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1. INTRODUCTION

Future climate change scenarios are generally
derived from projections of climate change undertaken
by general circulation models (GCMs). However, the
coarse spatial resolution of such projections does not
capture the local features needed for regional impact
assessments. Statistical downscaling has gained signif-
icant acceptance as a pragmatic and computationally
efficient approach for adding fine-scale detail to global
projections. One of the most extensively tested uses of

downscaling is in projecting regional climate change
and its impacts on crops, water resources, and terres-
trial ecosystems (Leung et al. 2003). Unfortunately, the
variety of predictors and downscaling methodologies
utilized in different studies (Giorgi et al. 2001) make
comparative evaluation difficult. Additionally, it is not
clear that the predictors selected are the most relevant
in all cases. Some studies (e.g. Zorita et al. 1995,
Hewitson & Crane 1996) have pointed out the neces-
sity to include the most physically meaningful predic-
tors into the transfer functions, as this is the first
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assumption behind the statistical downscaling ap-
proach. Historically, large-scale circulation controls
such as mean sea level pressure (SLP) and geopoten-
tial heights (z) have been the most widely used predic-
tors of local (or regional) temperature and precipitation
in statistical climate downscaling studies (see for
example Appendix 10.4 in Giorgi et al. 2001). This is
not only because the atmospheric circulation accounts
for a significant proportion of the local climate vari-
ance, but also due to the longer temporal record of
these fields, and the relative skill with which GCMs
are able to simulate them. Nevertheless, such circula-
tion fields fail to capture key precipitation mechanisms
based on thermodynamics and water vapor content of
the atmosphere, which are known to be important fac-
tors in the character of precipitation (Trenberth et al.
2003). Hence, availability of observed atmospheric
data at local scale and lack of realism of GCM predic-
tors at regional scale has restricted the selection of
controlling variables and thus, the credibility of the
climate change scenarios. 

In the last decade, the climate research community
has made a strong effort to improve the quality,
length, resolution, and availability of climate data
sets and climate models. The National Centers for
Environmental Prediction–National Center for Atmo-
spheric Research (NCEP–NCAR) global reanalysis
presents an opportunity to carry out a systematic
assessment of the performance of a wide number of
atmospheric predictors (of precipitation) at different
levels of the atmosphere, which have been assimi-
lated with a temporally consistent scheme (e.g.
Kalnay et al. 1996). The objectives of this study are 2-
fold: (1) to evaluate the individual performance of 29
NCEP atmospheric variables as predictors of grid cell
area-averaged daily precipitation (see Table 1) in 15
locations around the world that encompass a wide
variety of climate regimes (see Table 2) and (2) to
construct and evaluate a downscaling precipitation
model based on the best set of predictors. Artifical
neural networks (ANNs) have shown to be particu-
larly effective in deriving empirical relationships
between large-scale atmospheric variables and sur-
face climate parameters (e.g. Hewitson & Crane 1994,
Trigo & Palutikof 1999, Cavazos 2000, Reusch & Alley
2002, Yuval & Hsieh 2003). Thus, a downscaling tech-
nique based on ANNs is used here to derive non-
linear relationships (transfer functions) between each
atmospheric control and local precipitation. The top
10 predictors of daily rainfall in each location will be
further explored with a P-mode principal component
analysis (PCA), which is a useful tool that prevents
the selection of redundant predictors. The final down-
scaling models will be based on the most relevant
(significant) predictors of daily rainfall and will be

tested at grid point (see Table 2) and local and
regional scales (see Table 3). Although a universal
downscaling method valid for all variables and all
regions is difficult to find (von Storch 1995), the main
focus of this study is on the performance of individual
atmospheric variables and their integrated physical
links with daily precipitation. For the purpose of this
study, rainfall mechanisms will be constrained by the
spatial resolution of the predictors and predictand uti-
lized. Under this premise it would be reasonable to
expect a certain number of predictors to be regionally
independent and few others to be regionally and/or
seasonally dependent. We aim to determine possible
differences in the integrated performance of the
NCEP predictors, such as local versus grid point skill
and tropical versus extratropical skill of the down-
scaling models. 

This study is organized in the following way. Section
2 describes the data utilized. Section 3 explains the
downscaling methodology based on ANN and rotated
PCA. Section 4 describes the best predictors of daily
precipitation derived from their individual perfor-
mance. Section 5 presents the integrated downscaling
results of the best predictors of summer and winter
precipitation. In this section, a comparison between
the model performance at grid point and local scale is
assessed in 3 different locations, which evidenced pos-
sible biases of the downscaling model and data uti-
lized. The downscaling model is also evaluated in
space using an observed gridded precipitation data set
centered in Iowa State, USA. Section 6 summarizes the
conclusions of this study.

2. DATA

The observational records for this analysis consisted
of 29 twice daily (00:00 and 12:00 h UTC) gridded
atmospheric variables (8 basic variables at different
pressure levels; Table 1) from the NCEP–NCAR re-
analysis (Kalnay et al. 1996) from 1980 to 1993. This
data set is derived from a global spectral model with a
resolution of 2.5° latitude by 2.5° longitude. A common
gridded daily precipitation data set with a spatial reso-
lution similar to the NCEP–NCAR reanalysis was used
initially for all locations. This data set was obtained
from the Goddard Space Flight Center (GSFC) assimi-
lation scheme (Schubert et al. 1993) with a resolution of
2° latitude by 2.5° longitude. To evaluate the differ-
ences between the downscaling at the GSFC grid point
and at local scale, the downscaling analysis was also
assessed at individual stations (see Table 3) located
within 3 grid cells in Table 2 (Mex = Mexico, Iow =
Iowa, and Spa = Spain). For this, data for 3 stations in
Sinaloa, Mexico, were obtained from the data set
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DAT322 from the Instituto Mexicano de Teconología
del Agua (IMTA) in Mexico; data for 3 stations in Iowa,
USA, were obtained from the National Climatic Data
Center (NCDC), and data for a station in Salamanca,
Spain, was obtained from the National Institute of Me-
teorology (INM), Madrid, Spain. The 3 stations selected
in Sinaloa, as well as those in Iowa, are characterized
by similar mean daily precipitation and standard devia-
tions during the winter and summer of the study period
(1980–1993). The precipitation of the 3 stations in each
location was averaged at daily time scales to have a
better representation of the regional precipitation.

Forty grid points of observed daily
precipitation centered in the State of
Iowa (see Table 3) were also used in
the analysis to spatially validate the
proposed downscaling model at
regional scale with a realistic precipita-
tion data set. These data are based on
rain-gauge measurements and have a
resolution of 1° latitude by 1° longi-
tude; they were obtained from the
NCEP/Climate Prediction Center ‘uni-
fied’ US Mexico precipitation data set
described by Higgins et al. (2000).

The downscaling was assessed for
the December–January–February (DJF)
and June–July–August (JJA) seasons
on daily timescales for a period of 13 yr
(1980–1993) of data, and individually
tested during the wettest and driest
years of the period in selected locations
(Mex, Iow, and Spa).

3. DOWNSCALING METHODOLOGY

3.1. Artificial neural networks

The data analysis is based on non-linear ANNs and
rotated PCA. ANNs have shown to be particularly
effective in deriving empirical relationships between
large-scale atmospheric variables and surface climate
parameters (e.g. Hewitson & Crane 1994, Trigo & Palu-
tikof 1999, Cavazos 2000, Reusch & Alley 2002, Yuval
& Hsieh 2003). The ANN technique has the ability to
generalize relationships after being trained in a self-
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Atmosphere level Circulation Humidity Thickness

Surface SLP (slp) SH (q0) 500–1000 hPa (th1)
U and V winds (u0, v0) RH (rh0)
Divergence (d0)
Vorticity (vo0)

850 hPa Geopotential height (z8) SH (q8) 500–850 hPa (th8)
U and V winds (u8, v8)
Divergence (d8)
Omega wind (ω8)

700 hPa Geopotential height (z7) SH (q7)
U and V winds (u7, v7) RH (rh7)
Divergence (d7)

500 hPa Geopotential height (z5) SH (q5)
U and V winds (u5, v5)
Divergence (d5)
Vorticity (vo5)

200 hPa Geopotential height (z2)
Divergence (d2)

Table 1. NCEP–NCAR reanalysis list of predictor variables at different levels
utilized in this study. Resolution: 2.5° latitude × 2.5° longitude. SLP: sea level 

pressure; SH: specific humidity; RH: relative humidity

Location Code Lat. Long. Description of grid cell location and climate

Argentina Arg 36° S 65° W Mid-latitudes; continental, semi-arid, Pampas region
Australia Aus 34° S 150° E Mid-latitudes; near SE coast of Australia, Black Mountains
Botswana Bot 24° S 25° E Tropics; continental, Kalahari Desert
Zambia Zam 16° S 22.5° E Tropics; continental, SE African monsoon, Zambezi River Basin
Brazil Bra 2° S 60° W Equatorial; Amazon Basin, near Manaus.
Pacific Ocean Nin3 Eq 120° W Equatorial; Niño 3 region
Costa Rica Cri 10° N 85° W Near equatorial; ITCZ, NE trades, coastal
Bangladesh Ban 24° N 90° E Tropics; SW Asian monsoon, cyclones, mouths of the Ganges/Brahmaputra Rivers
Mexico Mex 26° N 110° W Tropics, core of North American monsoon, coastal and mountains, Sinaloa state
China Chi 30° N 110° E Subtropics; SW Asian monsoon, continental, mountains
Azores Azo 36° N 30° W Subtropics; Mediterranean climate, Azores high, ocean
Spain Spa 40° N 7.5° W Mid-latitudes; Mediterranean climate, mountains
USA Iow 43° N 95° W Mid-latitudes; continental, low level jet, Iowa, Great Plains
Germany Ger 50° N 10° E Mid-latitudes; continental
Siberia Sib 52° N 110° E Mid-latitudes; continental, semi-arid, near Lake Baikal

Table 2. Area-average grid point locations used in the analysis. Lat. and Lon. indicate the center of the grid point (2° latitude ×
2.5° longitude. ITCZ: Inter Tropical Convergence Zone)
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organizing learning process through a procedure
that minimizes the output error through a back-
propagation method (Cavazos 1999). The ANN back-
propagation algorithm used here is the feedforward
NevProp 3, which allows for randomization of the input
data and bootstrapping for model resample validation.
The algorithm was obtained from the University of
Nevada Center for Biomedical Modeling Research
(Goodman 1996) via anonymous ftp.

The general details of the ANN methodology are
documented in Hewitson & Crane (1996) and Cavazos
(1999, 2000); thus only a short description suffices
here. The atmospheric predictor time series in a partic-
ular location was pre-processed separately for DJF and
JJA using the following approach: (1) the predictor
variable contained twice daily information from the
target location (Table 2) and its 8 neighboring grid
points, and (2) the predictor variable in each grid point
was lagged over 36 h to account for current and
antecedent conditions. The composite time series of
atmospheric predictors are input to the ANN via the
input layer that is connected to a hidden layer through
a system of hidden connections, which initially contain
random weights (Cavazos 1999). The hidden layer
then links to a single output, which is compared to the
target predictand (daily precipitation) during the train-
ing process. The root mean squared error RMSE
between the output and the predictand is back-propa-
gated through the ANN to determine the weights for
the next training iteration (Cavazos 1999). Training
continues until the RMSE of the test data set reaches a
global minimum. For each season (DJF and JJA), 75%
of the 13 yr of data (966 d) was used to train the net-
work and the remaining 25% (322 d) was used as an
independent validation data set. A bootstrapping tech-
nique was implemented during the training process to
estimate the impact of model variability. Twenty boot-
strap runs with 5 random sub-samples were used dur-
ing training to estimate the global minimum error and

to obtain the following measures of accuracy: coeffi-
cient of determination (R2) between observed and sim-
ulated (downscaled) precipitation, skill ratio between
simulated and observed standard deviation (SDs/SDo),
mean simulated (Ps) and mean observed precipitation
(Po), mean absolute error (MAE = N–1Σi |Psi – Poi|), and
root mean squared error (RMSE = [N–1Σi(Psi – Poi)2]1⁄

2) (N
is the number of observed days). Based on these mea-
sures of accuracy, the top 10 predictors of daily precip-
itation during DJF and JJA at each target location
were selected for the next diagnostic analysis. 

3.2. Rotated principal component analysis

One question related to the selection of predictors is
whether processes throughout the troposphere need to
be included in downscaling analyses. To answer this
question we explored the unique (orthogonal) sources
of variance of the top 10 predictors of daily precipita-
tion with a P-mode rotated PCA (Richman 1986) in
each location. The P-mode PCA consists of using dif-
ferent variables associated with a particular process
(e.g. precipitation) in a single location; it is a useful tool
that prevents the selection of redundant predictors. In
this analysis, the sources of the predictors’ covariance
help to identify groups of atmospheric variables that
are physically linked to different precipitation mecha-
nisms. The component loadings were computed from
the correlation matrix and loadings >0.6 were consid-
ered as significant. Then, the components were rotated
orthogonally using the varimax method; the number of
components to retain for rotation was determined from
sharp changes in the scree plot, which varied in every
location and season. An example of the rotated princi-
pal component (PC) loadings is given in Section 4.2.
The most relevant variable (largest loading) from each
rotated PC was selected to conform the final downscal-
ing model in each location.
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Location Code Stn-ID Lat. (°N) Long. (°W) Source

Sinaloa Mex 25023 26.33 108.62 IMTA
Mex 25017 26.73 108.27 IMTA
Mex 25110 25.22 107.00 IMTA

Iowa Iow 137161 42.41 94.62 NCDC
Iow 137979 42.64 95.15 NCDC
Iow 137147 43.44 96.17 NCDC

Iowa Iow Grid points 40.00–43.44 97.00–90.00 NCEP/CPC

Salamanca Spa 2867 40.49 INM

Table 3. Description of local stations (Stn) and grid points of observed precipitation used to validate the downscaling models. Stn-
ID is the identification code from the data source, except for the grid points in Iowa. Grid points have 1° latitude × 1° longitude
resolution. IMTA: Instituto Mexicano de Teconología de Agua; NCDC: National Climatic Data Center; NCEP/CPC: National

Center for Environment Prediction/Climate Prediction Center; INM: National Institute of Meterology (Spain)
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4. RESULTS

4.1. Best single predictors of daily precipitation

The results from the ANN were evaluated based on
the performance of each individual suit of predictors at
each location. Individual predictors with the best per-
formance (R2 > 15% and skill > 15%) were averaged
over all locations separately for the corresponding win-
ter and summer seasons, as shown in Table 4. Accord-
ing to these results, the mid-tropospheric circulation
(z5, z7) is the most relevant predictor of daily rainfall.
In winter the role of z5 in precipitation is likely related
to the equatorward migration of the mid-tropospheric
flow and associated changes in the location of jet
streams and storm tracks. During the summer, the
poleward retraction of the mid-tropospheric circulation
and warming of the troposphere suggest that precipi-
tation processes may be more directly linked to lower-
and upper-tropospheric circulation, as is common in
convective and monsoon regimes. This is reflected in
the role of the geopotential heights, with z7 as the most
significant circulation variable (Table 4), on average.
The moist condition of the mid-tropospheric air is the
second most important factor in precipitation mecha-
nisms. This is not surprising, at least for the warm sea-
son, since moist air is associated with vertical motion
and convective processes. During winter, the surface
meridional wind component (v 0) and sea level pres-
sure (slp) also appear in the top variables, suggesting
an influence from surface meridional synoptic systems
on precipitation. The significance of the temperature of
the tropospheric layer (th1) and low-level zonal wind
(u8) are most apparent during summer (Table 4) when
it is common for an expansion of the troposphere due
to monsoonal circulation (e.g. Webster et al. 1998). 

4.2. Common sources of variation: precipitation
mechanisms 

When constructing the final downscaling precipita-
tion model, a few questions arise from Table 4: Is it
redundant to use both mid-tropospheric moisture vari-
ables, specific humidity (q7) and relative humidity (rh7),
in the winter downscaling model? Is it useful to include
z7 and z2? To answer this, we quantified and com-
pared the mutual relevance of the predictors through a
P-mode rotated PCA to avoid utilizing variables that
contributed to common sources of variation. A rotated
PCA was assessed for winter and summer in each loca-
tion and the most significant variable from each PC
was selected to assemble the final downscaling mod-
els. The rotated PCA was initiated with the top 5 vari-
ables in each location, and then the other variables

were added one by one to see if there was any distinc-
tive change in the variance explained by the rotated
components. As an example, Table 5 shows the rotated
PC loadings of the top atmospheric variables during
winter and summer in Germany (Ger, 50° N, 10° E); the
best results were obtained with 9 and 10 variables,
respectively. The results in Table 5A show that the
geopotential heights associated with the underlying
‘tropospheric circulation’ in PC1 account for the largest
amount of the daily atmospheric variance (50%), fol-
lowed by the ‘mid-tropospheric humidity’ component
in second place (31.75%). This further supports the pri-
mary role of the mid-tropospheric circulation in precip-
itation processes, as well as the ample use of geopoten-
tial heights in climate downscaling. The 2 components
associated with the circulation and humidity of the
mid-tropospheric layer explain 82% of the daily winter
atmospheric variance. The surface meridional wind
component (v0) is positively correlated with the
humidity variables (PC2), possibly due to the role of
the meridional wind component in the transport of heat
and moisture in synoptic systems. The tropospheric
thickness (th1) is highly correlated with the geo-
potential heights in PC1. Mid- and upper-tropospheric
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Variable (A) (B)
PC1 PC2 PC1 PC2 PC3

rh7 0.6511* 0.7518*
q7 0.9403* 0.9310*
q5 0.8321* 0.7224*
z 8 0.9095* 0.8532*
z7 0.9742* 0.9682*
z5 0.9860* 0.9487*
z2 0.9354* 0.9487*
th1 0.7179* 0.8857*
v 0 0.6359*
u8 *0.9186*
Prop. 0.5005* 0.3175* 0.4715* 0.2283* 0.1062
var.

Table 5. Rotated principal component loadings of the top 10
predictors of daily precipitation for a grid point in Germany
(Ger, 50oN, 10oE) during (A) boreal winter (DJF) and
(B) boreal summer (JJA). An asterisk represents significant
loadings (>0.7) and values <0.6 are not shown. The most rele-
vant variable in each factor is shown in bold. The total vari-
ance explained by the factors is (A) 82% and (B) 80.6%. 
Variable codes as in Table 1. Prop. var.: proportional variance

1 2 3 4 5 6 7 8 9 10

W z5 q7 rh7 z7 v 0 slp th1 z2 z8 th8
S z7 q7 q5 th1 z2 z5 z8 u8 v 8 v 0

Table 4. Top 10 predictors of daily precipitation averaged
over all locations in Table 2 for the corresponding winter (W) 

and summer (S) seasons. Variable codes as in Table 1
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ridges and troughs are linked to the underlying tropo-
spheric temperature, which serves to intensify devel-
oping systems through changes in the thickness ad-
vection. From the precipitation processes point of view,
the first component in Germany (Table 5A) provides
the large-scale circulation, while the second provides
the vertical motion, and possibly convection, through
the mid-tropospheric moisture (q7) variable. Finally,
the thickness combines with the mid-tropospheric
circulation to develop a system, which depends very
much on the amount of moisture to precipitate. In
mountain locations, such as the grid cell in Spain (Spa,
40° N), rh7 also appeared significant in PC2; but in all
locations and seasons the most significant variable in
the moisture component was q7. 

The summer results in Germany (Table 5B) are fairly
similar to those of winter (Table 5A), except that the best
results were obtained adding the low-level wind compo-
nent (u8). It should be noticed, however, that in some
locations like the grid cell in Iowa, where the low-level
jet can be an important precipitation mechanism during
the summer (e.g. Giorgi et al. 1996, Moore et al. 2003),
the best results were obtained adding the meridional
wind component at the 850 hPa level (v8) rather than u8.
Thus, it appears that the role of the low-level wind com-
ponent in the mid-latitudes during the summer season is
regionally dependent. The significant variables in each
factor of Table 5 suggest several combinations of predic-
tors of precipitation. It is recommended, however, to use
only 1 significant variable from each factor to avoid
redundancy when constructing the final precipitation
model. A similar method was assessed in all locations. 

4.3. Missing predictors

Kidson & Thompson (1998) in a downscaling study
documented that vorticity is a good predictor of precip-
itation, but their results were much better for monthly
than for daily timescales. In our study, vorticity (vo0, vo5)
as well as low- and upper-level divergence (d8, d2)
played a minor role in daily precipitation in all the loca-
tions analyzed. Generally, in tropical convective regions
low-level convergence is accompanied by upper-level
divergence (Webster et al. 1998). The summer results in
Table 6 are partially consistent with this premise, as the
low-level wind component (u8) and the 500–1000 hPa
thickness (th1) appear as independent factors for tropical
rainfall. Unfortunately, the accuracy of tropical diver-
gence derived from global analyses has been suspect
(e.g. Trenberth & Olson 1988, Liebmann et al. 1998) due
in part to the sparse number of upper-air stations in the
Tropics. Additionally, the lack of significance of d8, d2,
and vorticity, may be also linked to errors from the differ-
ential calculations from which these fields were ob-

tained. This may explain why these key precipitation
predictors are seldom used in statistical downscaling.

FINAL DOWNSCALING MODELS

5.1. Proposed downscaling models

Table 6 shows the precipitation functions of the pro-
posed downscaling models of daily precipitation for
winter and summer and for the mid-latitudes and the
tropical locations analyzed in this study. The grid point
performance of the downscaling models is illustrated
in Fig. 1 through different measures of accuracy (see
end of Section 3.1). During DJF, with the exception of
Costa Rica (Cri) and Siberia (Sib), the R2 and skill in-
crease poleward from the equator (Fig. 1A), with the
largest values (>40% of variance explained) observed
mainly in some of the Northern Hemisphere locations
(China [Chi], Azores [Azo], Spa, Ger). In DJF the error
distribution clearly marks the wet (austral summer)
and dry (boreal winter) seasons, with the largest MAE
and RMSE (>2 mm d–1) during the austral summer. The
lowest R2 (<35%) during JJA (Fig. 1B) is observed in
the tropical locations (from Bot to Mex), but the error
distribution is not as distinctive as the one seen in DJF
(Fig. 1A). The largest errors in JJA are observed in the
wet boreal tropics (Cri and Ban) and small errors are
seen in the 2 dry-summer Mediterranean locations
(Azo and Spa), as well in some of the Southern Hemi-
sphere locations (Nin3, Botswana [Bot] and Zambia
[Zam]) due to the dry season. The correlation varied
from 0.3 (R2 = 9%) in the near-equatorial locations
(Nin3, Brazil [Bra]) to 0.80 (R2 = 64%) in the mid-
latitudes (Spa). On average, the worst results were ob-
tained in the tropical locations and in the wet season,
likely due to (1) enhanced sub-grid scale processes,
such as convection, not captured by the large-scale
predictors and (2) deficiencies of the NCEP–NCAR
reanalysis data, especially in the Tropics. 
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W S

T p = ƒ (th1, q7, z7, v0) p = ƒ (z7, q7, th1, u8)

M p = ƒ (z5, q7, slp) or p = ƒ (z7, q7, u8) or
p = ƒ (z7, q7, slp) p = ƒ (z7, q7, v8)

Table 6. Proposed downscaling models for winter (W) and
summer (S) precipitation and for the Tropics (T) and the mid-
latitudes (M) according to the most relevant predictor vari-
ables from an artificial neural networks and a rotated princi-
pal component analysis assessed in each location of Table 2.
Top predictors were averaged over the tropical (30° S–30° N)
and midlatitude locations analyzed. Variable codes as in 

Table 1
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5.2. Downscaling performance at local stations

An important issue in climate downscaling is the dif-
ference in the spatial scale of the predictors and pre-
dictand. The precipitation functions of the proposed
models in Table 6 were obtained from large-scale pre-
dictors—predicted at ~2.5° latitude × 2.5° longitude
resolution, which could be the scale of a river basin.
This means that there still can be large discrepancies
between this scale and downscaling precipitation at
the local station level. To partially correct for this prob-
lem, we averaged the precipitation of 3 stations in
Sinaloa and 3 stations in Iowa (Table 3) that have sim-
ilar mean daily precipitation and standard deviations
and performed the downscaling analysis. As expected,
the downscaling results were slightly better using 3
stations (regional scale) instead of one (local scale).
Table 7 shows the model performance during the wet
season in selected grid points and near-by local sta-
tions. Sinaloa (Mex), Iowa (Iow), and Salamanca (Spa),

respectively, were chosen as examples of poor,
medium, and good performances of the downscaling
model at grid cell scale (Fig. 1B). There is a general
pattern in the 3 cases shown in Table 7: (1) mean daily
precipitation (mm d–1) is well simulated at grid point
and local scales; and (2) precipitation at station level
(Stn) is characterized by larger standard deviation,
larger errors, and lower skill than its nearest grid cell.
This evidences that the large-scale predictors account
for only a fraction of the local precipitation variance.
This problem is also reflected in the correlation
between daily and monthly precipitation at the station
and its nearest GSFC grid cell. Commonly, correlation
increases with timescale as seen in the last row of
Table 7. 

The model showed a poor performance in the tropi-
cal stations in Sinaloa (Table 7A). The grid point and
the stations utilized are located in the core of the North
American monsoon region near the Gulf of California
and the Sierra Madre Occidental. Of the predictors
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utilized in the analysis (Table 6: z7, q7, th1, u8), u8 and
z7 were the most significant. The poor performance of
the model is possibly due to at least 2 factors: (1) it is
known that the NCEP–NCAR reanalysis is able to
reproduce the monsoon anticyclone (e.g. Higgins et al.
1997), but it has problems to adequately resolve the
low-level moisture flux over the Gulf of California (e.g.
Barlow et al. 1998); and (2) sea breezes, local convec-
tion and complex topography play an important role in

monsoon precipitation over this region (e.g. Berberi
2001). The daily performance of the model at station
level during the wettest and driest years of the period
(Fig. 2) is consistent with the large errors seen in
Table 7A. The model is able to capture the early
(15 June 1984) and late (3 July 1982) onsets of the mon-
soon, but after onset it is unable to identify any of the
large precipitation events, possibly due to the poor
representation of moisture (Barlow et al. 1998) and

local convection. The model underestimated
(or overestimated) the seasonal precipitation
during the wet (or dry) year.

The results for Iowa (Table 7B) are better
than for Mexico most likely because Iowa is
located in the Great Plains, as opposed to the
complex terrain of Mexico. The best results
were obtained using p = ƒ (z7, q7, v8), with
v8 as the most relevant predictor followed
by q7. This is possibly associated with the
important role of the meridional low-level jet
and low-level moisture during the warm-
season precipitation in this region (e.g.
Giorgi et al. 1996, Moore et al. 2003). Skill
(46%) and R2 (32.5%) at the station level
(Table 7B) are still low possibly because
summer precipitation in Iowa is associated
with intense mesoscale convective systems
(e.g. Moore et al. 2003). Nevertheless, at
daily timescales (Fig. 3) the model is able to
adequately capture the phase of many of the
large precipitation events during the 2
extreme years analyzed; as in Mexico, the
model tends to underestimate (overestimate)
large (small) events, but at seasonal time-
scale the simulation is good. The wet condi-
tions observed in Iowa during the summer of
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Po Ps SDo SDs Skill R2 MAE RMSE

(A) Mex 4.73 4.40 4.69 2.31 49.3 33.0 2.61 3.86
Stn (3) 5.46 5.63 9.61 3.54 36.8 17.6 5.66 8.72
Correlation Daily: 0.53 Monthly: 0.62

(B) Iow 4.47 4.50 5.39 3.52 65.0 49.0 2.61 3.87
Stn (3) 3.74 3.94 8.17 3.76 46.0 32.5 3.91 6.79
Correlation Daily: 0.49 Monthly: 0.61

(C) Spa 1.07 1.15 2.26 1.58 70.0 59.3 0.77 1.45
Stn (3) 1.15 1.10 2.79 1.98 71.0 60.8 0.85 1.75
Correlation Daily: 0.52 Monthly: 0.83

Table 7. Model performance in selected Goddard Space Flight Center (GSFC) grid cells (Mex, Iow, and Spa) and nearby local sta-
tions (Table 3) for the corresponding wet season: (A) Mexico (JJA, 26oN, 108oW), (B) Iowa (JJA, 42oN, 95oW), and (C) Spain (DJF,
40oN, 5oW). Po and Ps are the mean observed and downscaled precipitation (mm d–1), respectively. SDo and SDs are observed and
simulated standard deviations, respectively. Measures of performance as in Fig. 1. Daily and monthly correlations between

observed precipitation at local stations (Stn) and the nearest GSFC grid cell are shown in the last row of each location
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Fig. 2. Local performance of the downscaling model in Sinaloa, Mexico,
during the (A) wettest (JJA 1984) and (B) driest (JJA 1982) monsoon
years of the 1980–1993 period. Po and Pot: daily and seasonal observed
precipitation, respectively; Ps and Pst: daily and seasonal downscaled
(simulated) precipitation. r: correlation between Po and Ps during these 2
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1993 (Fig. 3A) were also observed over the central
United States; these regional floods have been exten-
sively documented elsewhere (e.g. Giorgi et al. 1996,
Anderson et al. 2003). 

The best model results of the proposed downscaling
models were obtained in the grid cell in Spain (Spa,
Fig. 1), which is characterized by winter precipitation.

Salamanca is located within this grid cell and
was chosen for the local downscaling. The
measures of performance in Table 7C indi-
cate that there are only small differences
between the values at the GSFC grid cell and
Salamanca, possibly because winter precipi-
tation is mostly controlled by large-scale
mechanisms. Correlation between precipita-
tion in Salamanca and its nearest GSFC grid
cell considerably increases at monthly time-
scales. This points out that precipitation at
grid cell scale is not necessarily representa-
tive of local daily precipitation, which is of
general knowledge. However, if the synoptic
events observed at grid scale are also ob-
served at regional and local scales, then we
can be confident that the downscaling model
will be able to capture a large portion of the
daily variability associated with the large-
scale forcing mechanisms. To illustrate this
point Fig. 4 shows the daily performance of
the downscaling model during the wet sea-
son for 2 winters in Salamanca and its nearest
GSFC grid cell (Spa, Fig. 1). Synoptic events

in Salamanca closely resemble those at large-scale
(GSFC), but with different intensities. The downscal-
ing model reproduced with a high degree of realism
the phase of the daily precipitation in Salamanca
(Fig. 4A), but again tended to underestimate (overesti-
mate) large (small) events. This bias is not unique to
the present analysis; some studies have shown that
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Fig. 3. Local performance of the downscaling model in Iowa, USA, dur-
ing the (A) wettest (JJA 1993) and (B) driest (JJA 1985) years of the 
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nested regional climate models (RCMs) also tend to
simulate too many light precipitation events compared
with station data (Christensen et al. 1998, Kato et al.
2001, Trenberth et al. 2003) due to cloud parameteriza-
tion problems (Kain 2004).

5.3. Downscaling performance at regional scale:
Iowa

The lack of high-density observational networks has
been a major hindrance to the development and evalu-
ation of downscaling techniques (Leung et al. 2003).
However, some institutions have produced gridded
climatic data sets based on extensive observational
records such those for Europe from the Climatic
Research Unit (CRU) of the University of East Anglia
(New et al. 2000) and those for the United States from
the NCEP/CPC (Higgins et al. 2000), among others. In
this section we used the NCEP/CPC daily data set at 1°
resolution (100 km) to evaluate the downscaling model
over the State of Iowa (Table 3). 

First, we selected the nearest grid point (42° N,
95° W) to the stations utilized before (Table 3) to test
the downscaling model during the boreal summer
using p = ƒ (z7, q7, v8), and compared the local down-
scaling results with the downscaling in this grid point
during the wettest and driest years of the period. On
average, v8, q7, and z7 contributed 74, 20, and 6%,

respectively, of the daily precipitation vari-
ance, consistent with the results obtained at
station level in the last section. The measures
of performance at grid point (Fig. 5) and local
scale (Fig. 3) are of the same order, except for
the skill of the wet year, which is much larger
at the grid point. Although the observed sea-
sonal precipitation in these 2 years is a bit
larger in the grid point compared to the local
stations, there is a very good consistency in
the synoptic events that affected both scales.
As mentioned in the last section, the wet con-
ditions that dominated the summer of 1993
were observed over most of the Great Plains. 

Fig. 6 shows the mean daily regional
results of the downscaling analysis for JJA
over Iowa. The model slightly overestimated
the summer precipitation (~0.4 mm d–1); it is
able to explain between 45 and 60% of the
daily standard deviation (skill) and between
30 and 42 of the daily variance according to
the coefficient of determination (R2). The
spatial patterns of the skill and R2 are similar
but with smaller values of R2, since this
measure is particularly sensitive to outliers
(Legates & McCabe 1999).

6. SUMMARY AND CONCLUSIONS

The motivation for this study was the need to derive
more realistic regional climate change scenarios in sta-
tistical downscaling analyses. Statistical downscaling
of precipitation has often focused on the link between
local precipitation and atmospheric circulation, but it is
questionable whether changes in precipitation result-
ing from global warming can be derived from changes
in atmospheric circulation alone (e.g. Wilby & Wigley
1997, Hewitson 1999, Giorgi et al. 2001, Leung et al.
2003). However, there is little systematic work explic-
itly evaluating the relative skill of different atmos-
pheric variables as predictors of precipitation (Giorgi
et al. 2001). The focus of this study was to clarify this
issue by evaluating the relative performance of 29
individual NCEP–NCAR reanalysis variables as pre-
dictors of daily precipitation in 15 locations worldwide
characterized by diverse climate regimes. The assess-
ment focused first on the relative skill and errors of
individual predictors and their physical linkages with
precipitation. The objective was to determine a down-
scaling model (i.e. transfer function) that included the
most relevant predictors of daily precipitation in differ-
ent regions of the world. A downscaling technique
based on ANNs was used to diagnose and to evaluate
the role of each individual predictor in each target
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location and a rotated PCA was then used to choose
the most relevant predictors that contributed to differ-
ent sources of variation.

The best performance and the largest number of
potentially skillful predictors were obtained in the
mid-latitude locations (Table 2) and for the dry/cool
season. Mid-tropospheric circulation (z7, z5) and mid-
tropospheric specific humidity (q7) were the most rele-
vant predictors of daily precipitation in all the locations
and the 2 seasons analyzed (DJF, JJA). This contrasts
with most downscaling studies which are mainly based
on circulation predictors. Additionally, the tropos-
pheric thickness, and the surface meridional and
850 hPa wind components also emerged as secondary
(or even primary) predictors of daily precipitation, but
they were regionally and seasonally dependent. The
largest errors were obtained during the wet season,
indicating that the downscaling models poorly cap-

tured sub-grid scale precipitation processes, such as
convection. In the tropical locations, where reanalysis
data are possibly most deficient, errors were large for
both winter and summer. These inconsistencies high-
light the need to improve observational records and
reanalysis data sets, especially in the Tropics. 

Downscaling performance at grid cell (2° latitude ×
2.5° longitude) and at local scale were compared in 3
locations (Mexico, Iowa, and Spain). The measures of
skill showed significant differences between large-
and local-scale downscaling performance, emphasiz-
ing the sensitivity of the downscaling models to the
spatial and temporal resolution of the predictors. The
downscaling model was unable to reproduce the
observed monsoon precipitation in Sinaloa, where
topography, sea breezes and convection play an
important role. Moreover, it is known that the
NCEP–NCAR reanalysis has problems to adequately
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longitude resolution over the State of Iowa. (A) Mean daily downscaled precipitation (Ps), (B) mean daily observed precipitation
(Po), (C) Skill (downscaled standard deviation/observed standard deviation), and (D) coefficient of determination (R2). Period: 

1980–1993

A

C D

B



Clim Res 28: 95–107, 2005

resolve the low-level moisture flux over the region
(Barlow et al. 1998). On average, the model tended to
underestimate (overestimate) large (small) precipita-
tion events. However, this bias is not unique to the pre-
sent analysis; some studies have shown that nested
RCMs also tend to simulate too many light precipita-
tion events compared with station data (Christensen et
al. 1998, Kato et al. 2001, Trenberth et al. 2003) due to
cloud parameterization problems (Kain 2004).

A detailed comparison between local precipitation at
3 stations and observed gridded precipitation (1° reso-
lution) in Iowa showed that the there was a very good
consistency between the synoptic events at local and
regional scales; the downscaling model was able to
adequately capture the seasonal precipitation and the
phase of most precipitation events during extreme con-
ditions at both local and regional scales. This under-
lines the importance of good quality observed net-
works and gridded data sets to validate downscaling
models. The overall results of this study suggest that
improved downscaling and more credible climate
change scenarios could be obtained by (1) including
the most relevant atmospheric predictors (e.g. circula-
tion, humidity-related and temperature variables) at
finer spatial resolution (from GCMs, reanalysis, or
regional models) and (2) augmenting and improving
observational networks.
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