226

© IWA Publishing 2014 Hydrology Research

|

45.2

|

2014

Evaluation of downscaled daily rainfall hindcasts over
Sydney, Australia using statistical and dynamical
downscaling approaches
R. Mehrotra, J. P. Evans, A. Sharma and B. Sivakumar

ABSTRACT
The assessment of local and regional impacts of climate change often requires downscaling of
general circulation model (GCM) projections from coarser GCM-scale to ﬁner local- or catchmentscale spatial resolution. This paper provides an assessment of two downscaling approaches for
simulation of daily rainfall over Sydney, Australia. The two downscaling alternatives compared
include a multivariate multisite statistical downscaling model based on semi-parametric conditional
simulation and a dynamical downscaling approach that uses the National Center for Atmospheric
Research (NCAR) weather research and forecasting (WRF) model. The two approaches are evaluated
for their ability to reproduce important at-site rainfall statistics at a network of 45 raingauge stations
and regional statistics over the catchment area of the Warragamba Dam (9,050 km2). The results
indicate that the simulations from these approaches capture many regionally observed climate
features, including the simulated seasonal and annual means and daily extreme rainfall values.
Further analyses suggest that the statistical downscaling approach provides improved simulations of
attributes related to point rainfall, spell lengths and amounts, whereas the dynamical approach is

R. Mehrotra (corresponding author)
A. Sharma
B. Sivakumar
Water Research Centre,
School of Civil and Environmental Engineering,
University of New South Wales,
Sydney,
Australia
E-mail: raj.mehrotra@unsw.edu.au
J. P. Evans
Climate Change Research Centre,
University of New South Wales,
Sydney,
Australia
B. Sivakumar
Department of Land, Air and Water Resources,
University of California,
Davis,
CA 95616,
USA

well-suited for applications where regionally averaged rainfall is of primary concern.
Key words

| climate change, dynamical downscaling, rainfall, regional climate, statistical
downscaling, Sydney

INTRODUCTION
Rainfall is a key component of the hydrological cycle and

In addition, GCMs yield outputs at much larger spatial res-

forms one of the most important parameters for water

olutions than are needed to capture local land–atmosphere

resources planning and management, ﬂood and drought

coupling (Evans et al. ) and as inputs to impact studies,

studies, agricultural and forestry management, tourism and

and this leads to inconsistencies in the representation of

other natural and socio-economic activities. General circula-

spatial and temporal variability and distribution and magni-

tion models (GCMs) have and continue to be widely used

tude of hydrological extremes (e.g. Williams et al. ;

for simulation of present and future rainfall and other hydro-

Paeth & Diederich ).

climatic variables under certain assumed greenhouse gas

During the last two decades, extensive research has

emission scenarios (e.g. Bergström et al. ; Varis et al.

been undertaken to downscale coarse-scale climate outputs

; IPCC ). However, the limited representation of

from GCMs to regional- and/or local-scale data. Such

mesoscale atmospheric processes, topography and land-sea

studies have led to a number of downscaling methods and

distribution in GCMs often limits the direct use of their out-

their applications around the world. Comprehensive reviews

puts (more speciﬁcally rainfall) in hydrological applications

of GCM downscaling methods are available in Hewitson &

(e.g. Varis et al. ; Ghosh ; Bárdossy & Pegram ).

Crane (), Wilby & Wigley (), Xu (), Zorita &

doi: 10.2166/nh.2013.094

227

R. Mehrotra et al.

|

Evaluation of downscaled daily rainfall hindcasts

Hydrology Research

|

45.2

|

2014

von Storch (), Prudhomme et al. (), Hanssen-Bauer

magnitude of the year-to-year variations. The year-to-year

et al. () and Fowler et al. (), among others. These

anomaly correlation was better simulated by the RCMs

techniques can be broadly classiﬁed into two groups: dyna-

over complex terrain and in winter, whereas over ﬂat terrain

mical downscaling and statistical downscaling. Dynamical

and in summer the differences were small. Gutmann et al.

downscaling uses a limited-area high-resolution model (a

() compared the performance of statistically and dynami-

regional climate model or RCM) driven by boundary con-

cally downscaled winter precipitation over Colorado, USA

ditions from a GCM to derive smaller-scale information

and found regions of signiﬁcant differences in the winter

(e.g. Giorgi et al. ; Mearns et al. ). Statistical down-

precipitation between the two approaches. They concluded

scaling relies on the statistical relationships developed

that the limited understanding of the changes in the spatial

between the regional climate and carefully selected large-

distribution of future precipitation by the statistical down-

scale variables (e.g. Wilby & Wigley ; Wilby et al.

scaling model could add to some of the uncertainties in

; Fowler et al. ; Mehrotra & Sharma ); these

the projected water availability estimates.

statistical relationships are empirical (i.e. calibrated from

Tryhorn & DeGaetano () compared a bias-

observations) and, once developed, are used to simulate

correction and spatial disaggregation technique, the statisti-

regional climate for current and future conditions using

cal downscaling model (SDSM) and a regional climate

the GCM-simulated predictor variables. Both dynamical

model (HadRM3) for their ability to simulate rainfall

and statistical downscaling techniques involve certain

extremes over the north-eastern United States. They found

important assumptions (see also Giorgi et al. ) which

that all the approaches provided reasonable estimates of

are difﬁcult to verify a priori and contribute to uncertainty

observed rainfall extremes, and the agreement essentially

in the outcomes. The appropriate choice of a downscaling

depended upon the downscaling technique used and the

method in a particular study is normally governed by the

location. The statistical downscaling results matched the

applications for which the downscaled data are to be used

observed extreme climatology best, while the dynamical

(e.g. Mearns et al. ; Wilby et al. ).

downscaling tended to overestimate the mean rainfall and

Several past studies have compared dynamical and stat-

the extremes. Frost et al. () applied six downscaling

istical downscaling methods for their ability to simulate

methods to a set of 30 daily rainfall observation records

temperature and rainfall at daily and monthly timescales

within south-eastern Australia. Out of these six, ﬁve were

(e.g. Kidson & Thompson ; Charles et al. ;

statistical models while the sixth was a variable-resolution

Mearns et al. ; Murphy , ; Hellström et al.

global model (the conformal-cubic atmospheric model or

; Frost et al. ). Additionally, several intercomparison

CCAM) (McGregor ) developed by the Commonwealth

studies have employed dynamical and statistical down-

Scientiﬁc and Industrial Research Organisation (CSIRO)

scaling methods for hydrological impact models (e.g.

Australia. For CCAM, the lower boundary forcing was

Wilby et al. ; Hay & Clark ; Wood et al. ; Hay-

obtained from the CSIRO Mk3.0 GCM. They found that

lock et al. ).

CCAM tended to overestimate the number of wet days

Many recent studies have compared the performance of

(and consequently underestimate the maximum dry-spell),

different downscaling methods. For example, Haylock et al.

amount of rain on wet days and daily maxima. Bárdossy &

() compared six statistical and two dynamical downscal-

Pegram () proposed an approach to link the daily spatial

ing models and found the under-simulation of rainfall

rainfall to RCM-modelled rainfall. They used circulation pat-

extremes by all the models and attributed it to the model

terns (CPs) to deﬁne quantile–quantile (Q–Q) transforms

structure that was designed to reproduce the daily mean

between observed and RCM rainfall and, subsequently,

rainfall. Schmidli et al. () compared six statistical down-

used a double Q–Q transform to estimate the rainfall patterns

scaling models and three RCMs to examine their ability to

and amounts from GCM-RCM predictions of sea-level

downscale daily rainfall statistics. They found that the stat-

pressure (SLP) and rainfall ﬁelds in a future period.

istical and dynamical models tend to have similar biases,

In addition to the above, the statistical and regional

with statistical models signiﬁcantly underestimating the

dynamical downscaling of extremes for European regions
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(STARDEX) project (www.cru.uea.ac.uk/projects/stardex)

data used, study region, application of models and a com-

provides a rigorous and systematic intercomparison and

parison of the downscaled results obtained using the two

evaluation of statistical, dynamical and statistical-dynamical

downscaling models. A summary of results and conclusions

downscaling methods, with particular focus on the down-

drawn are presented at the end.

scaling of extremes. The results projected major changes in
European temperature and rainfall extremes for the future.
The results also indicated that the method used to down-

METHODS

scale also contributed to the uncertainties in regional
scenarios of extremes. Use of a multimodel approach to

Statistical downscaling model

regional scenario construction, regardless of whether statistical or dynamical or statistical-dynamical downscaling

The statistical downscaling model used in the study is a two-

methods were employed, was suggested to account for

step multisite model. In this model, the binary time series of

such uncertainties.

wet/dry days/states (rainfall occurrences) are simulated

In the majority of these comparison studies, the main

using a semi-parametric modiﬁed Markov model (MMM)

focus has been on the reproduction of the mean behaviour

and the amounts on the wet days/states are simulated

of rainfall, and only a few have concentrated on the extremes

using a non-parametric kernel density estimation (KDE)

and spatial dependence. The aim of the present study is to

procedure (Mehrotra & Sharma ), referred to as the

apply a multisite weather-generator-based statistical down-

MMM-KDE model.

scaling model and a weather-forecasting-based dynamical

Generally speaking, the rainfall statistical downscaling

downscaling model to examine the potential sources of

problem at a location k can be expressed as the conditional

apparent agreement between the two classes of models, and

simulation of Rt (k)jZt (k), where Rt (k) is the point rainfall

evaluate the limitations and strengths of the approaches in

and Zt (k) is a vector of conditioning variables at time t.

simulating the point rainfall and areal estimates. The study

The conditioning vector usually consists of atmospheric

is also intended to evaluate the model capability in reprodu-

predictor variables, lagged rainfall to assign daily or

cing the observed rainfall spatial distribution, as the spatio-

short-term persistence and derived rainfall indicators

temporal evolution of rainfall coupled with changing climatic

selected to impart speciﬁc characteristics of interest (e.g.

behaviour is critical for many hydrological and water

year-to-year or low-frequency variability) in the simu-

resource studies. The performance evaluation includes the

lations.

use of the dynamically downscaled gridded rainfall to com-

downscaling typically include sea-level pressure, geopoten-

pute point rainfall and of the statistically downscaled point

tial heights and measures of humidity. The derived rainfall

rainfall to compute areal averages. The study is implemented

indicators may include, for example, the Interdecadal Paci-

Atmospheric

predictor

variables

useful

for

over Sydney, Australia using a 49-year continuous record

ﬁc Oscillation (IPO), the Paciﬁc Decadal Oscillation

(1960–2008) of daily rainfall at 45 stations.

(PDO), the El Niño Southern Oscillation (ENSO) or a cer-

It should be noted that the assessment here is conducted

tain number of wet days over previous time steps

in a hindcasting mode using reanalysis data as the basis of

aggregated, as is done here. The rainfall-occurrence down-

the climate information to be downscaled. This eliminates

scaling model (MMM) of Mehrotra & Sharma () used

the necessity for bias correction of the climate model simu-

in this study simulates at-site rainfall occurrences con-

lations, something that is invariably required in climate

ditional on the rainfall state (wet or dry) of the previous

change impact assessments on water resources systems,

day, wetness state over the previous 365 days and a few

whether using statistical downscaling or dynamical down-

pre-identiﬁed atmospheric predictors.

scaling alternatives (Bárdossy & Pegram ; Johnson &
Sharma ).

A non-zero rainfall amount on each wet day and at each
location (with a rainy day deﬁned using a threshold of

The rest of this paper is organised as follows. Method-

0.3 mm/day, following Harrold et al. ; Mehrotra et al.

ology is presented in the next section. This is followed by

) is simulated using a non-parametric kernel density
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procedure. The amounts model (KDE) downscales rainfall

stations in the daily downscaled rainfall. More details on

at individual stations conditional on the selected atmos-

this procedure are available in Wilks ().

pheric variables (see Table 1) as well as on the rainfall on
the previous day. The use of rainfall amount of the previous

Dynamical downscaling model

day as a conditioning variable imparts a Markov order one
dependence, while the use of atmospheric variables incor-

The dynamical downscaling model used in this study is the

porates the inﬂuence of changing climate conditions in the

Weather Research and Forecasting (WRF) model, main-

downscaled rainfall amount series.

tained at NCAR (Skamarock et al. ). The WRF model

As these downscaling models based on rainfall occur-

is a mesoscale numerical weather prediction system

rences and amounts are single-site models, they do not

designed to serve both operational forecasting and atmos-

consider the observed daily spatial rainfall dependence

pheric research needs. The model is suitable for a broad

between and among the stations. The method used to incor-

spectrum of applications across spatial scales ranging from

porate spatial dependence in such simulations involves the

a few metres to many thousands of kilometres. The model

use of uniform random variates that are independent in

simulation uses the boundary conditions from the NCEP/

time but also exhibit appropriate observed spatial depen-

NCAR reanalysis with an outer 50 km resolution nest and

dence at a daily timescale across multiple point locations.

an inner 10 km resolution nest, covering the whole Sydney

Consider the case of S stations, and let ut be a vector of uni-

region studied here (see Figure 1). Since a large portion of

form [0,1] variates of length S at time step t. The aim is to

summer rainfall over Sydney is convective in nature, the

deﬁne the vector ut (ut (1), ut (2), . . . ut (ns )) in such a way

use of a ﬁne spatial resolution (10 km) may capture the rain-

that for locations k and l, corr[ut(k), utþ1(l )] ¼ 0 (or,

fall intensity better when compared to a coarser resolution.

random numbers are independent across time), but corr

Both nests (outer 30 km and inner 10 km) use 30 vertical

[ut(k), ut(l )] ≠ 0 (or, random numbers are correlated across

levels spaced closer together in the planetary boundary

space, and the randomness is preserved only in a temporal

layer.

sense). As a result, there is spatial dependence between indi-

The WRF model is run for the study area from November

vidual elements of the vector ut, and this dependence is used

1984 through December 2008. The ﬁrst 2 months of the

to reproduce the observed spatial dependence across

simulation are considered as the spin-up period and are

Table 1

|

Identiﬁed seasonal large-scale atmospheric variables used in statistical downscaling for rainfall occurrence and amount. (NB: Temperature depression is the difference between
air and dew point temperatures at that particular pressure level.)

Seasons

Rainfall occurrences

Rainfall amounts

Autumn

Temperature depression at 700 hPa
N–S gradient of geopotential height at 850 hPa
Vertical velocity at 850 hPa
Vertical velocity at 500 hPa

Temperature depression at 700 hPa
N–S gradient of geopotential height at 850 hPa
Vertical velocity at 500 hPa
Vertical velocity at 850 hPa

Winter

Temperature depression at 700 hPa
N–S gradient of geopotential height at 850 hPa
Vertical velocity at 850 hPa
Vertical velocity at 500 hPa

Temperature depression at 700 hPa
N–S gradient of geopotential height at 850 hPa
Geopotential height at 850 hPa
Vertical velocity at 850 hPa

Spring

Temperature depression at 700 hPa
N–S gradient of geopotential height at 850 hPa
Temperature depression at 850 hPa
Difference of vertical velocity at 500–1,000 hPa

Temperature depression at 700 hPa
Temperature depression at 850 hPa
Vertical velocity at 500 hPa
Vertical velocity at 850 hPa

Summer

Temperature depression at 700 hPa
N–S gradient of geopotential height at 850 hPa
Temperature depression at 850 hPa
Vertical velocity at 850 hPa

Temperature depression at 700 hPa
Temperature depression at 850 hPa
Vertical velocity at 500 hPa
Vertical velocity at 850 hPa
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consistency. The dense network of raingauge stations with
daily records over at least 49 years provides a good base
for the development of a statistical downscaling model.
In statistical downscaling, atmospheric circulation variables such as mean sea-level pressure and geopotential
heights are frequently adopted as useful indicators of climate
change signals (Buishand et al. ; Mehrotra et al. ;
Harpham & Wilby ; Mehrotra & Sharma ). When
the downscaled response is rainfall, inclusion of a predictor
variable representing atmospheric moisture is found to provide better results (Murphy ; Yarnal et al. ;
Trenberth et al. ). Following this, mean sea-level
pressure, geopotential heights, vertical velocity, temperature
depression (difference between air and dew point temperatures) and their north–south and east–west gradients over
the study region at 850, 700 and 500 hPa are considered
as potential predictors in this study.
The required observed atmospheric variables for the nine
reanalysis grid points over the study region (Figure 1) are
extracted from the National Center for Environmental PreFigure 1

|

Reanalysis data grid, Warragamba catchment and raingauge station. Regional
climate model grid resolution is 10 km (marked as grey lines). The 93 RCM
grids falling within the Warragamba catchment boundary are considered to
derive dynamically downscaled areal averaged rainfall time series. The plot
boundary used in Figures 2–4, 6 and 7 is shown in dark grey.

diction (NCEP) reanalysis data provided by the NOAACIRES Climate Diagnostics Center, Boulder, Colorado, US
from their web site (http://www.cdc.noaa.gov/). These variables are available at 2.5 latitude × 2.5 longitude grids on a
W

W

daily basis for the same period as the rainfall record (1960–
therefore not used in the subsequent analysis. The model has

2008). Since the observed rainfall value available for a

already been extensively evaluated against gridded observa-

given day in the study region represents the total rainfall

tional datasets and also found to perform well over the

over a 24-hour period ending at 0900 hours (local time or

study region (Evans & McCabe ) as it captures important

LT) in the morning, the available atmospheric measurements

daily rainfall statistics, droughts experienced over recent

on the preceding day are considered as representative of rain-

years and spatial distribution of rainfall anomalies.

fall on a given day. The ﬁrst 25 years of the data (1960–1984)
are used for calibration of the statistical downscaling model,
while the remaining 24 years of data (1985–2008) are used for

APPLICATION OF DYNAMICAL AND STATISTICAL
DOWNSCALING MODELS

evaluation of the model performance and comparison of
results with those obtained using the dynamical downscaling
model. It is also relevant to note that the post-1980 reanalysis

Study area and data used

data are considered to be of superior quality, especially with
the availability of satellite data (Sterl ).

For this study, a 49-year continuous record (1960–2008) of
daily rainfall at 45 stations around Sydney (Figure 1) is

Identiﬁcation of predictors for statistical downscaling

used. These 45 raingauge stations have less than 1% of missing records, and the data at each station are visually

The identiﬁcation of appropriate atmospheric variables forms

compared with those in the surrounding stations (by plotting

one of the most important steps in statistical downscaling, as it

records of two or more stations together) to ensure spatial

strongly inﬂuences the downscaled results (Wilby et al. ).
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This process is even more complicated for rainfall, as the

rainfall results from dynamical downscaling are also derived

relationship between rainfall and atmospheric variables may

for the same 24 years of evaluation period (1985–2008), at speci-

vary with season and location, among others. Considering

ﬁed

the facts that different climate systems operate in different

inconsistencies do exist. For instance, there is a mismatch of

periods of the year and that rainfall occurrences and amounts

spatial scales since results from the statistical downscaling pro-

might be inﬂuenced by different sets of atmospheric variables,

cedure are available at point locations (corresponding to

the predictor identiﬁcation exercise for the statistical down-

raingauge stations), whereas dynamically downscaled results

scaling model is carried out at the daily time step for each

are available as gridded rainfall values (10 km × 10 km) cover-

season, i.e. autumn (March–May or MAM), winter (June–

ing such locations. One way to overcome this problem, at

August or JJA), spring (September–November or SON) and

least partially, is by interpolating the gridded information to

summer (December–February or DJF), as well as for the occur-

point rainfall estimates and then comparing the interpolated

rence and amounts models. All nine grid point (reanalysis)

series with the observations and the statistically downscaled

values are used for deﬁning a grid-averaged value and the

results (Case 1). Another way is to obtain the daily area-aver-

grid

points

over

Sydney.

Nevertheless,

some

north–south and east–west gradients in order to smooth out

aged rainfall series over the study region using the observed

the bias and spatial shifts, if any, in values at an individual

and the dynamically and statistically downscaled rainfall

grid point. To simplify the calculations, the predictor identiﬁ-

series, and then evaluate the models’ performance (Case 2).

cation is based on area-averaged wetness fraction for rainfall

Both these options are applied in this study, and the results

occurrence (i.e. average of rainfall occurrence at all stations

are compared and presented in the subsequent sections. It

on a given day) and area-averaged rainfall value for rainfall

may be noted that although the results for statistical downscal-

amounts (i.e. average of rainfall amounts at all stations on a

ing are available for the calibration period as well (1960–1984),

given day). A non-parametric stepwise predictor identiﬁcation

they are not presented and discussed here; model evaluation

analysis based on partial mutual information (Sharma ) is

results provide a far more robust check on the model perform-

carried out to identify sets of signiﬁcant atmospheric predic-

ance in comparison to using calibration results. Some of these

tors. To account for the short-term persistence in the rainfall

results are presented in the form of contour plots exhibiting

amount downscaling process, area-averaged rainfall of the pre-

the spatial distribution of rainfall attributes over the study

vious day is included as a pre-identiﬁed predictor in the

region. These contour plots are drawn using smoothed inter-

conditioning vector for each season before carrying out the

polated spatial ﬁelds (using kriging) obtained from the point

predictor identiﬁcation exercise. For rainfall occurrences, an

or grid observations as appropriate.

additional pre-identiﬁed predictor, namely the area-averaged

The statistical downscaling results presented below are

wetness state over the previous 365 days, is also included to

evaluated using the 100 realisations of the downscaled rain-

account for the year-to-year variability in the rainfall occur-

fall. Median estimate of the statistic is reported for contour

rence downscaling procedure. Table 1 provides the list of

plots, while for other plots 5 and 95 percentile limits along

atmospheric predictors identiﬁed as signiﬁcant for the occur-

with median value are presented. The 5 and 95 percentile

rence and amount for all seasons.

values are computed by ranking (from the highest to the
lowest) the values of that statistic obtained from the 100
realisations and picking the 5th and 95th rank values.

MODEL EVALUATION
Case 1: Performance evaluation on the basis of point
Following calibration, the statistical downscaling model is used

rainfall series

to obtain 100 realisations of the downscaled rainfall for the
period 1985–2008 using reanalysis atmospheric data. The fact

In this case, the time series of dynamically downscaled daily

that the reanalysis predictors/boundary ﬁelds are also used in

rainfall at the above 45 raingauge stations are derived using

the dynamical downscaling approach allows a direct compari-

the nearest grid point value of the downscaled rainfall. The

son of the downscaled rainfall data. To this end, downscaled

performance of the statistical and dynamical downscaling

232

R. Mehrotra et al.

|

Evaluation of downscaled daily rainfall hindcasts

Hydrology Research

|

45.2

|

2014

models is evaluated by comparing these downscaled results

amount (annual: middle row; amount per wet day: bottom

to the observations on the basis of some common statistics,

row) of the observed rainfall (left), statistically downscaled

as discussed next.

rainfall (middle) and dynamically downscaled rainfall
(right). Overall, the northeast part is wet with more wet

Wet days and rainfall amount

days, whereas the southwest part is relatively dry. As for
the number of wet days, the dynamical downscaling model

Figure 2 presents the contour plots of the spatial distribution

overestimates; the statistical downscaling model reproduces

of average annual number of wet days (top row) and rainfall

the observed spatial distribution to a large extent, however.

Figure 2

|

Contour plots of observed (1st column) and dynamically (2nd column) and statistically (3rd column) downscaled annual wet days (top row), annual rainfall (middle row) and
rainfall amount per wet day (bottom row) over the study area.
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As for the annual rainfall amount, both downscaling models

simulations. Figure 4 presents the spatial distribution of sea-

are able to reproduce the overall features of the observed

sonal

spatial distribution reasonably well, with high rainfall

downscaling model is able to capture the ﬁner spatial vari-

along the coast and a localised high rainfall region in the

ations in the seasonal rainfall with high rainfall along the

northern part of the study area. However, the dynamical

coast, more rainfall in inland regions in spring and more

downscaling model under-simulates the rainfall in the north-

rainfall in the northern part during summer. While captur-

west part and over-simulates in the southeast part. With

ing the overall spatial variations in rainfall, the statistical

regards to the distribution of rainfall amount per wet day,

downscaling model however projects high rainfall in

the dynamical downscaling model generally under-simulates

summer and low rainfall in inland regions during spring.

rainfall

over

the study area. The dynamical

the rainfall amount, but the statistical downscaling model

In addition to proper reproduction of the mean number

largely captures the observed spatial distribution (except

of wet days and rainfall amount in a year, the year-to-year

for slight over-estimation along the coast). It is important

variability (i.e. inter-annual variability) is also of particular

to note that, although the dynamical downscaling model

interest for water resources applications, especially under

performs poorer in terms of the number of wet days and

climate change conditions. To this end, although the low-

the rainfall amount per wet day, it has important impli-

order Markovian dependence-based rainfall simulation

cations on seasonal/annual rainfall amount. For instance,

models are not designed to reproduce the longer-term per-

as the model overestimates the number of wet days and at

sistence characteristics (Buishand ; Katz & Parlange

the same time under-simulates the rainfall amount per wet

, ; Wilks , ), use of such models for

day as a result of compensating biases, the seasonal/

longer-timescale characteristics constitutes a challenging

annual rainfall amount is adequately simulated.

assessment of the performance of the daily model (Buishand

The overestimation of wet days by GCMs/RCMs has

; Wilks ).

been noted in many earlier studies (e.g. Frei et al. ;

Figure 5 presents the scatter plots of the observed (hori-

Sun et al. ; Iizumi et al. ). Frost et al. () also

zontal axis) and the model-simulated (vertical axis) standard

found the overestimation of the number of wet days with

deviations (SD) of seasonal and annual number of wet days

related underestimation of the rainfall amount on wet days

and rainfall totals, as well as of the amount per wet day for

over the Sydney region. As noted by Frei et al. (), the

the period 1985–2008. In these plots, symbols are shown for

statistics derived from a point location rainfall series will

each of the 45 raingauge stations for annual statistics as well

have smaller wet-day frequency, higher mean wet-day

as for each station and season for seasonal statistics. The

amounts and longer tails in the frequency distribution in

results indicate that the variance of the aggregated number

comparison to the corresponding statistics of a RCM-simu-

of wet days at seasonal and annual levels is not properly

lated gridded rainfall. The choice of rainfall threshold used

reproduced by either of the models, and particularly so for

to deﬁne a wet day also inﬂuences the evaluation results.

winter and summer seasons (ﬁrst two rows in Figure 5).

As GCMs/RCMs are known to have too many days with

Both models over-simulate the SDs of seasonal and annual

very little rainfall, the performance of these models

wet days at a few locations, while signiﬁcantly under-simu-

improves with an increase in the value of threshold.

lating the statistic at a majority of the stations. The

Figure 3 presents the spatial distribution of the number

underestimation of the SDs of seasonal and annual wet

of wet days in a season, based on the observed and the mod-

days by the statistical model is somewhat unexpected, as

elled (dynamical and statistical downscaling) data for the

the model is essentially structured to reproduce appropri-

study area. The results show that both models are able, to

ately the variations of the observed annual wet days in the

a great degree, to reproduce the overall features of the

simulations (by virtue of the 365 days wetness state

spatial distribution of the number of wet days per season.

predictor).

However, the dynamical downscaling model seems to

Further data analysis suggests that the at-site annual SDs

slightly over-simulate the number of wet days for all seasons,

of calibration (1960–1984) and veriﬁcation (1985–2008)

whereas the statistical downscaling model provides better

periods differ signiﬁcantly at a majority of the stations
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(more than 20% at 24 stations). These differences are
reﬂected in the results, as the statistical model tries to reproduce the calibrated statistics although it is conditioned on
the atmospheric variables corresponding to the veriﬁcation
period. The variance of the aggregated rainfall at seasonal
and annual timescales is better reproduced by the statistical
downscaling model in comparison to the dynamical downscaling model (3rd and 4th rows in Figure 5), albeit with a
larger scatter at the seasonal level. The standard deviation
of the rainfall amount per wet day is also better reproduced
by the statistical downscaling model when compared to that
by the dynamical downscaling model (bottom row).
The temporal variability of annual rainfall can be examined by closely looking at the year-to-year distribution of the
number of wet days and rainfall amount in a year. Figure 6
presents the distribution of the observed and the model-simulated number of wet days per year (top row) and rainfall
amount (bottom row) at a representative station (Katoomba)
for the period 1985–2008. The observed and model-simulated
statistics are plotted (on the vertical axis) as a function of
exceedance probabilities (expressed as percentages on the
horizontal axis) for dynamical (left column) and statistical
(right column) downscaling models. For the case of statistical
downscaling, 5 and 95 percentile limits are also presented
(dashed lines); for dynamical downscaling, however, only
one realisation is available. As expected, the distribution of
the number of wet days and rainfall amounts per year is
better reproduced by the statistical downscaling model in
comparison to the dynamical downscaling model. As speciﬁcation of a wet day depends strongly on the threshold of
rainfall amount (0.3 mm), the statistic relating to the
number of wet days at the individual locations is not captured
so well by the dynamical downscaling model.
Rainfall spatial dependence
For efﬁcient design and management of water resource projects, the model-simulated time series are required to
capture the overall spatial distribution of the observed rainfall patterns over the study region, in addition to accurately
reproducing the temporal statistics of rainfall. This aspect
Figure 5

|

Observed and model-simulated standard deviations (SD) of seasonal and
annual wet days and rainfall totals and amount per wet day (period 1985–
2008). Each symbol on the plots represents a station.

has indirectly been covered earlier in Figure 2. As Figure 2
shows, both the dynamical and the statistical downscaling
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Distribution plots of observed and model-simulated annual number of wet days and rainfall amount at a representative station (Katoomba) (period 1985–2008).

models capture the overall spatial distribution of the annual

overestimates the observed spatial dependence of rainfall

rainfall amount quite well. This characteristic is now exam-

occurrences and amounts; and (2) the statistical downscal-

ined in more detail, in terms of log-odds ratios (for daily

ing model reproduces the dependence quite successfully in

rainfall occurrences) and cross-correlations (for rainfall

the rainfall occurrences, although it underestimates the

amounts). A log-odds ratio is meant for categorical data

dependence in the rainfall amounts at a majority of stations.

and provides information about the direction of association

As rainfall intensity changes rapidly across space and time,

even when the sample size is small/moderate. This ratio is

depending on the topography and meteorological factors,

expressed as lri,j ¼ log(p00i,j p11i,j =p10i,j p01i,j ) where lri,j is

estimation of spatial correlations of the random number

the log-odds ratio between i and j pair of stations; p00i,j ,

conditional upon meteorological factors may further

p10i,j , p10i,j and p01i,j are the joint probabilities of no

improve the spatial dependence in the simulations.

rain at either of the stations, rain at both stations, rain at
station i and no rain at station j, and no rain at station i

Wet and dry spells and extreme daily rainfall

and rain at station j, respectively.
Figure 7 presents the scatter plots of the observed (hori-

Figure 8 presents the scatter plots of the observed and the

zontal axis) and the model-simulated (vertical axis) log-odds

model-simulated average number of wet spells (top row)

ratios (left column) and cross-correlations (right column). In

and dry spells (middle row) of varying durations in a year,

these plots, dots are shown for a station pair. For an ideal

average daily rainfall in these wet spells (bottom left) and

case, all the points should be aligned along the diagonal

the upper 5th percentile of daily rainfall (bottom right) at

(thin dotted line); points below the diagonal line represent

each of the 45 stations. The 5th percentile values are

under-simulation of the statistic, while points above the

extracted from the daily rainfall series (considering wet

line correspond to over-simulation. The results in Figure 7

days only) by ﬁrst ranking the series at each location from

show that: (1) the dynamical downscaling model slightly

the highest to the lowest and then picking the 5th percentile
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Log-odds ratio of daily rainfall occurrences (left column) and spatial correlation of daily rainfall amounts (right column) with observed statistic plotted on the horizontal and
simulated statistic on the vertical axes (period 1985–2008). Each dot on the plot represents a station pair.

observation. The dynamical downscaling model under-simu-

shorter durations (<4 days) and fewer longer periods of

lates wet spells of a day and over-simulates wet spells of

dry spells. Regarding the 5th percentile of daily rainfall,

durations greater than 1 day. The statistical downscaling

the dynamical downscaling model under-simulates at the

model provides somewhat better simulations, notwithstand-

majority of the stations and the statistical downscaling

ing a larger scatter, of the wet spells of 1 day or more at the

model provides a slight overestimation at a few stations.

majority of stations. Similarly, for the number of dry spells in

Figure 9 presents the smoothed spatial distribution of

a year, the dynamical downscaling model over-simulates the

the observed and the model-simulated rainfall statistics

number of dry spells of 1 day and 2–4 days and under-simu-

related to wet and dry spells and extreme rainfall over the

lates the number of dry spells of 9–18 days and >18 days at

study region. The ﬁgure includes contour plots of: (a)

the majority of the stations. The statistical downscaling

number of wet spells of >7 days (top row); (b) average

model again provides a reasonable simulation of the

daily rainfall amount in these wet spells (second row); (c)

number of dry spells at the majority of the stations, albeit

number of dry spells of >18 days (third row); and (d) 5th

some scatter. As for the average daily rainfall amount in

percentile of daily maximum rainfall (bottom row). The

wet spells, the dynamical downscaling model shows a con-

dynamical downscaling model overestimates the number

sistent under-simulation; notwithstanding a large scatter,

of wet spells of longer durations and underestimates the

the statistical downscaling model provides an improved

associated average daily rainfall amount over the study

simulation of the statistic at the majority of the stations.

region. The statistical downscaling model however provides

These results suggest that the dynamical downscaling

a good reproduction of the average number of extreme wet

model simulates more frequent wet days with light rainfall

spells (of duration >7 days) over the region and the rainfall

and that the model has a tendency to switch over to a wet

increase along the coast. The statistical downscaling also

state too frequently, leading to more frequent dry spells of

captures the overall distribution of number of dry spells of
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Scatter plots of observed and model-simulated average number of wet and dry spells of varying durations, average daily rainfall amount in wet spells and 5th percentile of daily
rainfall (period 1985–2008). Each symbol on the plots represents a station.
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Contour plots of observed and model-simulated average number of wet spells (>7 days) in a year (top row), average daily rainfall in wet spells (>7 days) (2nd row) average
number of dry spells (>18 days) in a year (3rd row) and the 5th percentile of daily rainfall (bottom row) for the period 1985–2008.
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longer durations (>18 days) over the study region with loca-

and around the catchment, with weights obtained by form-

lised dry and wet regions similar to the observations, while

ing a Thiessen polygon. In the dynamical downscaling

the dynamical downscaling model fails to capture these vari-

model, the average of the downscaled rainfall at 93 grid

ations. Regarding the 5th percentile of daily maximum

points (10 km × 10 km) of WRF is used to derive the daily

rainfall, the dynamical downscaling model provides a

average rainfall series. Similar to Case 1 (above), a day is

slight underestimation while the statistical downscaling

deﬁned as wet if the area-averaged rainfall is 0.3 mm.
Statistics related to averages and standard deviations of

model provides a slight overestimation, especially along

number of wet days and rainfall amounts in month, season

the coast.

and year are presented in Table 2. The results show that
Case 2: Performance evaluation on the basis of

both downscaling models simulate these statistics reason-

catchment average rainfall (Warragamba catchment)

ably well, with only slight underestimation of winter
rainfall and slight overestimation of spring, autumn and

In this case, the observed and the statistically and dynami-

annual rainfall by both the models. Standard deviations of

cally downscaled area-averaged rainfall series for the

the seasonal number of wet days are also reasonably well

Warragamba Dam catchment are constructed and the

simulated by both the models, with only slight under-simu-

results are compared. The Warragamba Dam is located

lation for annual number of wet days and winter rainfall

about 65 km west of Sydney on the Warragamba River

and over-simulation of annual rainfall total.

and accounts for about 80% of the water supply for the

Figure 10 presents the distribution plots of number of

Sydney region. The observed and the statistically down-

wet days in a year (top row), annual rainfall amount

scaled

rainfall

(middle row) and daily maximum rainfall (bottom row)

occurrences and amounts are constructed by using weighted

obtained from the dynamical (left) and the statistical

averages of daily rainfall series at 18 raingauge stations in

(right) downscaling approaches. Again, the 5th and 95th

Table 2

|

daily

series

of

catchment-averaged

Mean and standard deviation of observed and downscaled seasonal and annual number of wet days and areal rainfall amount for the area-averaged time series for the Warragamba catchment

Mean

Standard deviation
Simulated

Time

Observed

Dynamical

Simulated
Statistical

Observed

Dynamical

Statistical

Number of wet days
Monthly

14

15

16

5

4

4

Autumn

40

42

45

13

11

10

Winter

44

40

47

10

8

7

Spring

44

42

49

10

8

8

Summer

45

51

49

8

6

7

Annual

173

175

190

26

20

19

72

74

46

53

46

Rainfall amounts in mm
Monthly

69

Autumn

184

167

216

109

107

101

Winter

195

160

167

84

68

60

Spring

208

228

237

78

81

77

Summer

239

307

263

67

95

78

Annual

827

867

891

157

175

190
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Distribution plots of daily maximum rainfall, annual number of wet days and annual rainfall for Warragamba catchment averaged rainfall (period 1985–2008).

percentile limits are formed from the results of 100 realis-

Figure 11 presents the wet and dry spell attributes of the

ations in the case of statistical downscaling model (shown

observed and the model-simulated catchment-averaged rain-

in thin dotted lines), while the dynamical downscaling

fall

model has only a single realisation. The results indicate

simulates the shorter-duration dry and wet spells, whereas

that the dynamically downscaled rainfall provides a good

the dynamical downscaling model better reproduces these

distribution of all the statistics considered, while the statisti-

statistics (top two plots). The average daily rainfall in wet

cal downscaling model under-simulates the daily maximum

spells is appropriately reproduced by both the models

rainfall (for lower exceedance probabilities) and over-simu-

(bottom plot). It is relevant to recall that, in Case 1

lates the number of wet days in a year (for higher

(above), the dynamically downscaling model provides differ-

exceedance probabilities). The proper reproduction of

ing results with under-simulation of wet spells of 1 day and

these observed statistics by the dynamical downscaling

over-simulation of spells of higher durations, and over-simu-

model highlights the capability of the model in capturing

lation of dry spells of 1 day and 2–4 days, adequate

the spatial and temporal rainfall variations in the down-

simulation of spells of 5–8 days and under-simulation of

scaled results, including extreme daily rainfall.

spells of 9–18 days and more. These differences, including

series.

The

statistical

downscaling

model

over-
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rainfall amount for autumn and spring seasons. On the
other hand, the dynamical downscaling model undersimulates the winter rainfall and over-simulates the
summer rainfall. Both the models show consistent undersimulation of standard deviation of seasonal number of
wet days and rainfall amount. These results are similar to
those obtained for the Warragamba catchment with
under-simulation

of

winter

and

over-simulation

of

summer rainfall by both the downscaling models.
Finally, Table 4 presents a summary of the performance
of the statistical and dynamical downscaling models. The
evaluation is made on the basis of reproduction of various
statistics, discussed earlier. The dynamical downscaling
model fails to reproduce a number of point statistics, but
provides a reasonable reproduction of the area-averaged
statistics. The statistical downscaling model provides a
better simulation of the number of wet and dry spells and
extreme daily rainfall at point locations when compared to
that by the dynamical downscaling model.

CONCLUDING REMARKS
In this paper, statistical and dynamical downscaling
approaches are compared in terms of reproduction of
point rainfall and area-averaged rainfall estimates using
the NCEP reanalysis data over an observed reference
Figure 11

|

Dry spells, wet spells and associated rainfall totals in wet spells for Warra-

period for Sydney, Australia. The statistical model is a

gamba catchment (period 1985–2008).

weather-generation-based multisite model, whereas Weather
Research and Forecasting (WRF) model is used as a dynami-

those in the statistical downscaling model results, may lar-

cal downscaling model. Both models reproduce the general

gely be attributed to the speciﬁcation of a wet day and to

features of rainfall over the study region reasonably well.

the number of grid/station points used in the averaging

The results indicate that the dynamical downscaling model

procedure.

with a ﬁne 10 km grid resolution is able to capture the vari-

It would certainly be of interest to examine whether

ations in topography, coast line, land cover and/or land use

the results obtained for the Warragamba catchment are

and soil, and simulates the rainfall (amount) features, albeit

still valid for the spatially aggregated time series formed

some biases, that are not directly resolved in coarse-

over the downscaled domain (Sydney region) by consider-

resolution GCMs. This is in accordance with the ﬁndings

ing all the 45 raingauge stations. Table 3 presents the

of other studies on regional climate modelling using reanaly-

means and standard deviations of the observed and the

sis data as observations and as the basis for formulating the

model-simulated rainfall at monthly, seasonal and annual

lateral boundary conditions needed (Castro et al. ; Lo

scales over the study region. The statistical downscaling

et al. ; Rockel et al. ; Evans & McCabe ). The

model slightly over-simulates the mean number of wet

results also indicate that the statistical downscaling model

days for autumn, winter and spring seasons and also

performs better for point locations while the dynamical
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Mean and standard deviation of observed and downscaled monthly, seasonal and annual number of wet days and rainfall amount over Sydney region

Mean

Standard deviation
Simulated

Time

Observed

Dynamical

Simulated
Statistical

Dynamical

Observed

Statistical

Number of wet days
Monthly

16

16

17

5

5

4

Autumn

45

48

49

13

11

7

Winter

46

42

50

10

8

7

Spring

46

46

51

12

8

7

Summer

50

54

51

9

6

7

Annual

187

190

202

29

20

18

Rainfall amounts in mm
Monthly

73

74

77

52

53

41

Autumn

204

190

226

120

114

77

Winter

207

172

193

102

75

68

Spring

210

231

234

73

82

68

Summer

251

293

261

79

91

81

Annual

874

885

916

179

190

184

downscaling model offers better performance for spatially

Another advantage with statistical downscaling when

averaged estimates. The dynamical downscaling model

simulating future climate changes is the possibility of incorpor-

also provides an improved representation of the observed

ating additional models that post-process raw GCM outputs to

spatial correlations of at-site daily rainfall in the simulations;

correct for any biases the models may exhibit in their simu-

however, the wet and dry spells and the number of wet days

lation of the current record (Johnson & Sharma , ).

are poorly simulated by the model. The spatial pattern of

Carrying out such bias correction in the context of dynamical

rainfall data derived from the statistical downscaling

downscaling is a bigger challenge given the need to ensure the

model depends strongly on the density of the available

physical consistency in the resulting (post-processed) outputs.

observational networks and therefore often limits the appli-

Further, it is easy to extend the statistical downscaling

cability to spatial analysis (e.g. Mearns et al. ; Wilby

approach to multiple climate models and multiple emission

et al. ; Busuioc et al. ).

scenarios and obtain multiple realisations and conduct an

Statistical downscaling approaches, such as that used

elaborate risk and reliability assessment of its outputs. It may

here, depend strongly on the choice of the predictors and

be noted however that in large collaborative projects, such as

do not require detailed knowledge of the governing physics

PRUDENCE (prediction of regional scenarios and uncertain-

(Wilby et al. ). Consequently, a careful examination/

ties for deﬁning European climate change risks and effects),

selection of the predictors is essential to avoid an unrealistic

Ensembles (Ensemble-based predictions of climate changes

time trend and interannual variation in advance of appli-

and their impacts), NARCCAP (North American regional cli-

cation of the model. Having said that, the statistical

mate change assessment program), S-5-3 (Japan), multi-

downscaling model used here can be easily extended to

regional climate model ensemble downscaling (MRED),

other study regions and climatic variables such as tempera-

inter-CSE transferability study (ICTS) and others (see Takle

ture, evaporation, solar radiation, sea level, humidity and

et al.  for a listing of collaborative regional modelling pro-

wind speed with little modiﬁcation in the model structure

jects), dynamical models have been used to downscale

(Wilby et al. ; Fowler et al. ).

multiple GCMs under multiple emission scenarios.
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Evaluation of statistical and dynamical models (SD: standard deviation)

Statistic

Figure

Statistical downscaling
model

Dynamical downscaling model

Annual number of wet days

2, top row

✓

x

Annual rainfall (mm)

2, middle row

✓

x (about 100 mm lower in the upper part and 100 mm
over in the lower part of the region)

Rainfall amount per wet day

2, bottom row

✓

x

Seasonal wet days

3

✓

x

Seasonal rainfall: autumn

4, top row

✓

✓

Seasonal rainfall: winter

4, 2nd row

✓

Dry inland

Seasonal rainfall: spring

4, 3rd row

x

More rainfall along the coast

Seasonal rainfall: summer

4, bottom row

More rainfall in
lower part

x (more rainfall over the region >50 mm)

Variance of aggregated wet days

5, top row

x

x

Variance of annual rainfall

5, bottom row

✓

x

Number of wet spells >7 days

7, top row

✓

x

Rainfall in wet spells >7 days

7, middle row

Overestimation near
coast

x

Number of dry spells >18 days

7, bottom row

∼✓

x

Distribution of annual wet days

6, left column

✓

x

Distribution of annual rainfall

6, right
column

✓

x

Average number of wet spells of varying
durations

7, top row

✓ Large scatter

x (under-simulation of 1 day duration and oversimulation of other durations)

Average number of dry spells of varying
durations

7, middle row

✓ Large scatter

x (over-simulation of spells of 1 and 2–4 days and
under-simulation of other durations)

Average rainfall in wet spells

7, bottom
row, left

✓ Scatter

x (over- and under-simulation)

5th percentile of daily rainfall

7, middle
row, right

✓ Over-simulation

x (under-simulation)

Spatial distribution of average number
of wet spells of >7 days

8, top row

✓

x (over-simulation)

Rainfall in wet spells of >7 days

8, 2nd row

✓

x

Spatial distribution of average number
of dry spells of >18 days

8, 3rd row

x

x

Spatial distribution of 5th percentile of
daily rainfall

8, bottom row

✓

x (under-simulation)

Log-odds ratio

9, left row

✓

Slight overestimation

Correlation between rainfall

9, right row

Slight
underestimation

Slight overestimation

Daily maximum rainfall

10, top row

x

✓

Annual rainfall

10, middle
row

x

✓

Annual wet days

10, bottom
row

x

✓
(continued)
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continued

Statistic

Statistical downscaling
model

Figure

Dynamical downscaling model

Number of dry spells in a year

11, top row

x

✓ (slightly over 2–9 days)

Number of wet spells in a year

11, middle
row

✓ (slightly over 1
day)

✓

Average rainfall in wet spells

11, bottom
row

✓

✓ (slightly over <7 days)

Number of wet days

Table 2

SD under

Mean over; SD under

Rainfall amount

Table 2

Mean; SD over

Mean; SD over

Number of wet days

Table 3

Mean over; SD under

SD under

Rainfall amount

Table 3

Mean over

SD over

Some studies have suggested that statistical downscaling

The analysis performed here is focused on only a single variable

approaches underestimate interannual variability in the

and two downscaling models, and also limited to the current cli-

simulated rainfall (Fowler et al. ; Schmidli et al. ).

mate. Further investigations, by including results from other

As the statistical model operates at a daily timescale, it is

downscaling methods, climate variables, GCM scenarios and

not structured to reproduce the observed statistics at aggre-

future climate projections, will also allow incorporation of the

gated timescales such as monthly, seasonal and annual.

uncertainty from other sources in the results.

The inclusion of the wetness state over 365 days as a predic-

The next step in the research will involve the use of a

tor in the rainfall occurrence downscaling model is

coupled dynamical-statistical downscaling approach (not

generally expected to provide some improvements in the

as alternatives) that would allow advantage to be taken of

reproduction of the observed year-to-year variability in the

their strengths and their limitations to be limited. For

simulations. However, the results from the present study

instance, statistical downscaling is computationally cheap,

indicate large differences between observed and simulated

but it relies on a dense raingauge network and reliable

standard deviations of the number of wet days in a year,

long-term records of observed rainfall. In contrast, dynami-

more speciﬁcally for the evaluation period. This may poss-

cal downscaling simulates regional-scale gridded rainfall

ibly suggest either or both of the following, especially for

using a regional climate model and information from

regions with signiﬁcant year-to-year rainfall variations such

global models. The dynamical downscaling may be used in

as Sydney: (1) the selected predictors are inadequate/insufﬁ-

conjunction with observed available information to ﬁll the

cient; and (2) the model needs to be calibrated for a longer

gaps in sparsely observed areas. The selection of a spatio-

period of records, in particular to take advantage of the

temporal scale at which dynamical downscaling prediction

improved quality of the reanalysis data (Sterl ).

skill is the highest, and then using statistical downscaling

Uncertainty analysis is a major step in any modelling exer-

to extend the predictions to ﬁner resolutions at which the

cise. In the case of GCM outputs and their downscaling,

dynamical downscaling model is less skilful, may provide

multiple models, scenarios, ensembles and alternative down-

better predictions.

scaling

approaches

are

considered

to

quantify

the

uncertainties in the outcomes. Among the different types and
levels of uncertainties, one of the most likely sources arises
from the formulation of the climate model (Rowell ;
Wilby et al. ). The research presented here is a step towards
the development of a comprehensive methodology for estimating the uncertainty that is added during the downscaling stage.
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