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Abstract Future climate projections of Global Climate

Models (GCMs) under different emission scenarios are

usually used for developing climate change mitigation and

adaptation strategies. However, the existing GCMs have

only limited ability to simulate the complex and local cli-

mate features, such as precipitation. Furthermore, the out-

puts provided by GCMs are too coarse to be useful in

hydrologic impact assessment models, as these models

require information at much finer scales. Therefore,

downscaling of GCM outputs is usually employed to pro-

vide fine-resolution information required for impact mod-

els. Among the downscaling techniques based on statistical

principles, multiple regression and weather generator are

considered to be more popular, as they are computationally

less demanding than the other downscaling techniques. In

the present study, the performances of a multiple regression

model (called SDSM) and a weather generator (called

LARS-WG) are evaluated in terms of their ability to sim-

ulate the frequency of extreme precipitation events of

current climate and downscaling of future extreme events.

Areal average daily precipitation data of the Clutha

watershed located in South Island, New Zealand, are used

as baseline data in the analysis. Precipitation frequency

analysis is performed by fitting the Generalized Extreme

Value (GEV) distribution to the observed, the SDSM

simulated/downscaled, and the LARS-WG simulated/

downscaled annual maximum (AM) series. The computa-

tions are performed for five return periods: 10-, 20-, 40-,

50- and 100-year. The present results illustrate that both

models have similar and good ability to simulate the

extreme precipitation events and, thus, can be adopted with

confidence for climate change impact studies of this nature.
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1 Introduction

A rising trend of the Earth’s temperature and changes in the

associated weather conditions across the globe are referred

to as climate change. In the absence of suitable mitigation

and adaptation measures, climate change is likely to affect

major sectors of the world, such as agriculture, water

resources, and tourism. Global Climate Models (GCMs),

which are presently considered to be the most reliable

source providing the climate change information, have

spatial resolutions too coarse for hydrologic impact mod-

els. To provide hydrologists with the desired information in

terms of hydrometeorologic variables at a very fine spatial

resolution (in the order of a few kilometers) or station-

scale, downscaling is usually employed. The existing

downscaling techniques have two broad classes: statistical

and dynamical. Extensive details about the theories behind

these classes as well as their advantages and disadvantages

can be found in Hewitson and Crane (1996), Xu (1999),

Wilby et al. (2004), and Fowler et al. (2007), among others.

Among the statistical downscaling techniques used by

hydrologists to obtain station-scale climatic information,

multiple regression models and stochastic weather gener-

ators have far more applications than the others (e.g. Wilks

1992, 1999), as they are computationally less demanding,

simple to apply, and efficient (Semenov et al. 1998; Dibike

and Coulibaly 2005; Kilsby et al. 2007; Kim et al. 2007).
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Regression-based downscaling methods involve devel-

oping empirical relationships between large-scale GCM

data or observed data as ‘‘predictor’’ variables and local- or

small-scale climate variables as ‘‘predictand’’ variables

(e.g. temperature, precipitation) using traditional linear and

nonlinear regression methods (e.g. Heyen et al. 1996;

Wilby et al. 2002). Examples of traditional regression-

based downscaling methods include linear regression,

canonical correlation analysis (CCA), and principal com-

ponent analysis (PCA) (Dibike and Coulibaly 2005).

Weather generators are traditionally used to stochastically

generate long synthetic series of data, fill in missing data, and

produce different realizations of the same data (Wilby 1999).

They employ random numbers and take the observed time

series of a station/site as input. Stochastic weather simulation

is not new, and has a long history starting from the 1950s, as

reported by Racsko et al. (1991). Among the researchers who

contributed to its evolution are Bruhn (1980), Bruhn et al.

(1980), Nicks and Harp (1980), Richardson (1981), Rich-

ardson and Wright (1984), and Schoof et al. (2005). Wilby

(1999) presented a comprehensive review of its theory and

evolution over time. Weather generators have also been

employed to simulate long time series of hydrometeorologic

variables that can be used by crop growth models for fore-

casting agricultural production (e.g. Riha et al. 1996;

Hartkamp et al. 2003), multi-site data generation (Khalili

et al. 2009), and assessment of risk associated with climate

variability (Bannayan and Hoogenboom 2008). Further

details on the use of weather generators in crop production

studies can be found in Semenov (2006).

Statistical downscaling methods are usually considered

to be not very effective for simulation of extreme events of

precipitation (Wilby et al. 2004). On the other hand, the

frequency and intensity of extreme precipitation events are

very likely to come under impact of envisaged climate

change in most parts of the world (IPCC 2007), thus posing

the risk of increased floods and droughts. In this situation,

hydrologists should only rely on those statistical down-

scaling tools that are equally efficient for simulating means

as well as extreme precipitation events. Thus, there is

indeed a need for testing the available statistical down-

scaling tools for their ability to simulate extreme climatic

events, especially precipitation (which is highly complex in

nature and difficult to model) at the watershed scale. There

have been some studies on this topic, but they have mainly

used nonparametric methods based on extreme climatic

indices (e.g. Tolika et al. 2008). Fowler et al. (2007) have

commended the study by Goodess et al. (2007) as the most

comprehensive study comparing skills of many different

downscaling methods for simulating climatic extremes in

terms of 10 extreme indices. They have also argued over the

applicability of such indices-based studies for hydrologic

impact assessment, as these studies deal only with moderate

extremes while frequency of rare events is more desirable to

hydrologists. Semenov (2008) has pioneered the evaluation

of a weather generator in terms of simulating rare precipi-

tation events through the use of parametric distributions.

The present study focuses on the evaluation and com-

parison of two very popular statistical downscaling models

in terms of their ability to simulate extreme precipitation

frequency using a parametric distribution at a watershed

scale. The first model is the SDSM, which is a multiple-

regression model (Wilby et al. 2002), and the second model

is the Long Ashton Research Station Weather Generator

(LARS-WG), which was specially designed for climate

change studies (Semenov and Barrow 1997).

The rest of the paper is organized as follows. First, a

brief description of the study watershed and data sources is

given. Next, details of methods and analysis are provided,

which include application of the two downscaling models

and precipitation frequency analysis. This is followed by

Fig. 1 Watershed boundary of Clutha river at Balclutha on terrain

map of South Island, NZ (Source NIWA web model: http://wrenz.

niwa.co.nz/webmodel)
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presentation of results and their discussion. Finally, con-

clusions of the study are given.

2 Study watershed and data sources

The Clutha River is the biggest river in the South Island of

New Zealand. Its catchment up to Balclutha (Fig. 1) is

selected as a case study. The river is also the second longest

in length (340 km) in New Zealand, and has been reported as

the largest river in terms of volume and catchment area

(McKerchar and Henderson 2003). Its long-term annual

mean flow is approximately 614 m3/s. The catchment area is

about 20,515 km2 up to Balclutha, and the mean annual

precipitation is about 1,448 mm (derived using web model of

the National Institute of Water and Atmosphere (NIWA),

New Zealand; http://wrenz.niwa.co.nz/webmodel). The

river starts from the high Southern Alps glaciers and is very

hazardous due to its flooding potential. The climatic data

used in this study are obtained from NIWA. Daily average

precipitation data of 23 stations within the Clutha watershed,

having record lengths of at least 40 years, are acquired for

the period 1961–2000. The large-scale predictors of Hadley

Center’s GCM (HadCM3) for 1961–2099 (based on twen-

tieth century run as well as SRES (Special Report on Emis-

sion Scenarios) A2 future scenario run) and re-analysis data

predictors of the National Center of Environmental Predic-

tion (NCEP) on HadCM3 computational grid for 1961–2000

are obtained from the Canadian Climate Impacts Scenarios

(CCIS) website (http://www.cics.uvic.ca/scenarios/index.cgi)

at daily time step. Among the SRES scenarios, A2 is con-

sidered among the worst case scenarios, projecting high

emissions for the future (SRES 2000). In climate change

studies, the period 1961–2000 is normally used to represent

the current climate and is called the ‘baseline period’ (Wilby

et al. 2002). The selection of the future time slice of 2080s

allows assessment of the climate change impact on precipi-

tation extremes in a distant future. In order to get a down-

scaled time series using a weather generator, the mean daily

precipitation output of HadCM3 GCM, covering the whole

globe, is obtained for the twentieth century run (1960–1989)

as well as for the SRES A2 scenario run for 2080s (2070–

2099) from Program for Climate Model Diagnosis and Inter-

comparison (PCMDI) data portal (https://esg.llnl.gov:8443/).

3 Methodology

3.1 Application of statistical downscaling model

The SDSM is a multiple regression-based tool for gener-

ating future scenarios to assess the impact of climate

change. It has the ability to capture the inter-annual

variability better than other statistical downscaling

approaches, e.g. weather generators, weather typing (Wilby

et al. 2002). The model is a combination of a stochastic

weather generator approach and a transfer function model

(Wilby et al. 2002) needing two types of daily data. The

first type corresponds to local predictands of interest (e.g.

temperature, precipitation) and the second type corre-

sponds to the data of large-scale predictors (NCEP and

GCM) of a grid box closest to the study area. Correlation

and partial correlation analysis are performed in SDSM

between the predictand of interest and predictors to select a

set of predictors most relevant for the site in question

(Wilby et al. 2002).

Initially, the precipitation data of a selected station from

the study watershed (Ophir2) are used in SDSM. The

correlation analysis performed within SDSM between the

precipitation of this site and the NCEP re-analysis predic-

tors (Table 1) reveals very poor results. Consequently,

offline statistical analysis is undertaken to improve the

results to an acceptable limit. A cross-correlation analysis

between the daily precipitation of Ophir2 and the NCEP

predictors is an attempt in this regard. An optimal lag or

time shift, required to improve the correlation between

each predictor–predictand pair, is identified. The correla-

tion results after this analysis are shown in Fig. 2. Exam-

ination of the figure shows that the correlation coefficient

values obtained are well below the acceptable limit as

indicated in previous studies (e.g. Hessami et al. 2008).

Further cross-correlation analysis using the data of other

stations leads to conclusions similar to those obtained using

the Ophir2 station. Accordingly, these predictors cannot be

used directly for reliable downscaling at the station-scale.

As the outcome of the station-scale analysis is not

favorable, an areal approach is adopted. The arithmetic

average of the daily data from 23 stations within the Clutha

watershed, with a record length of at least 30 years, is

taken. This areal average precipitation time series is

referred to herein as Clutha precipitation. Cross-correlation

analysis is again performed between the Clutha precipita-

tion and the NCEP predictors. Table 2 shows the results of

this cross-correlation analysis in terms of predictand–pre-

dictor lag (in days) required to get the maximum correla-

tion between them. After arranging each NCEP predictor

against Clutha precipitation on the basis of Table 2, the

predictor–predictand correlation is found to improve sig-

nificantly. This is highlighted in Fig. 3. Examination of

Fig. 3 shows that there are a number of the NCEP pre-

dictors that have correlation coefficient values in the range

13–25% for the Clutha precipitation. This range is con-

sidered to be acceptable when dealing with precipitation

downscaling (cf. Wilby et al. 2002).

The lagged NCEP predictors and the Clutha precipita-

tion obtained in the previous step are then used in SDSM
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for the final analysis. Screening of the most relevant pre-

dictors’ set is performed in SDSM on the basis of corre-

lation and partial correlation analysis among the predictand

and the individual predictors, and a set of 10 predictors is

chosen. This is shown in bold text in Table 1. The predictor

selection process is consistent with that adopted in similar

studies (Dibike and Coulibaly 2005). The 10 chosen pre-

dictors are used for calibration of the downscaling model.

The data of Clutha precipitation and the NCEP pre-

dictors for the period 1961–2000 are split into two parts:

1961–1990 and 1991–2000. The first part (1961–1990) is

set for model calibration, while the remaining data (1991–

2000) are used for model validation (as an independent set

of data). The SDSM is calibrated for each month of the

year using the same set of 10 selected NCEP predictors

for the calibration period. Different values of the SDSM

set-up parameters, such as ‘Variance Inflation’ and ‘Bias

Correction,’ are tried. The best combination of these

parameters is obtained giving a calibrated model with

maximum coefficient of determination (R2) and identical

standard deviation in the comparison of observed and

simulated data. This model tuning/calibration strategy is in

line with the one explained in Dibike and Coulibaly (2005).

Model validation is performed by testing it on the valida-

tion (i.e. independent) data set (1991–2000), which also

reveals satisfactory results (see Sect. 4 for further details).

The model calibrated in SDSM is then used to get a syn-

thetic precipitation time series of 40-year length using

large-scale NCEP predictor set for 1961–2000. This time

series is subsequently used in the annual maximum (AM)

precipitation frequency analysis.

In order to get the downscaled time series of Clutha

precipitation, the HadCM3 large-scale predictors are used.

In the calibrated SDSM model, the NCEP predictors are

Table 1 Name and description of all NCEP predictors on HadCM3 grid (the one in bold text is selected in model calibration)

1 ncepmslpaz Mean sea level pressure 14 ncepp500az 500 hPa geopotential height

2 ncepp5_faz 500 hPa airflow strength 15 ncepp850az 850 hPa geopotential height

3 ncepp5_uaz 500 hPa zonal velocity 16 ncepp__faz Surface airflow strength

4 ncepp5_vaz 500 hPa meridional velocity 17 ncepp__uaz Surface zonal velocity

5 ncepp5_zaz 500 hPa vorticity 18 ncepp__vaz Surface meridional velocity

6 ncepp5thaz 500 hPa wind direction 19 ncepp__zaz Surface vorticity

7 ncepp5zhaz 500 hPa divergence 20 ncepp_thaz Surface wind direction

8 ncepp8_faz 850 hPa airflow strength 21 ncepp_zhaz Surface divergence

9 ncepp8_uaz 850 hPa zonal velocity 22 ncepr500az Relative humidity at 500 hPa

10 ncepp8_vaz 850 hPa meridional velocity 23 ncepr850az Relative humidity at 850 hPa

11 ncepp8_zaz 850 hPa vorticity 24 nceprhumaz Near surface relative humidity

12 ncepp8thaz 850 hPa wind direction 25 ncepshumaz Surface specific humidity

13 ncepp8zhaz 850 hPa divergence 26 nceptempaz Mean temperature at 2 m
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Fig. 2 Correlation between Ophir2 rainfall and NCEP predictors with shaded area showing maximum range of correlation
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replaced by the corresponding HadCM3 predictors, and a

synthetic time series is generated for 1961–2099.

3.2 Application of Long Ashton Research Station

Weather Generator (LARS-WG)

The LARS-WG can be used to synthesize daily data and fill

in missing values of a recorded climatic time series. It can

also generate data of an ungaged site for the daily climatic

parameters, such as precipitation, temperature, and solar

radiation (using observed data properties of a neighboring

gaged site). It takes as input the long-term daily informa-

tion of the climatic parameter of interest for a site. It can

also generate the scenarios of changed climate for a site by

perturbing the parameters derived from the observed data

to generate synthetic data, representing future climate

change.

Before using the LARS-WG for downscaling, its per-

formance on the Clutha precipitation time series for the

period 1961–2000 is analyzed. This precipitation time

series is used as an input to LARS-WG to generate syn-

thetic daily precipitation time series with a record length of

500 years. The statistical properties of the synthetic time

series are compared to those of the observed data using

t-test, F-test, and Chi-square (v2) test in order to gage the

ability of LARS-WG in reproducing the observed precip-

itation statistics (cf. Khan et al. 2006). The statistical

properties include monthly mean and standard deviation of

precipitation which are very similar to those used in pre-

vious studies (e.g. Dibike and Coulibaly 2005). The results

Table 2 Results of the cross-

correlation analysis

All other predictors were having

an optimal lag of ‘0’

Predictor name Predictor description Optimal lag with

Clutha precipitation

ncepmslpaz Mean sea level pressure ?1

ncepp5_faz 500 hPa airflow strength ?1

ncepp5_uaz 500 hPa zonal velocity ?1

ncepp5_vaz 500 hPa meridional velocity ?1

ncepp5thaz 500 hPa wind direction -1

ncepp5zhaz 500 hPa divergence ?1

ncepp8_faz 850 hPa airflow strength ?1

ncepp8_uaz 850 hPa zonal velocity ?1

ncepp8_vaz 850 hPa meridional velocity ?1

ncepp8_zaz 850 hPa vorticity ?1

ncepp8thaz 850 hPa wind direction ?1

ncepp8zhaz 850 hPa divergence ?1

ncepp500az 500 hPa geopotential height ?3
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Fig. 3 Correlation between Clutha precipitation and NCEP predictors with shaded area showing maximum range of correlation
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obtained in these comparisons are quite satisfactory (see

Sect. 4 for details), giving reasonable confidence about any

output obtained from LARS-WG. Using the statistical

properties of the observed data obtained in the previous

step, the weather generator is used to generate a 40-year

long daily precipitation time series. From this generated

data, 40 values of AM precipitation are obtained and used

in the subsequent frequency analysis.

Precipitation downscaling in LARS-WG is performed

using the relative change factors (RCFs). These RCFs are

derived using the two time series of HadCM3 precipitation

output for the twentieth century run (1961–1989) and

future run based on SRES A2 scenario (2070–2099). The

RCFs are given in Table 3, and are provided to LARS-WG

to generate a 30-year time series representing the future

time slice of 2070–2099 (2080s).

3.3 Precipitation frequency analysis

Frequency analysis of precipitation is used in this study

mainly to evaluate SDSM and LARS-WG in terms of

simulating extreme precipitation events of present climate

and downscaling future extreme events. This analysis is

based on the AM data obtained from three time series:

observed, SDSM, and LARS-WG.

In SDSM, the AM series is obtained from the 40-year

long daily precipitation time series generated using the

calibrated and validated model (discussed in Sect. 3.1) and

the NCEP predictors’ set for the period of 1961–2000.

From the GCM-based generated data of 1961–2099, AM

values are obtained only for the time slice selected as

representative of the future climate, i.e. 2080s.

The LARS-WG is used after calibration to produce a

40-year daily precipitation time series without any perturbations

to the precipitation properties and, based on derived RCFs, a

30-year precipitation time series representing a future time

slice of 2080s. From these two sets of synthetic time series,

the AM values are obtained for further analysis.

Precipitation frequency analysis is performed by fitting

the Generalized Extreme Value (GEV) distribution to the

three sets of AM. The GEV is a family of probability dis-

tributions, which actually combines the Type I (Gumbel),

Type II (Fréchet), and Type III (Weibull) distributional

families of Three Types Theorem (Coles 2001). It has three

parameters, namely, a location parameter ‘l,’ a scale param-

eter ‘r,’ and a shape parameter ‘n.’ The cumulative distri-

bution function (CDF), F(x), of GEV distribution for an

extreme-value data set xi (i = 1,…,n) is given by the fol-

lowing equations (Huang et al. 2008).

FðxÞ ¼ e�ð1þðnðxi�lÞ=rÞÞ�1=n

for �1\xi� l� r
n

with n\0
ð1Þ

FðxÞ ¼ e�e�ðxi�lÞ=r
for �1� xi\1 with n ¼ 0 ð2Þ

In this study, the GEV parameters are estimated by the

Maximum Likelihood Estimation (MLE) method, as

recommended by Huang et al. (2008) and guidelines of

Federal Emergency Management Agency (FEMA 2004).

The MLE method gives the standard error in the estimation

of these parameters and, hence, the 95% confidence

interval (CI) for the estimated value of AM of a given

return period.

Precipitation frequency analysis is performed using the

GenStat 10 software package (Payne et al. 2007) by fitting

the GEV distribution to observed, SDSM simulated/

downscaled, and LARS-WG simulated/downscaled AM

series. The computations are performed for five return

periods: 10-, 20-, 40-, 50- and 100-year.

Semenov (2008) noted that, if an N-year return period

precipitation amount derived from synthetic data falls

within the 95% CI of the observed, the simulation can be

considered to be successful. For mathematical details of the

GEV distribution, readers are referred to Semenov (2008).

4 Results and discussion

Figure 4 shows comparisons of the observed and the

SDSM-estimated month-wise mean daily precipitation and

its standard deviation. Examination of Fig. 4 shows that the

calibrated model reproduces the monthly mean daily pre-

cipitation values quite well. It slightly underestimates the

mean daily precipitation for the months of Apr, Jun, Jul,

and Sep (\1 mm) and almost equally overestimates it in

the months of Jan, Feb, Mar, May, Aug, Oct, Nov, and Dec.

As Wilby et al. (2004) point out, downscaling models are

Table 3 Relative change in monthly statistics between baseline cli-

mate and future (2080s) climate as derived from HadCM3 daily

output (present and A2 future scenario)

Month Mean daily Wet spell length Dry spell length

January 1.01 0.90 1.13

February 1.13 0.99 1.21

March 1.01 0.82 1.05

April 0.98 0.99 1.14

May 1.30 1.17 1.09

June 1.16 1.10 1.13

July 1.20 1.47 1.11

August 1.10 1.03 1.08

September 1.10 1.15 1.28

October 1.14 1.38 1.06

November 1.07 0.92 1.07

December 0.96 0.98 1.06
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often regarded as less able to model the standard deviation

(or variance) of the observed precipitation with great

accuracy. However, as it can be seen in Fig. 4, the SDSM

model reproduces the observed standard deviation reason-

ably well for the Clutha watershed. Only for 4 months of

the year (Jun, Jul, Sep, and Dec), the SDSM-simulated

standard deviation is below that of the observed data. For

the remaining 8 months, the simulated and observed stan-

dard deviations are in good agreement with each other.

After accomplishing a satisfactory calibration, the mul-

tiple regression model is validated using the data of 1991–

2000 (as an independent set of data outside the period for

which the model is calibrated), and the results obtained are

shown in Fig. 5. Examination of the figure reveals that the

model is successfully validated.

Figure 6 shows the results obtained using LARS-WG.

As can be seen, the means of daily precipitation for each

month are very well modeled by LARS-WG, except for the

summer months where it overestimates the mean precipi-

tation. In terms of standard deviation, the LARS-WG

shows an average performance, as it mostly underestimates

the observed standard deviation, but overall gives much

better results for the months of Feb–May and Jul than for

the rest of the year (Fig. 6).

Before using GEV for fitting the generated as well as

downscaled data, its suitability for the present study is

analyzed using visual plotting of cumulative distribution

functions, shown in Fig. 7. Examination of this figure

shows that GEV distribution fits very well to the observed

AM series, which affirms that the application of GEV

Fig. 4 SDSM model

calibration for the Clutha
precipitation of 1961–1990

Fig. 5 SDSM model validation

for the Clutha precipitation of

1991–2000
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distribution for precipitation frequency analysis of the

study watershed is a reasonably good choice.

After confirming the suitability of GEV distribution for

precipitation data of the study watershed, it is fitted to the

three sets of AM series (observed, SDSM-simulated, and

LARS-WG-simulated), and precipitation magnitudes cor-

responding to the five return periods are obtained. The

values of three parameters of GEV distribution (l, r, and

n) are obtained through the MLE method (discussed in

Sect. 3.3). Table 4 shows the values of the three GEV

parameters along with standard error in their estimation for

all three sets of AM series. Examination of Table 4 indi-

cates that the values of two of the GEV parameters (l and

r) derived for observed and SDSM AM data are quite

similar to each other. However, for the third GEV param-

eter (n), values derived for the two downscaling models are

identical but they are significantly different to the one

derived from observed AM precipitations. In terms of

values of GEV parameters derived for the three sets of AM

values, it seems very difficult to affirm one model as better

of the two downscaling models used in this study.

Figure 8 shows the AM precipitation frequency analysis

results in terms of the GEV-estimated magnitude of the

N-year return period precipitation for three AM series. The

diamond symbols represent the GEV-estimated AM pre-

cipitation magnitudes of 10-, 20-, 40-, 50-, and 100-year

return period using the observed AM series. The bars

extending vertically from the prism symbols are the cor-

responding 95% CI. The triangles and round dots joined by

lines represent the GEV estimates using the simulated AM

Fig. 6 Comparison of the

Clutha precipitation and LARS-

WG-simulated data for the

period 1961–2000

Fig. 7 Cumulative distribution plot of GEV distribution for observed

AM data

Table 4 Estimated values of GEV parameters using MLE for three

data sets used in the analysis (standard error in the estimation of a

parameter is given in parenthesis as bold value)

Data type l r n

Observed 45.97 (2.797) 10.89 (2.063) -0.01 (0.189)

Simulated

(LARS-WG)

48.29 (2.153) 8.62 (1.516) -0.15 (0.154)

Simulated (SDSM) 45.69 (2.666) 10.20 (1.968) -0.15 (0.216)
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Fig. 8 Comparison of GEV-estimated magnitudes of rainfall for

studied return periods using three AM series (observed, SDSM,

LARS-WG, the grey vertical bars extending from diamonds represent

the 95% CI of the GEV estimate)
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series of SDSM and LARS-WG, respectively. It can be

seen from the figure that both the models (SDSM and

LARS-WG) successfully simulate the magnitudes of pre-

cipitation for the five return periods, as GEV estimates

for simulated values of both the models are well within

the 95% CI obtained using the observed AM series

(cf. Semenov 2008). Furthermore, both the models consis-

tently underestimate the GEV AM values obtained using the

observed data. However, they appear to simulate the low

return period precipitation better than high return period

precipitation, as the departure of simulated values from the

corresponding observed values increases with increasing

return period. On the basis of the results presented above, it

can be seen that both models are acceptably good at simu-

lating AM precipitation as compared to the observed AM

values. Furthermore, they have similar capability, as there is

no significant difference in their results.

Precipitation frequency analysis based on the down-

scaled data for the Clutha watershed is shown in Fig. 9. In

the figure, the GEV-estimated precipitation amounts for the

five studied return periods obtained using the observed data

(1961–2000), the SDSM-downscaled data for 2080s, and

the LARS-WG-downscaled data for 2080s are plotted.

Figure 9 represents the ability of the two downscaling

models for assessing the changes in the frequency of future

extreme events and also presents two different pictures of

the future. The GEV-estimated values obtained for the

SDSM-downscaled data clearly show a significant increase

in both the frequency and the intensity of future extreme

events of precipitation. The SDSM-downscaled data sug-

gest that a 100-year event will become a 20-year event and

a future 100-year event will be around 1.5 times that of the

100-year event now. On the other hand, the GEV estimate

based on the LARS-WG-downscaled data suggests an

increase in magnitude of low-return period precipitation

events, while a decrease is projected for the high return

period events. These two contrasting pictures of the future

are a result of the difference in the basic concept behind

the two downscaling models. The SDSM makes use of the

changes in atmospheric circulation patterns in terms of the

large-scale predictors, as suggested by a GCM which can

be considered more reliable. On the other hand, LARS-WG

uses the RCFs derived from the direct precipitation output

of a GCM. As the current GCMs are still very coarse in

spatial resolution, their direct precipitation output is

unreliable.

5 Conclusions

The performances of a multiple regression model, called

SDSM, and a weather generator, called LARS-WG, were

evaluated in terms of their ability to simulate present and

downscale future frequency of extreme precipitation. Daily

areal average precipitation data from the Clutha watershed

in South Island, New Zealand, were used for the analysis.

The GEV distribution was fitted to the AM series. Five sets

of AM series were obtained: observed (1961–2000), the

SDSM-simulated (1961–2000), the SDSM-downscaled

(2080s), the LARS-WG-simulated (1961–2000), and the

LARS-WG-downscaled (2080s). The GEV estimates of

AM precipitation amounts for five return periods (10-, 20-,

40-, 50-, and 100-year) as well as their corresponding 95%

CI were obtained. In simulating the five return periods,

both model estimates are within 95% CI estimated by GEV

for observed AM series, affirming reasonable confidence in

the ability of both the models. Comparing the two models

in terms of three GEV parameter values and the GEV-

estimated precipitation magnitudes for all five return

periods reveals that it is difficult to conclude in favor of

either of them. On the whole, both the models (i.e. SDSM

and LARS-WG) show similar results for simulating pres-

ent-day extreme events of precipitation. Future precipita-

tion frequency analysis, based on the downscaled data of

both the models, presents two different pictures. The con-

trasting implication of the two models about the future is a

result of the difference in their downscaling strategy and

their basic concepts. These results further reinforce multi-

model strategies for conducting climate change studies. On

the basis of the results obtained in this study, both SDSM

and LARS-WG models can be adopted with reasonable

confidence as downscaling tools to undertake climate

change impact assessment studies for the future.
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