncertainties in projections of runoff, precipitation and temperature for the second 635 

half of this century using perturbed physics in a single GCM are very large. Uncertainties in 636 

GCM parameterisations in precipitation and temperature translate into even larger 637 

uncertainties in runoff projections (approximately doubled), with a hydrological sensitivity 638 

of around 2.5, which is consistent with the values calculated by Chiew (2006) and Jones et 639 

al. (2006). It is important to emphasize that these uncertainties correspond just to 640 

uncertainties within a single GCM, without considering uncertainties in emissions scenario, 641 

downscaling/bias correction, hydrological modelling or vegetation response to CO2 642 
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enrichment. However, due to the large number of perturbations and initial conditions 643 

explored in the CPDN data, it is possible that these simulations match some simulations 644 

produced by other GCMs, covering between-GCM uncertainties as well. The impact on 645 

runoff of within-GCM uncertainty due to perturbed physics has not previously been 646 

analysed, so these results are useful to compare with studies that assess only multi-model 647 

uncertainties. 648 

In this study, plausible projections in annual precipitation indicate a reduction between the 649 

years 2050-2080 compared to 1970-2000 that range between 0% and 40% for the Donnelly 650 

and Denmark Rivers and between 0% and 50% for the drier Helena catchment. The range of 651 

projected decrement in annual precipitation drives a runoff decrement between 10% and 652 

80% over the same period, and this reduction is also larger in the Helena catchment (0%-653 

90%). A reduction of around 22% in annual and winter precipitation leads to a descrease of 654 

50% in runoff which is a larger reduction than that found using stochastic generation of 655 

data, as an approach for assessing within-GCM uncertainties. 656 

Winter reductions in precipitation and runoff for every catchment are very similar to the 657 

annual changes, mainly because around 80% of annual precipitation falls in winter months 658 

in these catchments. Summer and spring runoffs are most sensitive to changes in 659 

precipitation due to increases in temperature during these months and the drier conditions in 660 

the catchment resulting from the reduced autumn and winter rainfall, which increase 661 

sensitivity to changes in precipitation, as reported by Chiew (2006).  662 

According to the results shown in this paper, the CPDN projects reductions in precipitation 663 

for the period 2050-2080 in all the catchments, and the hydrological model results indicate 664 
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larger reductions in runoff for the same period for the three catchments. However some 665 

differences between catchments were observed. The driest catchments are more sensitive to 666 

changes in precipitation: for example, the Helena River in which the change in modelled 667 

runoff is more than double the change in precipitation. This is concordant with the results 668 

presented by Dooge et al. (1999) and Sankarasubramanian et al. (2001) which indicated that 669 

the drier the catchment the more sensitive the runoff to changes in precipitation. The Helena 670 

River result is very important as it is representative of the area around Perth, the largest city 671 

in Western Australia, and these reductions would have a significant impact on surface water 672 

resources available for water supplies. 673 

The perturbed physics GCM results showed that uncertainties, quantified as the range 674 

between 25th and the 75th percentiles in the histogram of plausible projections using CPDN 675 

data, are approximately double those from stochastic generation of GCM data. This 676 

confirms that the stochastic approximation of within-GCM uncertainty of Peel et al (2015) 677 

underestimates true within-GCM uncertainty as expected. In both cases the range of 678 

projections for runoff is larger, more than double the range in precipitation projections, 679 

indicating the sensitivity of runoff to precipitation. 680 

The difference between the 10th and 90th percentiles of modelled annual runoff for the 681 

period between 2046-2065, compared to 1961-2000, using CPDN data averaged over the 682 

three catchments is around 78%, which is much larger than the 50% obtained by Teng et al. 683 

(2012) using the GCM ensembles runs available in CMIP3 and CMIP5 for Australian 684 

catchments. 685 
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Considering the analysis of uncertainties due to the variation of single parameters in the 686 

GCM physics parameterizations, we found that of the five atmospheric parameters 687 

investigated the parameter representing critical relative humidity for cloud formation 688 

produced the largest changes in terms of precipitation and runoff. Rhcrit produced 689 

reductions in the median of runoff projections that fluctuated between -46% and -55%, 690 

indicating the importance of this parameter to cloud formation processes in the GCM. 691 

As we said before, our work present some limitations. First of all the GCM output is 692 

available in a monthly basis, then we bias corrected the data for every catchment monthly, 693 

but we did not consider the biases in other time scales and among multiple variables. 694 

Recent work from Mehrotra and Sharma (2015) indicates that by bias correcting the 695 

climatic variables in a joint structure and considering different time scales (daily, monthly 696 

and seasonally) better results are observed in the representation of persistence properties 697 

and distributions of the variables. Second, we calibrated a lumped hydrological model 698 

which does not consider vegetation response to CO2 enrichment, and then we assume that 699 

the catchments will present the same soil and vegetation conditions in the future, not 700 

considering changes and influences of vegetation which could result in an underestimation 701 

of uncertainties. Still, CPDN data with its limitations is a powerful tool for understanding 702 

and studying the impacts of parameterizations in a GCM in climatic and runoff projections, 703 

reaching the main aim of our study satisfactorily. 704 

Finally, the results from the perturbed physics approach indicate that current studies of 705 

future runoff under climate change, which solely consider between-GCM variability, tend to 706 

underestimate the uncertainty in runoff. The methodology presented here can be extended to 707 

other catchments located in other regions, and future work in central Chilean catchments is 708 

planned as part of this project. 709 
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Table 1 Catchment location, area, and mean annual precipitation and temperature 962 

River Station Latitude 
(°) 

Longitude 
(°) 

Area Precipitation Temperature 
km2 mm °C 

Helena River at Ngangaguringuring -31.94 116.4 327 665 17 
Donnelly River at Strickland -34.33 115.77 780 1004 15.2 
Denmark River at Kompup -34.87 117.32 502.4 835 15.3 

 963 

Table 2 Correlation coefficients between Southern Annular Mode, ENSO, precipitation and 964 
temperature observed and simulated by CPDN 965 

  

CPDN 
annual 

precipitation 
- SAM 

CPDN 
winter 

precipitation 
- SAM 

CPDN 
annual 

temperature 
- ENSO 

Observed 
Annual 

precipitation 
- SAM 

Observed 
winter 

precipitation 
- SAM 

Observed 
annual 

temperature 
- ENSO 

Spearman  -0.33 -0.57 0.3 -0.30 -0.46 0.17 
Kendall  -0.23 -0.4 0.21 -0.19 -0.31 0.12 
Pearson -0.34 -0.6 0.27 -0.27 -0.41 0.18 

 966 

Table 3 Differences in median and standard deviation of AWAP temperature and CPDN 967 
temperature 968 

  

Median 
AWAP data 

(°C) 

Median 
CPDN 
(°C) 

Dif 
Median 

(°C) 

Standard 
dev. 

AWAP 
data 
(°C) 

Standard 
dev. 

CPDN 
data 
(°C) 

Dif. 
Standard 
Dev. (°C) 

Raw 
Temperature over 

SWA 16.09 15.86 -0.23 0.45 0.31 -0.14 
Bias corrected 

Temperature over 
Donnelly River 

at Strickland 15.20 15.18 -0.02 0.42 0.43 +0.01 
 969 
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Table 4 Differences in median and standard deviation of AWAP precipitation and CPDN 970 
precipitation 971 

  

Median 
AWAP data 

(mm) 

Median 
CPDN 
(mm) 

Dif 
Median 

(%) 

Standard 
dev. 

AWAP 
data (mm) 

Standard 
dev. 

CPDN 
data (mm) 

Dif. 
Standard 
Dev. (%) 

Raw 
Precipitation over 

SWA 429.24 402.69 6.19 100.33 54.58 45.60 
Bias corrected 

Precipitation over 
Donnelly River 

at Strickland 1003.9 995.93 0.79 150.46 156.02 3.70 
 972 

Table 5 PERM calibration results 973 

 Parameters 
Evaluation Annual 

Modelled and 
Observed Runoff 

Catchment Smax ETrate K Melt Imax R2 N&SE 
Helena River at 

Ngangaguringuring 200 60 0.41 0.02 100 0.62 0.59 
Donnelly River at Strickland 767.81 7.56 0 0.27 23.88 0.94 0.94 
Denmark River at Kompup 936.56 12.22 0.27 0.83 92.75 0.78 0.78 

 974 

975 



43 
 

Table 6 PERM evaluation results 976 

Catchment 
Annual 
N&SE  

Obs. 
MAR 
(mm) 

Mod. 
MAR 
(mm) 

Dif Obs. 
And Mod. 
MAR (%) 

Obs 
Cv 

Mod. 
Cv 

Dif Obs. 
And Mod. 

Cv (%) 
Helena River at 

Ngangaguringuring 0.60 6.41 6.10 4.93 0.89 0.88 0.84 
Donnelly River at 

Strickland 0.92 162.72 162.98 0.16 0.43 0.41 5.00 
Denmark River at Kompup 0.70 58.93 57.92 1.70 0.58 0.56 4.83 
 977 

 978 

Figure 1 Location of the catchments in southwest Western Australia, along with mean 979 

annual rainfall (1970-2000) 980 
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 981 

Figure 2 Bias correction methodology for precipitation in Donnelly River at Strickland 982 

during December 983 

 984 

 985 

Figure 3 PERM model scheme 986 
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 987 

Figure 4 Comparison of raw CPDN annual precipitation and scaled AWAP annual 988 

precipitation for SWA. Grey lines represent the 2500 simulations of precipitation from 989 

CPDN. 95th, 5th percentiles and median of the simulations are presented as blue lines and 990 

AWAP annual precipitation is plotted with a red line 991 
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 993 

  

Figure 5 Histogram of median of simulated (CPDN) annual precipitation (mm) for the 994 

period between 1940 and 2000. Comparison of median of observed data (AWAP), as 995 

indicated with the open star, and the median of all the simulations during the same period, 996 

indicated with an asterisk 997 

 998 

 999 
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 1000 

Figure 6 Comparison of raw CPDN annual temperature and scaled AWAP annual 1001 

temperature for SWA. Grey lines represent the 2500 simulations of temperature from 1002 

CPDN. 95th, 5th percentiles and median of the simulations are presented as blue lines and 1003 

AWAP annual temperature is plotted with a red line 1004 

  

Figure 7 Histogram of the median of simulated (CPDN) annual temperature (°C) for the 1005 

period between 1940 and 2000. Comparison of median of observed data (AWAP) as 1006 

indicated with the open star and the median of all the simulations during the same period, 1007 

indicated by an asterisk . 1008 



48 
 

 1009 

 1010 

Figure 8 Bias corrected annual precipitation over Donnelly River at Strickland. Grey lines 1011 

represent the 2500 simulations of bias corrected precipitation from CPDN project. 95th, 5th 1012 

percentiles and median of the simulations are presented as blue lines and AWAP annual 1013 

precipitation is plotted with a red line. The bias correction was developed over the observed 1014 

period 1961-1992  1015 

 1016 
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 1017 

Figure 9 Bias corrected annual temperature over Donnelly River at Strickland. Grey lines 1018 

represent the 2500 simulations of bias corrected temperature from CPDN project. 95th, 5th 1019 

percentiles and median of the simulations are presented as blue lines and AWAP annual 1020 

temperature is plotted with red line The bias correction was developed over the observed 1021 

period 1961-1992 1022 
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 1023 

Figure 10 Simulated annual runoff over Donnelly River at Strickland. Grey lines represent 1024 

the 2500 simulations of runoff using PERM model run with bias corrected precipitation and 1025 

temperature from CPDN. 95th, 5th percentiles and median of the simulations are presented 1026 

as blue lines and observed runoff is plotted with a red line 1027 

 1028 

 1029 
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 1030 

Figure 11 Histograms of seasonal changes in precipitation and runoff over Donnelly River 1031 

at Strickland 1032 



52 
 

 1033 

Figure 12 Histograms of annual changes in precipitation and runoff in all of the catchments 1034 



53 
 

 1035 

Figure 13 Boxplot of uncertainties in precipitation and runoff using CPDN data and 1036 

stochastic generation, in the Donnelly River at Strickland for the period 2035 - 2064 1037 
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 1039 

 
 

 
Figure 14 Histograms of annual changes in runoff considering all the simulations of CPDN 1040 

and the groups of simulations with different perturbations of the parameter rhcrit. Red line 1041 

represents the median of the whole ensemble and dotted red line the median of the 1042 

simulations for a particular perturbation of rhcrit 1043 


