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ABSTRACT: Developing high-quality long-term data sets at uniform space–time resolution is essential for improved climate
studies. This article processes the outputs from two global and regional climate models, the Community Climate System
Model (CCSM3) and the Regional Climate Model driven by the Hadley Centre Coupled Model (RegCM3). The results are
bias-corrected time series of atmospheric variables corresponding to Intergovernmental Panel on Climate Change (IPCC’s)
historical (20C3M) and future (A2) climate scenarios over the Amazon Basin. We use a series of simple but effective
interpolation approaches to produce hourly climate data sets at 1∘ by 1∘ grid cells. A quantile-based mapping approach is
used to reduce the biases of temperature and precipitation in CCSM3 and RegCM3. Adjustments are also made on specific
humidity and downwelling longwave radiation to avoid inconsistency between those variables and bias-corrected temperature
values. We also interpolated an already bias-corrected Parallel Climate Model data set (PCM1) from 3-hourly to the hourly
resolution. The final climate data sets can be used as forcing of ecosystem and hydrologic models to study climate changes
and impact assessments over the Amazon Basin.

KEY WORDS General Circulation Models; bias correction; climate data sets; climate simulations; climate change; Amazon
Basin
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1. Introduction

The Earth’s climate has shaped the history of biological
and cultural evolution and the geographical distribution of
humans. Almost all of the human-made and natural sys-
tems related to water resources, agriculture, forestry, fish-
ery, industry, energy, and financial services are impacted
by natural and human-induced climate change (Harding
et al., 2011). As observations are limited in space and
time, numerical simulations and predictions are necessary
to understand and project the consequences of any poten-
tial changes in climate.

General Circulation Models (GCMs) are commonly used
to simulate Earth’s climate. However, current computation
and storage restrictions result in a coarse space–time res-
olution of the GCM outputs, often limiting their ability to
capture fine-scale regional climate variability that is impor-
tant for natural hazard assessment and mitigation plans
(Mearns et al., 2009).

* Correspondence to: S. Moghim, School of Civil and Environmental
Engineering, Georgia Institute of Technology, North Ave., NW, Atlanta,
GA 30332, United States. E-mail: smoghim@gatech.edu

This paper uses linear, stochastic, and deterministic
statistical downscaling methods to produce a uniform
space–time resolution for all model outputs. Statistical
downscaling approaches are based on empirical relation-
ships between regional and large-scale variables. Although
this family of downscaling approaches cannot completely
address the underlying physics and variability of climate
predictors, they have considerable computational advan-
tages. Their performance may vary with models, seasons,
and geographical locations (Murphy, 1999). For a com-
plete explanation and a review of statistical downscaling
techniques, the reader is referred to Fowler et al. (2007),
Wilby and Wigley (1997), and Xu (1999), among many
others.

Climate models are imperfect and their outputs have
errors. The ability of the climate models to represent cli-
mate variables over large regions at decadal time scales is
still uncertain. Johnson et al. (2011) evaluated the capa-
bility of the GCMs to represent the variability of El
Niño-Southern Oscillation (ENSO) phenomenon. They
showed that the performance of the Community Climate
System Model (CCSM3) and the Hadley Centre Coupled
Model (HadCM3) in simulating the spatial precipitation
pattern and variability, SST, and surface pressure is better

© 2016 Royal Meteorological Society
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at inter-annual scale than at sub-annual and inter-decadal
ones. Many studies have reported the varying perfor-
mance of GCMs (van Oldenborgh et al., 2005; Coelho and
Goddard, 2009). For instance, de Szoeke and Xie (2008)
illustrated that HadCM3 outperforms CCSM3 and the Par-
allel Climate Model (PCM1) in simulating seasonality of
SST and rainfall over the equator. The poor performance
in CCSM3 and PCM1 may be caused by the errors in the
simulated zonal and meridional winds, which affects the
ENSO simulation (van Oldenborgh et al., 2005; Guilyardi,
2006).

Despite the fact that the performance of the GCMs have
been improving over the past years (Reichler and Kim,
2008), many studies have reported that biases still exist in
the model outputs (e.g. Dai, 2001a, 2001b, 2006; Solomon
et al., 2007, among others), which can severely impact
long-term climate hazard assessments and mitigation plans
(Lettenmaier and Rind, 1992; Stamm et al., 1994; Con-
way, 1998; Rheenen et al., 2004; Wood et al., 2004;
Tanaka et al., 2006; Maurer et al., 2007; Georgakakos
et al., 2012). Among these, for example, an overestimation
in the frequency of light precipitation and an underesti-
mation in the intensity of heavy precipitation in GCMs
and RCMs are reported by Sun et al. (2005) and Murphy
(1999). Wood et al. (2004) studied the effect of bias cor-
rection on a downscaled PCM1 data set. They used statis-
tical downscaling methods including linear interpolation,
inverse distance squared weighting technique for spatial
disaggregation and a quantile-mapping approach for bias
correction. They concluded that the downscaled data with-
out bias correction produces notable biases in hydrologic
simulations and bias correction is a necessary step to pro-
duce reliable hydro-climatological variables.

Several attempts have been made to correct the biases
and downscale the outputs of climate models. One simple
bias correction approach, commonly used in climate stud-
ies, is called the delta-change method. This method shifts
or re-scales the mean of the modelled data based on the
mean of the observations (Ines and Hansen, 2006). The
delta-change method is able to adjust only the first order
moment (mean) without any adjustment to the higher order
moments.

Another widely used statistical bias correction method
is the quantile-based mapping approach, which adjusts not
only the mean, but all moments of the distribution. In this
method, a transfer function is derived from the cumulative
distribution functions (CDFs) of the modelled variables
and observations to adjust the entire distribution of the
climate variable of interest (Ines and Hansen, 2006; Piani
et al., 2010). Distribution mapping methods have also been
compared with other bias correction methods in various
studies (Chen et al., 2013; Lafon et al., 2013). The results
indicate that although all bias correction methods can
improve modelled outputs to some extent, CDF matching
methods outperform most of the available techniques by
adjusting the higher order error statistics in a distribution
sense. While statistical methods often use a stationary
assumption for bias correction, which may not always
hold true (e.g. Solomon et al., 2007; Milly et al., 2008;

Figure 1. The Amazon Basin is bounded by the green line, and the study
domain is shaded by green colour.

Li et al., 2010 among others), cross-validation studies
have shown that distribution mapping methods are best
suited for correcting non-stationary biases (Teutschbein
and Seibert, 2013).

This study focuses on the Amazon Basin extending from
74.5∘ to 49.5∘W and from 17.5∘S to 3.5∘N (Figure 1).
The Amazon Basin has been experiencing severe droughts,
forest fires, and deforestation events in the past decades
that may change the structure of the entire Amazonian
ecosystem (e.g. Aragao et al., 2008; Bush et al., 2008).
Climate and land cover changes in the Amazon Basin, the
largest tropical forest and reservoir of freshwater and car-
bon in the world, can influence the entire world’s ecosys-
tems (Cochrane and Barber, 2009). Most climate models
show that rainfall is decreasing and the length of the dry
season is increasing over this region (Christensen et al.,
2007; Malhi et al., 2009; Costa and Pires, 2010). Different
studies have investigated resilience of Amazonia against
climate change, fires, droughts, and deforestation (Betts
et al., 2004; Saleska et al., 2007; Cox et al., 2013) and
called for further research for better understanding and pre-
serving the ecosystem of this critical region of the world.

This article uses historical and predicted time series
from two models including CCSM3 and RegCM3, a RCM
driven by HadCM3 to produce high-resolution unbiased
data sets required for driving terrestrial biosphere models
of land surface processes to study Amazonia’s response to
projected climate and land-use changes. This article also
interpolates the 3-hourly, bias-corrected PCM1 data set
(Sheffield et al., 2006; Li et al., 2010) to hourly resolu-
tion and compares the results with the other bias-corrected
products. Simple but effective linear and stochastic inter-
polation is used to increase the resolution of model out-
puts to desired horizontal grid dimensions and time steps.
A modified version of the CDF method, the equidistant
CDF (EDCDF) method, was used for bias correction of

© 2016 Royal Meteorological Society Int. J. Climatol. (2016)
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temperature and precipitation fields (Li et al., 2010). The
EDCDF method accounts for information from model pro-
jections, partly allowing for the non-stationarity of higher
order moments of the climate variables (see Section 4 for
a detailed description of the EDCDF method). Then the
specific humidity and downwelling longwave radiation are
adjusted to be physically consistent with the bias-corrected
temperature values. Section 2 describes the study domain.

Data sets of the model outputs are described in Section
2. Section 3 describes the interpolation methods used, and
the bias correction approach is explained in Section 4.
The results are presented in Section 5, and discussion and
conclusions are pointed out in Section 6.

2. Data sets

Climate models are key tools to study short- and long-term
climate changes under different scenarios. The Special
Report on Emission Scenarios (SRES) by the IPCC Work-
ing Group III (Nakicenovic et al., 2000) identifies differ-
ent greenhouse gas emissions scenarios that are commonly
used for future forcing of the GCMs. This work uses one
emission scenario ‘A2’, which is based on a ‘worst-case
emissions scenario’ with increases of CO2 by factors of
four to five over 2000–2099 (Li et al., 2010). This scenario
results in a high rate of warming based on model ensembles
(Meehl et al., 2007) and has been widely used for different
climate change assessments including the North American
Regional Climate Change Assessment Program, NARC-
CAP (Mearns et al., 2009).

This work selects two climate models, CCSM3 and
RegCM3, which are widely used in numerous climate
studies (Shin et al., 2003; Hayhoe et al., 2004; Burke
et al., 2006; Meehl et al., 2006; Reboita et al., 2014).
Proper parameterization and realistic characterization of
the underlying physics have led to several successful
results in simulation of long-term climatic changes by
these models (Randall et al., 2007). Table 1 summarizes
general information of the models used in this study. The
results of this effort are hourly bias-corrected data sets of
temperature (T), precipitation (P), specific humidity (Q),
and downwelling longwave radiation (LWd) on a 1∘ by 1∘
horizontal grid. The resulting data sets also include inter-
polated values of incoming shortwave radiation (SWd),
horizontal wind velocities (u, v), and surface pressure (PS)
on a 1∘ by 1∘ horizontal grid and hourly time step.

2.1. Community Climate System Model

The CCSM3 was developed by the University Corporation
for Atmospheric Research (UCAR) and is maintained by
the National Center for Atmospheric Research (NCAR).
CCSM3 is a well-established model and has been suc-
cessfully used for simulating the impacts of land-use
change on climate (Collins et al., 2006). This model
includes the Community Land Model (CLM), which
has dynamic vegetation growth, death, and succession
(Bonan and Levis, 2006). The temporal resolutions of the
available data are 6-hourly, daily, monthly, and annually

from CCSM3 IPCC AR4 simulations (publicly available
at www.cgd.ucar.edu/ccr/strandwg/ccsm_6hr_data.html).
Forty-two variables are available at 1–26 vertical pressure
levels with spatial resolution of about 1.4∘. Among these
variables, the 6-hourly instantaneous T , P, Q, LWd, SWd,
u, v, and PS are used in this study for two time periods:
historical period 1940–1999 (20th century), and SRES
A2 future projection for 2000–2099.

2.2. Regional climate model driven by HadCM3

One of the coupled Atmosphere–Ocean General Circula-
tion Models (AOGCM) used in the IPCC Third and Fourth
Assessment Reports is the UK Met Office Hadley Cen-
tre Coupled Model (HadCM3) developed by the Hadley
Centre in the United Kingdom. This model can properly
simulate the effects of natural and anthropogenic forcings
on the historical climate (Stott et al., 2000). HadCM3 is
designed to simulate climate without using artificial flux
adjustments, which is often required to modify unrealis-
tic climate states (Reichler and Kim, 2008). The global
resolution of the model is 2.5∘ latitude by 3.75∘ longi-
tude at 19 vertical pressure layers. The regional Eta-Centro
de Previsáo de Tempo e Estudos Climãticos (CPTEC)
Model (RegCM3) nested in HadCM3 is used to pro-
vide the data over South America (Chou et al., 2012).
The standard (unperturbed) HadCM3 was used as bound-
ary conditions of RegCM3 at every 6 h and updated lin-
early along the boundaries for each time step. RegCM3
data with 40-km horizontal resolution, 38 vertical layers
are available for the following time periods: 1960–1990,
2010–2040, 2040–2070, and 2070–2099. RegCM3 may
simulate mesoscale patterns and topographic effects of
the local region better than HadCM3 (Chen et al., 2013;
Reboita et al., 2014). For more detailed descriptions of the
model, the reader is referred to the papers by Chou et al.
(2012) and Marengo et al. (2012).

2.3. Climate Research Unit data set

We use the Climate Research Unit data set (CRU) as a
reference data set (publicly available at http://www.cru.
uea.ac.uk/data). The data are at monthly scale for the entire
period of 1901–2009 at spatial resolution of 0.5∘. Note
that, in this article, to unify the spatial scales of this data
set with the spatial resolution of the studied model outputs,
the monthly CRU data with original resolution of 0.5∘ are
averaged onto 1∘ resolution. The years of the observations
are selected based on the available years of the historically
modelled data (1940–2009 for CCSM3 and 1960–1990
for RegCM3).

3. Interpolation methodologies

Simple but effective interpolation approaches are used
to produce variables at the desired horizontal grid and
time step. In particular, 1.4∘ by 1.4∘ CCSM3 and 0.4∘ by
0.4∘ RegCM3 output variables are interpolated into 1∘ by
1∘ resolution using bilinear interpolation. For temporal
disaggregation of different models’ output variables,

© 2016 Royal Meteorological Society Int. J. Climatol. (2016)
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Table 1. Spatial and temporal coverage of the models (CCSM3 and RegCM3).

Model Variable Spatial resolution Temporal coverage

CCSM3 T , LWd, SWd, Q, u, v, PS, P 1.4∘ × 1.4∘ (T85) 1940–2099, 6-hourly instantaneous
RegCM3 LWd, SWd, Td, u, v, PS 0.4∘ × 0.4∘ 1960–1990, 2010–2099, 6-hourly average

T 0.4∘ × 0.4∘ 1960–1990, 2010–2099, 6-hourly instantaneous
P 0.4∘ × 0.4∘ 1960–1990, 2010–2099, 6-hourly accumulated

two statistical approaches, explained in the following
subsections, are used.

3.1. Disaggregation of precipitation

CCSM3 generates and stores precipitation data instan-
taneously every 6 h, while RegCM3 produces 6-hourly
accumulated precipitation values. Therefore, we use two
different methods for hourly disaggregation of precip-
itation obtained from these models. Linear temporal
interpolation is used for disaggregation of 6-hourly
instantaneous CCSM3 precipitation, while a stochastic
approach developed for the disaggregation of accumulated
precipitation is applied to the RegCM3 precipitation. This
stochastic method relies on random sampling from an
estimated exponential distribution that allows the repro-
duction of a realization of high-temporal resolution rainfall
data (hourly) from a given coarse resolution data set
(Lammering and Dwyer, 2000; Knox, 2013). Specifically,
this approach relates the distribution of disaggregated
hourly precipitation P to the accumulated 6-hourly
RegCM3 precipitation values PMOD through the following
exponential probability distribution function, f (P):

f (P) =
(

μ
PMOD

)
exp

[
−

μP

PMOD

]
(1)

where μ denotes the fraction of wet periods (rainfall
fraction). This parameter is typically considered as a
climatological parameter that needs to be estimated from
statistics of hourly rain gauge time series Pg (Eltahir and
Bras, 1993) as follows:

μ =
𝔼
[
Pg

]
𝜌

(2)

Here, 𝔼
[
Pg

]
is the expected value of rainfall intensity

considering both wet and dry periods, while 𝜌 is the rainfall
density only over the wet periods, which can be computed
as follows:

𝜌 =

N∑
i=1

Pg (i)

N∑
i=1

a (i)

(3)

where N denotes all wet and dry sampling times and a(i)
is an indicator function for rainfall occurrence as follows:

a (i) =

{
1 ifPg (i) > 0

0 ifPg (i) = 0

This disaggregation method produces hourly realizations
influenced by the rainfall fraction 𝜇 and modelled precip-
itation (PMOD). To estimate the rainfall fraction param-
eter 𝜇 in Equation (1), we use Santarem KM67 rain
gauge station (latitude 2.86∘S, longitude 54.96∘W, kilo-
metre 67 at Tapajos in Para, Brazil). The station is the
only continuous and reliable hourly record in the region.
Other stations in the study region have many missing data,
which precludes the usage of their data to correctly cal-
culate the rainfall fractions. Missing data are filled by the
data from nearby stations (see, Knox, 2013). The statis-
tics of this rain gauge are obtained from the large-scale
biosphere–atmosphere experiment in Amazonia during
the model inter-comparison project (LBA-MIP) from 2002
to 2005 (de Goncalves et al., 2013).

Sampling from the CDF in Equation (1) over the time
intervals when 6-hour RegCM3 precipitation is non-zero
produces realizations of hourly precipitation (Ph

s ). To con-
serve the original monthly precipitation (Pm), the hourly
sampled precipitation (Ph

s ) is scaled uniformly at the end
of each month as follows:

Ph = Ph
s ×

Pm

Pm
s

(4)

where Ph is the scaled hourly precipitation and Pm
s is the

monthly accumulation of the sampled precipitation.
It needs to be noted that, although not ideal, using only

one rain gauge for obtaining 𝜇 is the best choices that can
be made given the lack of a dense and reliable long-term
ground-based observation network in the study area. Clark
and Buarque (2013) discuss several precipitation stations,
however, the gauges described in that paper only have daily
records. The method used here requires both continuous
and hourly rainfall records. Furthermore, we find that
the sensitivity to the parameter 𝜇 is small. Knox (2013)
reported the 𝜇 values for 9 spatially varied stations within
the basin, for each 6-h period, and for both the dry and wet
season. All reported values vary between near 0 and 0.1
with somewhat consistent diurnal and seasonal variation
between rain gauges. As is typical of the region, the
majority of rainfall occurs from midday to late afternoon.

To explore the sensitivity of the algorithm to the diurnal
cycle of 𝜇, we have performed a test using a synthetic
example. In this case, 𝜇 is varied diurnally for each 6-h
period in three different ways with 𝜇a = [0.025; 0.05;
0.075; 0.1], 𝜇b = [0.05; 0.075; 0.1; 0.025], and 𝜇c left
constant at 0.05. A 30-day hourly resolution time series
of precipitation is generated using a stochastic weather
generator (Ivanov et al., 2007). The synthetic 1-h data
is then aggregated to 6-h accumulated values. A total of
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1000 realizations of hourly precipitation are produced
using each 𝜇 regime. A linearly downscaled product
is included for comparison. The ensemble mean 6-h
diurnal cycles, as well as the 10th and 90th percentiles
are shown in Figure 2(a). CDFs of hourly rainfall are
shown in Figure 2(b). The diurnal cycle and CDFs are
fairly insensitive to the choice of 𝜇. Most importantly, the
stochastic disaggregation provides a more realistic rainfall
product that can exhibit extreme rainfall events while
preserving the mean. Figure 3 shows a typical realization
from the sensitivity studies showing the variability of
disaggregated precipitation. It is important to note that the
insensitivity to the parameter 𝜇 is partly due to the fact that
what is being disaggregated is 6-hourly model produced
accumulated precipitation which is further normalized to
preserve monthly accumulations.

Although the stochastic method is the preferred method
to disaggregate 6-hourly accumulated precipitation, it is
not applicable to the 6-hourly instantaneous CCSM3 val-
ues. To use the stochastic method, we must have a volume
to disaggregate and preserve. Interpolating between instan-
taneous values to produce a spurious (generally small)
volume and then to disaggregate it, is not an effective
approach. The stochastic downscaling method is meant
to disaggregate accumulated values, not interpolate them.
Having said that whenever reasonable, the stochastic dis-
aggregation should be the preferred method.

3.2. Shortwave radiation

To disaggregate 6-hourly shortwave radiation data to
hourly values, a method that incorporates the solar zenith
angle is used. The diurnal variation of incoming shortwave
radiation can be determined by the solar zenith angle (Z) as
a function of solar declination 𝛿, latitude Φ in radians, and
hour angle 𝜏 for every geographic location on the Earth’s
surface as

cos (Z) = max {sin (𝛿) sin (Φ) + cos (𝛿) cos (Φ) cos (𝜏) , 0}
(5)

In this approach, the diurnal pattern of the shortwave
radiation is generated by calculating the solar zenith angle.
Then the calculated pattern is re-scaled to conserve the
original 6-h averaged radiation energy provided by the
modelled outputs (Knox, 2013). Using the solar zenith
angle for disaggregation of downwelling shortwave radi-
ation results in a realistic diurnal cycle of shortwave
radiation.

3.3. Other hydrometeorological variables

The other hydrometeorological variables in CCSM3
and RegCM3 (temperature, specific humidity, longwave
radiation, horizontal wind, and pressure) are interpolated
linearly from 6-h to hourly temporal resolution. The 3-h
bias-corrected PCM1 by Sheffield et al. (2006) and Li
et al. (2010) are also interpolated to the hourly resolution.

4. Bias correction method

The nonlinear circulation and energy transfers in land
surface–atmosphere interactions cause model errors to

propagate easily across different spatiotemporal scales
(Dai, 2006). In the following sections, we describe the
approach we used to mitigate biases in temperature, pre-
cipitation, specific humidity, and downwelling longwave
radiation for all chosen model outputs over the study
domain. Note that, although physically based treatments
of potential model biases are fundamentally preferred over
statistically driven methods, the latter is often the only
viable option for large-scale climate studies due to their
effectiveness and computational tractability.

4.1. Temperature and precipitation

One approach to bias correction is to develop a statisti-
cal relationship between modelled and observed variables
based on past experimental knowledge. Then the estab-
lished relationship can be used to correct model biases not
only for the past simulations but also for future predic-
tions, assuming that the relationship remains almost sta-
tionary in time. One common approach is the so-called
quantile-based method that maps the CDF of the biassed
model outputs CDFMODh onto the distribution of unbi-
ased observations CDFOBS (Panofsky and Brier, 1968;
Hayhoe et al., 2004; Cayan et al., 2008; Maurer and
Hidalgo, 2008).

An extended version of the CDF method is called the
EDCDF matching method (Li et al., 2010). This approach
attempts to partially account for the distribution of the
model projections in the CDF matching process. The
EDCDF method not only uses the distributions of the his-
torical observations (OBS) and model outputs (MODh)
but also exploits the CDF of model projection (MODp).
The idea is to find a transfer function based on the dif-
ference between the distribution of historically modelled
and observed data (Δ) and then apply it to reduce the
biases of the modelled values during the entire historical
and future periods (see Figure 4(b)). The EDCDF method
also assumes that the transfer function linking observations
and model outputs remains time invariant and uses the
incremental differences between the CDFs of the obser-
vations and the historical model outputs at each percentile
(Δ) for bias correction of the entire period. More specif-
ically, assuming the biassed climate variable of interest
is denoted by X, then each percentile adjustment in the
EDCDF method is computed as

Δ = F−1
OBS

(
FMODp (X)

)
− F−1

MODh

(
FMODp (X)

)
(6)

and thus
X̃ = X + Δ (7)

where X̃ is an adjusted or bias-corrected value, while
F(·) denotes the CDFs of observations (OBS), model
in the historical climate (MODh), and future projection
period (MODp). Figure 4 illustrates the CDF and the
EDCDF methods for correction of the bias at an arbitrary
point (X = 3.5, solid circle, selected for illustration pur-
poses). Notice that, when FMODp is close to FMODh (see
Equation (6)), the results of the EDCDF method approach
the CDF results. The EDCDF method incorporates the dis-
tribution of model projections, therefore, it may perform
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Figure 2. (a) Diurnal cycle and (b) CDFs of stochastically generated hourly rainfall (black solid line), linearly downscaled (red dashed
line), and the ensemble mean of 1000 realizations of stochastically downscaled 6-h rainfall conditioned on the rainfall fraction (𝜇), where
𝜇a = [0.025; 0.05; 0.075; 0.1] (blue squares and lines), 𝜇b = [0.05; 0.075; 0.1; 0.025] (blue circles and lines), and 𝜇c left constant at 0.05 (blue dia-

monds and lines). The whiskers indicate the 10th and 90th percentile of the realizations.

Figure 3. A 30-day time series of (a) synthetic hourly rainfall, (b) upscaled 6-h rainfall, (c) linearly downscaled rainfall, and (d–f) realizations of
hourly rainfall conditioned on the rainfall fraction (𝜇), where 𝜇a = [0.025; 0.05; 0.075; 0.1], 𝜇b = [0.05; 0.075; 0.1; 0.025], and 𝜇c left constant at

0.05.

better than the CDF method, especially in capturing the
projected climate variability (Li et al., 2010).

In this study, the differences between monthly empirical
CDFs of the observations and modelled outputs in the his-
torical period at each percentile of the future projection (Δ)
are used to correct biases of the monthly model projections
(i.e. temperature and precipitation). Recall that the his-
torical period for CCSM3 is 1940–2009, for RegCM3 is
1960-1990, and the future projection period is 2010–2099
(Table 1). The future projection is separated into 30-year
periods (2010–2039, 2040–2069, 2070–2099) and CDF
of MODp computed accordingly, to help minimize any
non-stationarity in the future projection CDF.

For the temperature and precipitation variables, we first
obtain bias-corrected monthly values using the EDCDF
method. Then, for precipitation, we scale disaggregated

hourly data (Ph) to conserve the bias-corrected monthly
precipitation (P̃m) as follows:

P̃h = Ph × P̃m

Pm
(8)

where Pm is originally modelled monthly precipitation and
P̃h denotes the bias-corrected hourly values. On the other
hand, to correct biases in hourly temperature values (Th),
we use an additive adjustment scheme as

T̃h = Th +
(

T̃m − Tm
)

(9)

where Tm and T̃m are originally modelled and bias-
corrected mean monthly values, while T̃h denotes the
bias-corrected hourly temperatures. Notice that, analogous
to precipitation, this adjustment scheme assures that the
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Figure 4. Illustration of the (a) CDF method and (b) EDCDF method for
correction of the bias at an arbitrary point X = 3.5 (solid circle). Dashed
line is the cumulative distribution function of the observation (CDFOBS),
cross-dashed line is the cumulative distribution function of the historical
modelled variable (CDFMODh), and plus-dashed line is the cumulative
distribution function of the future modelled variable (CDFMODp). Solid

star in (a) is an adjusted value (X̃) for the CDF method and thick solid line
in (b) is an adjustment (Δ) for the EDCDF method (see Equation (6)).

bias-corrected mean monthly temperatures are properly
conserved in hourly products.

4.2. Specific humidity

Adjustments of the temperature values can cause super-
saturation and inconsistency between temperature and
specific humidity. To resolve this inconsistency, specific
humidity must be properly adjusted (Cosgrove et al., 2003;
Sheffield et al., 2006). To this end, we express the hourly
saturated vapour pressure Eh

sat as a function of air temper-
ature for pure water vapour as follows (Buck, 1981):

Eh
sat = a × exp

⎡⎢⎢⎢⎣
(

b − Th

d

)
× Th(

Th + c
) ⎤⎥⎥⎥⎦ , (10)

where a, b, c, d are empirical parameters defined in Table 2,
and Th is the hourly modelled temperature before bias
correction in degree Celsius. Buck (1981) also suggested
that an enhancement factor f shall be used to account for
moist air as follow:

f = 1 + 𝛼 + PSh ×
[
𝛽 + 𝛾 ×

(
Th

)2
]

(11)

where PSh is hourly modelled surface pressure (in mil-
libar) and 𝛼, 𝛽, and 𝛾 are empirical constants reported
in Table 2. Thus, the modified saturated vapour pressure
(Eh

sat,modif) can be computed as

Eh
sat,modif = Eh

sat × f (12)

and the saturated specific humidity Qh
sat is

Qh
sat =

0.622Eh
sat,modif(

PSh − 0.378Eh
sat,modif

) (13)

As a result, the corresponding relative humidity RHh is
as follows:

RHh = Eh

Eh
sat,modif

=
Qh ×

(
0.622 + 0.378Qh

sat

)
Qh

sat ×
(
0.622 + 0.378Qh

) ≤ 1 (14)

where Qh denotes the hourly modelled specific humidity.
To obtain the adjusted saturated specific humidity Qh

sat,adj,
bias-corrected hourly temperatures are used in all of the
above equations. Then the hourly bias-corrected specific
humidity Q̃h is expressed as

Q̃h = Qh
sat,adj × RHh (15)

The above steps are used to adjust specific humidity
values for CCSM3. The RegCM3 provides dew point
temperature and not the specific humidity. Therefore, one
additional step is required to convert dew point tempera-
ture to specific humidity in this model’s outputs. To this
end, given the dew point temperature, the water vapour
pressure Eh is calculated using Equation (10) and then is
used in Equation (13) to obtain the specific humidity.

4.3. Downwelling longwave radiation

Changes in air temperature values influence downwelling
longwave radiation. Although not explicitly bias corrected,
we adjust the disaggregated longwave radiation using the
modelled effective emissivity values, 𝜀eff. The effective
emissivity is computed using the hourly modelled long-
wave radiation (LWh

d ) and the original hourly temperature,
and the Stefan–Boltzmann law as

𝜀eff =
LWh

d

𝜎
(
Th

)4
(16)

where 𝜎 is the Stefan–Boltzmann constant
(5.67× 10−8 W m−2 K−4). Then hourly bias-corrected

downwelling longwave radiation (L̃W
h

d) is identified using
the emissivity values computed in Equation (16) and
bias-corrected temperatures as,

L̃W
h

d = 𝜀eff𝜎
(

T̃h
)4

(17)

It is important to note that changes in the tempera-
ture values play a more dominant role than changes in
the emissivity values due to the fourth power tempera-
ture dependence in the Stefan–Boltzmann law. Thus, we
adjust downwelling longwave radiation only based on the
changes in temperature values. The reader is referred to
Iziomon et al. (2003) for a review of these methods.

5. Results

To illustrate the spatial and temporal performance of the
models, we use differences defined as the bias-corrected
value minus the original model value. Hence, a negative
value is an overestimation by the model, and a positive
difference indicates an underestimation. The differences
are shown for the historical and future periods. Figure 5
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Table 2. Empirical parameters for calculation of vapour pressure as a function of temperature in Equations 10 and 11 (Buck, 1981).

Parameters a b c d 𝛼 𝛽 𝛾

T> 0 ∘C 6.1121 18.729 257.87 227.3 7.2× 10−4 3.2× 10−6 5.9× 10−10

T< 0 ∘C 6.1115 23.036 279.82 333.7 2.2× 10−4 3.83× 10−6 6.4× 10−10

illustrates the temporal average of estimated differences
for CCSM3 and RegCM3 variables at 1∘ by 1∘ spatial reso-
lution. In this figure, the rows from top to bottom show the
spatial fields of the estimated differences over all grid cells
for temperature (ΔT), precipitation (ΔP), specific humid-
ity (ΔQ), and downwelling longwave radiation (ΔLWd),
respectively. The first two columns demonstrate the esti-
mated differences in CCSM3 while the last two columns
show the estimated differences for RegCM3 in the histor-
ical and future periods. The first row demonstrates that
CCSM3 overestimates temperature in major parts of the
domain, in particular over the western edge of the study
domain. In contrast, RegCM3 underestimates temperature
over most of those areas. The second row indicates that
precipitation is generally underestimated by CCSM3, par-
ticularly over the west, north, and near the outlet of the
basin. It is interesting that both CCSM3 and RegCM3
show a small underestimation of temperature by the mod-
els around the city of Manaus in the State of Amazonas.
CCSM3 appears to overestimate precipitation near Man-
aus. A spatially similar anomaly is present in RegCM3,
but it is shifted more to the northeast of Manaus. It appears
that the two models, with their different parameterizations,
are trying to reproduce unique circulation patterns of the
region (and not doing that well). These circulation patterns
respond to the fact that this is a very forested region of
the basin interacting with a city with very different surface
properties and energy fluxes.

The estimated differences in the precipitation fields are
smaller in RegCM3 compared with CCSM3 over most of
the study domain. Precipitation is underestimated by both
models, but particularly by RegCM3 around the outlet of
the basin. Poor performance of the models in simulating
temperature and precipitation fields can be caused by inap-
propriate schemes and parameterizations used in the mod-
els over the above regions. Land cover representation can
also contribute to the imperfect performance of the mod-
els. Differences between the land surface parameters of the
models and land cover observations from remotely sensed
moderate-resolution imaging spectroradiometer (MODIS)
product are reported by Tian et al. (2004); Oleson et al.
(2003), and Wang et al. (2004).

As Q and LWd are adjusted based on the bias-corrected
temperature values, the patterns of spatial differences for
specific humidity and downwelling longwave radiation,
shown in the third and the fourth rows, are similar to the
patterns of the temperature differences shown in the first
row. For instance, where ΔT is negative, the estimated
difference for longwave radiation (ΔLWd) is also negative
and vice versa. We can also observe that the patterns of the
differences in all fields for the historical and future periods
are very similar, as expected.

Figure 6 illustrates the mean monthly domain average
of the estimated differences between bias-corrected and
the reference time series for CCSM3 and RegCM3 out-
puts in the historical and future periods. The figure illus-
trates the temporal performance of the models over the
study domain. The first to fourth rows show estimated
differences for temperature ΔT , precipitation (ΔP), spe-
cific humidity (ΔQ), and downwelling longwave radia-
tion (ΔLWd), respectively. The first column shows the
results in the historical period and the second column is
referred to the future period. From the first row, it can be
inferred that CCSM3 overestimates temperature (negative
difference) in all months except December where a very
small underestimation occurs. RegCM3 underestimates
temperature (positive difference) in all months except for
August, September, and October (the dry-warm season).
Both models tend to have a warm bias during this time. The
second row indicates that, on average, the underestimation
in the CCSM3 monthly precipitation fields is more signifi-
cant than those by RegCM3 throughout the year. It is seen
that the largest difference occurs during the rainy months
in the Amazon (January to June) and the smallest differ-
ence is during the drier months (July through December)
for both CCSM3 and RegCM3. As expected, the patterns
of ΔQ and ΔLWd in the third and fourth rows follow the
same pattern as of temperature.

There are uncertainties regarding the predicted effects
of climate change on the Amazon Basin and its ecosys-
tem as a result of uncertainties in different GCMs’
outputs. Therefore, comparing multiple models can per-
haps shed more light on the existing uncertainties. For
added comparison, we included disaggregated 3-hourly
1∘ by 1∘ bias-corrected PCM1 (publicly available at
http://www.hydrology.princeton.edu/data.php) in the
analysis. The downscaling methods used to create the
data set are described by Sheffield et al. (2006), and the
EDCDF method was used for bias correction with the
CRU observations as the reference data set. To better
understand the inter-annual trends of the domain averages
of the climate variables of interest, Figure 7, from top to
bottom, shows the annual bias-corrected values of CCSM3
and RegCM3 temperature, precipitation, specific humid-
ity, and longwave radiation, respectively. The monthly
CRU data are also shown for comparison purposes in
Figure 7(a) and (b). To evaluate the statistical significance
of the results, Table 3 presents the p-values of the linear
trends in the modelled variables (T , P, Q, LWd) for the his-
torical and future periods. The measured p-value smaller
than 0.05 or 0.01 is conventionally defined as ‘statistically
significant’ or ‘very significant’, respectively. Figure 7(a)
indicates that all models exhibit a long-term trend of ris-
ing temperature over the domain that is more statistically
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significant during the future period. The trend of rising
temperature over the Amazon Basin has been previously
reported (e.g. Malhi et al., 2009). All models show similar
performance representing the CRU reference temperature.
For precipitation (Figure 7(b)), the monthly data from
the Tropical Rainfall Measuring Mission (TRMM_3B43)
product from 1998 to 2013 is also used as an independent
data set for comparison purposes. The TRMM product
(publicly available at http://trmm.gsfc.nasa.gov/) is known
as one of the best estimates of precipitation, resulting from
integrating multi-sensor precipitation data sets across dif-
ferent remote sensing platforms and ground-based rain
gauges (Huffman et al., 2007). The TRMM data at spa-
tial resolution of 0.25∘ by 0.25∘ are averaged onto the
horizontal grids used for the disaggregated GCM out-
puts. Figure 7(b) shows that the models agree well with
CRU and TRMM precipitation when data are available.
CCSM3 and PCM1 do not display a significant trend
for precipitation in the historical period (p= 0.29 and

0.72, respectively). The upward trend in the TRMM and
CRU precipitation is not statistically significant (p= 0.24
and 0.07, respectively), while RegCM3 shows a weak
downward trend in the historical period (p= 0.04).
Although CCSM3 and PCM1 show a significant increas-
ing trend of precipitation for the future, RegCM3 displays
a downward trend of precipitation. For specific humidity
(Figure 7) the models exhibit upward trends, which are
significant, with the exception of the historical period
for RegCM3. The upward trends in specific humidity
are consistent with the corresponding warming trends in
atmospheric temperature that leads to increased moisture
content. Similarly, the models exhibit significant upward
trends in downwelling longwave radiation (Figure 7(d)),
which are consistent with the model’s warming trends.
The upward trend of downwelling longwave radiation in
CCSM3 and PCM1 is more significant than in RegCM3
during the historical time. It is also apparent that on
average, RegCM3 shows a higher inter-annual variability
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Figure 6. The mean monthly domain average of estimated differences (bias-corrected minus original model value) for CCSM3 and RegCM3 in the
historical and future period. Dashed and solid lines are CCSM3 and RegCM3, respectively. The first to fourth rows are the estimated differences for
temperature ΔT (K), precipitation ΔP (mm), specific humidity ΔQ (kg kg−1), and downwelling longwave radiation ΔLWd (W m−2), respectively.

compared with the other models, particularly in future
time periods.

Table 4 compares temporally averaged values of the
annual domain mean and standard deviation of tem-
perature, precipitation, specific humidity, and longwave
radiation from the three models for the historical and future
periods. In particular, on average, the mean temperatures
increased by 2.22, 2.83, and 0.76∘K, while comparing the
historical years (1940–2009, 1960–1990, 1948–2009)
with the future period (2010–2099) for CCSM3, RegCM3,
and PCM1, respectively. Precipitation also increased
114.3, 116.9, and 116.8 mm in the bias-corrected data
sets, respectively. Note that the average RegCM3 pre-
cipitation has increased from historical to future period

conditioned on the fact that the data are missing from
1991 to 2009, which may affect the interpretation
of the trends.

The potential impact of climate change varies over the
region. To highlight the potential regional impacts of
climate change, Figure 8 shows the difference between
temporal averages of the bias-corrected modelled vari-
ables (T , P, Q, LWd) in the future and historical peri-
ods (differences defined as future minus historical aver-
ages). This figure indicates that the potential impact of
climate change on the differences is not evenly distributed
over the study domain. All three models show warming
over the eastern and the southern part of the Amazon
Basin. The strongest, intermediate, and weakest warming
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Figure 7. Annual domain average of bias-corrected (a) temperature T , (b) precipitation P, (c) specific humidity Q, and (d) downwelling longwave
radiation LWd for the models CCSM3, RegCM3, and PCM1.

Table 3. The statistical significance (p-value) of the linear trend in the modelled variables (T , P, Q, LWd) for the historical and future
periods.

Models T P Q LWd

CCSM3 His p< 0.0001 p= 0.29 p< 0.0001 p< 0.0001
Fut p< 0.0001 p< 0.0001 p< 0.0001 p< 0.0001

RegCM3 His p= 0.02 p= 0.04 p= 0.75 p= 0.04
Fut p< 0.0001 p= 0.02 p< 0.0001 p< 0.0001

PCM1 His p= 0.02 p= 0.72 p< 0.0001 p< 0.0001
Fut p< 0.0001 p< 0.0001 p< 0.0001 p< 0.0001

trends are in RegCM3, CCSM3, and PCM1, respectively,
which is in agreement with previous IPCC AR4 model
analysis of the region (Poulter et al., 2009). The warm-
ing effect is reported to be related to the deforestation
trend over those regions (Davidson et al., 2012). While the
models do not explicitly account for land cover change
over time, CO2 emissions related to deforestation and
biomass burning are included in the A2 emission sce-
nario. The areas affected by warming trends are smaller

over the northwest of the study domain. The PCM1 results
exhibit a cooling anomaly over the northern regions of
the basin.

CCSM3 and RegCM3 indicate that precipitation may
increase in the future period over the western parts of the
study domain. Both models exhibit a decrease in precipi-
tation over the eastern and central parts, in particular over
the Bolivia and Mato Grosso (see Figure 8), where the
vast areas of the Amazon rainforest are deforested (Bagley
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Table 4. Comparison of the mean annual domain average of the statistics (mean 𝜇 and standard deviation 𝜎) of the three modelled
variables for the two historical and future periods.

Models T (K) P (mm) Q (kg kg−1) LWd (W m−2)

𝜇 𝜎 𝜇 𝜎 𝜇 𝜎 𝜇 𝜎

CCSM3 His 299.01 0.28 2037.5 88.94 0.0132 2.60E-4 389.72 2.27
Fut 301.23 1.05 2151.8 109.22 0.0149 8.21E-4 409.19 9.17

RegCM3 His 298.97 0.32 2019.6 91.90 0.0143 2.40E-4 398.96 3.48
Fut 301.80 1.26 2136.5 143.13 0.0155 6.57E-4 419.29 8.30

PCM1 His 299.25 0.69 2029.7 125.81 0.0163 3.42E-4 411.63 2.98
Fut 300.01 0.81 2146.5 148.66 0.0173 5.99E-4 424.39 6.39

et al., 2014). A decrease in precipitation over the eastern
part of the Amazon Basin is also reported by Paiva and
Clarke (1995); Reboita et al. (2014), and Bombardi and
Carvalho (2009). The PCM1 and CCSM3 results show
large precipitation decreases around the Belem and large
precipitation increases around Manaus, which is consis-
tent with the results by Chu et al. (1994). Spatially, the
temperature and precipitation trends tend to be negatively
correlated.

The spatial patterns of specific humidity trends closely
follow those of precipitation in CCSM3 and RegCM3. This
similarity may indicate that the higher water content of
the air can increase the rainfall amount with the condition
that the atmosphere has sufficient convective energy. The
relatively large increase of LWd seen in both CCSM3 and
RegCM3 over the southwest (e.g. Bolivia) is concurrent
with a strong warming trend in the region. This effect is
less pronounced in the southeast where a significant drying
of the region could lead to a decrease in cloud and air
emissivity. The variability of specific humidity in PCM1 is
much smaller when compared with the other two models,
but similar spatial patterns emerge.

6. Discussion and conclusions

Efficient and effective long-term environmental manage-
ment plans over the Amazon Basin require accurate and
high-resolution climate data sets. This paper provides
high-resolution bias-corrected climate data sets at a uni-
form space–time resolution, which can be used as forcing
for ecosystem and land surface models over Amazonia.

We used a bilinear and linear interpolation approach to
produce 1∘ by 1∘ and hourly variables from the outputs
of CCSM3 and RegCM3. We also disaggregated 3-hourly
PCM1 data to hourly resolution. For temporal disaggrega-
tion of shortwave radiation values, we used the solar zenith
angle to account for the diurnal cycle of regional radiation
regime. Although the bilinear interpolation may smooth
out the space–time variability of the studied climate
variables, this computationally efficient technique can
provide realistic and sufficiently coherent disaggregated
fields for the studied climate variables at the specified
resolution.

To disaggregate accumulated RegCM3 precipitation data
to hourly resolution, we used a stochastic approach that
uses random samples of an exponential distribution to

capture intermittency of precipitation. This method allows
us to capture a more realistic variability of precipitation
while preserving the total monthly values. A key parameter
of this distribution represents the temporal average rate of
wet periods over the disaggregation domain, which needs
to be determined based on modelled and observed precipi-
tation. To obtain this parameter, we used hourly precipita-
tion from Santarem KM67 rain gauge during 2002–2005.
It needs to be noted that although using only one rain gauge
for obtaining this parameter was not a perfect choice, it
was the best choice we could make given the lack of
a dense and reliable long-term ground-based observation
network in the study area. We also show that the sensi-
tivity to the parameter is low. Linear interpolation was
used to downscale the CCSM3 instantaneous precipitation
product because the stochastic method is intended only
for accumulated values. Users of this data set should note
that linear interpolation smoothes the data and reduces the
number of extreme rainfall values, which may be problem-
atic for certain applications. The stochastic disaggregation
is preferable when appropriate.

Limitations of most bias correction methods, includ-
ing distribution mapping, are their statistical stationarity
assumptions, sensitivities to selected training period, and
the potential for overfitting. It is important to note that the
EDCDF method cannot explicitly account for biases dur-
ing particular years (e.g. El Niño or La Niña years). In
other words, if the model is unable to properly simulate a
specific phenomenon, or if the phenomenon is not present
in the training period, the EDCDF method is not capable
of correcting the associated biases. For instance, Johnson
et al. (2011) evaluated the capability of GCMs to represent
the variability of ENSO phenomenon. They showed that
the performance of the CCSM3 and the HadCM3 in sim-
ulating spatial precipitation patterns and variability, SST,
and surface pressure is better at inter-annual scale than at
sub-annual and inter-decadal scale. It should be noted that
the EDCDF method may not be capable of correcting the
associated biases.

The use of empirical CDFs reduces the uncertainty
associated with identifying and parameterizing a the-
oretical distribution; such approaches increase the risk
of overfitting when applied outside the training period.
Cross-validation tests have indicated that empirical
quantile-mapping methods, including EDCDF, are not
prone to this kind of over fitting provided sufficient
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Figure 8. The difference of temporal averages of the models’ variables in the future (2010–2099) from the corresponding ones in the historical period
(1940–2009, 1960–1990, 1948–2009 for CCSM3, RegCM3, and PCM1, respectively). From top to bottom: changes in temperature (T change),
precipitation (P change), specific humidity (Q change), and downwelling longwave radiation (LWd change). From left-to-right columns: changes in
CCSM3, RegCM3, and PCM1. The outlet of the Amazon Basin, Manaus, Belem, Mato Grosso, and Bolivia are illustrated by numbers 1, 2, 3, 4, and

5, respectively.

training periods (Lafon et al., 2013; Teutschbein and
Seibert, 2013; Bennett et al., 2014). The advantage of
using the EDCDF method is that it incorporates infor-
mation from the projection period of the models to at
least partially accommodate some features of potential
future changes in first and higher order moments of cli-
mate variables. CDF matching attempts to fit the entire
distribution and thus all moments are subject to change,
including, but not limited to, the trends and variability of
the data. The EDCDF method has been shown to perform
well in periods with changed variability (Li et al., 2010).
Furthermore, the use of a long record of observation
(CRU) from the historical period does add robustness
to the method.

In general, CCSM3 tends to have a dry-warm bias in
most parts of the domain, while RegCM3 mostly shows
a tendency to have a dry-cool bias. These tendencies
imply the presence of systematic errors in both models.
The inadequate spatial resolution, physics schemes, and
parameterizations of the models may influence their
performances over different months and locations. On
average, the corrected biases (estimated differences) in
RegCM3 are smaller than those of CCSM3, for tem-
perature and precipitation. RegCM3’s higher resolution
may better resolve scale-dependent processes. Further
improvements might be due to a better parameterization,
for this domain, of clouds, and other related processes in
RegCM3 compared with CCSM3 (Smith, 1990; Milton
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and Wilson, 1996; Gregory et al., 1998). A better simu-
lation of mesoscale patterns and topographic effects on
precipitation in RegCM3, compared with other GCMs,
is reported by many studies (e.g. Frei et al., 2003, 2006;
Buonomo et al., 2007; Reboita et al., 2014, among others).

Bias-corrected annual CCSM3, RegCM3, and PCM1
temperature showed a clear warming trend under the
A2 scenario. The results also exhibit an upward trend in
specific humidity and downwelling longwave radiation,
which is consistent with the warming trend of temperature.
Although no significant trend of precipitation is observed
in the historical period, the RegCM3 results show a slight
downward trend in precipitation, while the CCSM3 and
PCM1 results show a more significant upward trend. The
CCSM3 and PCM1 results mostly show lower inter-annual
variability than the RegCM3 outputs, especially in the
future period.

Regional analysis comparing the historical and future
period revealed that the eastern and southern part of the
region, where deforestation rate and risk of fire are high,
experience a warmer and drier atmosphere under the A2
scenario. The results, especially those of CCSM3 and
RegCM3, indicate that north and northwestern parts of the
region may experience an increasing trend in precipitation,
which is strongly correlated with the observed increases in
the air humidity.

Climate predictions models are subject to model error
due to the uncertainties in parameterizations of the under-
lying physics. As a result, bias correction and efficient
downscaling methods are of value to climate research
community. The bias-corrected projections presented
in this study will allow for detailed studies of potential
impacts of future climate change on the Amazon region.
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