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Klaus Dethloff, Germany
Panuganti C. S. Devara, India
Julio Diaz, Spain

Luis Gimeno, Spain
Ismail Gultepe, Canada
Hiroyuki Hashiguchi, Japan
Didier Hauglustaine, France
Ivar S. Isaksen, Norway
Yasunobu Iwasaka, Japan
Charles Jones, USA
Hann-Ming H. Juang, USA

George Kallos, Greece
Harry D. Kambezidis, Greece
Richard Leaitch, Canada
Monique Leclerc, USA
Gwo-Fong Lin, Taiwan
Kyaw T. Paw, USA
Sara C. Pryor, USA
Sergio M. Vicente-Serrano, Spain

Contents
Regional Climate Change: Downscaling, Prediction, and Impact Assessment, Lian Xie, Fredrick Semazzi,
Adel Hanna, Richard Anyah, Huiwang Gao, and Yijun He
Volume 2015, Article ID 290281, 1 page
The Development of a Customization Framework for the WRF Model over the Lake Victoria Basin,
Eastern Africa on Seasonal Timescales, R. Argent, X. Sun, F. Semazzi, L. Xie, and B. Liu
Volume 2015, Article ID 653473, 15 pages
CECILIA Regional Climate Simulations for Future Climate: Analysis of Climate Change Signal,
Michal Belda, Petr Skalák, Ales̆ Farda, Tomás̆ Halenka, Michel Déqué, Gabriella Csima, Judit Bartholy,
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Although the issue of climate change is often dealt with in
global perspective, the impact of climate change must be
assessed at regional scales. While global climate models can
provide projections of the average state of large-scale circulation of future climate, the downscaling of such projections to
regional scale with improved spatial and temporal resolution
for both the forcing fields and the climatic responses is the
basis for assessing the societal impacts of climate change.
Therefore, it is important to not only study climate change
at the global scale but also study the regional manifestations
of the climate system at spatial scales ranging from less than
a hundred kilometers to thousands of kilometers with time
scales from months to years to decades.
This special issue publishes a collection of articles covering a wide range of topics of our understanding of “regional
climate” from downscaling the variability of extreme rainfall
over the Yangtze River basin (T. Gao and L. Xie) and assessing
the water resources in the Yellow River region (Z. Wu et al.)
in China to forecasting the precipitation and water resources
in the Lake Victoria region in East Africa (X. Sun et al., R.
Argent et al., and K. A. Smith and F. H. M. Semazzi), from
downscaling wind energy resources in the contiguous United
States (B. Liu et al.) to characterizing the precipitation
extremes in the Carpathian region in central and southern
Europe (L. Gaál et al.), and from analyzing the energy balance
in semiarid grasslands in China (Q. Jiang et al.) to detecting
future climate change signals in central and eastern Europe
from numerical model simulations (M. Belda et al.). This

special issue also includes articles addressing the impacts of
regional climate change on tropical cyclones over the Atlantic
Ocean (K. Xie and B. Liu), on crop yields in North China
(H. Liu et al.), and on litter production and nutrient dynamics
in a plantation in China (X. Ge et al.), as well as rainfall and
drought in Eastern Kenya (M. O. Kisaka et al.). Additionally,
several articles with focus on regional climate downscaling
methodologies are also included. S. Kim et al. studied the
effects of geographic features in a mountainous area on the
downscaling of global climate model data; T. R. Lee et al.
demonstrated the feasibility of using PRISM (parameterelevation regression on independent slope model) to downscale maximum temperature to subkilometer scale; L. Gao
et al. applied the LASSO algorithm to statistically downscale
the ERA-interim precipitation forecast over complex terrain;
and K.-H. Min and W.-Y. Sun explored the application of
an atmosphere-cryosphere coupled model in regional climate
applications.
These articles reflect the recent advances and applications
in “regional climate downscaling, prediction, and impact
assessment” from a set of unique angles. We hope they are
of interest to peers.
Lian Xie
Fredrick Semazzi
Adel Hanna
Richard Anyah
Huiwang Gao
Yijun He
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Lake Victoria, Africa, supports millions of people. To produce reliable climate projections, it is desirable to successfully model the
rainfall over the lake accurately. An initial step is taken here with customization of the Weather, Research, and Forecast (WRF)
model. Of particular interest is an asymmetrical rainfall pattern across the lake basin, due to a diurnal land-lake breeze. The main
aim is to present a customization framework for use over the lake. This framework is developed by conducting several series of
model runs to investigate aspects of the customization. The runs are analyzed using Tropical Rainfall Measuring Mission rainfall
data and Climatic Research Unit temperature data. The study shows that the choice of parameters and lake surface temperature
initialization can significantly alter the results. Also, the optimal physics combinations for the climatology may not necessarily be
suitable for all circumstances, such as extreme years. The study concludes that WRF is unable to reproduce the pattern across the
lake. The temperature of the lake is too cold and this prevents the diurnal land-lake breeze reversal. Overall, this study highlights
the importance of customizing a model to the region of research and presents a framework through which this may be achieved.

1. Introduction
Lake Victoria is a key water resource in Eastern Africa. The
lake is surrounded by three countries: Uganda, Kenya, and
Tanzania. It is the largest freshwater lake in Africa, covering
an area of 69,000 km2 [1], but is also one of the shallowest;
the bathymetry within the lake is asymmetrical east to west
with an average depth of 45 m [2]. Approximately 85% of the
inflow comes from rainfall directly into the lake itself, with
the remaining inflow from tributaries [3]. The lake also feeds
one of the sources of the River Nile, which then runs through
Uganda, South Sudan, Sudan, and Egypt.
The population of the Lake Victoria Basin (LVB) is
around 35 million [4] and depends on the lake for many
resources. The lake provides food, water, income, and electricity to many of the people living in this region [5]. For
example, the lake is the industrial and domestic water supply
for around 5 million people living in the major cities that
directly surround the lake [4]. It is also vitally important for

transportation and is used extensively, yet it is one of the most
dangerous waterways in the world due to the severity of the
weather [1].
In addition to this, 238 million people live in the River
Nile basin, from all the tributary sources to the Mediterranean Sea. This large population is highly dependent on
one singular water resource [6]. The countries downstream
of Lake Victoria are dependent on the water released into the
Nile from the Lake, as it supplies vital water to homes and
agriculture as well as hydroelectric power through dams [3].
Upstream developments can affect water use downstream as
they may determine when and how much water is reaching
people and communities [3].
Seto et al. [7] show that both the northern side of
Lake Victoria and the Nile Basin in Egypt are likely to see
significant urban growth, therefore, increasing the importance of the lake and its water resources. Consequently,
changes in long and short term water availability have the
potential for disastrous effects. Future modeling is important
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to determine if and how the region will change on multiple
timescales.
The climatology over the lake is determined by both local
and large scale influences [8, 9]. The dynamics associated with
the geography of the Rift Valley Complex, the surrounding
climate regimes, and synoptic scale features transient over the
region all combine to create a highly complex and interesting
climatology over the LVB. Situated in the Rift Valley region,
the lake has mountainous regions to both the west and the
east. The lake and surrounding land induce a large land-lake
breeze circulation system [9].
The most predominant of the large scale features that
influence the region is the Intertropical Convergence Zone
(ITCZ). As the ITCZ moves across the region, it causes two
rainy seasons. These rains occur during the spring (MarchApril-May) when they are known as the long rains and
during the autumn (October-November-December, OND)
when they are known as the short rains. The wind direction
reverses during the rainy seasons with a north easterly flow
during the Northern Hemisphere winter and a south easterly
flow during the Northern Hemisphere summer [9].
In addition to the ITCZ, two large teleconnections that
occur in the Pacific and Indian Oceans influence the region:
the El Niño—Southern Oscillation (ENSO) and the Indian
Ocean Dipole (IOD). Both of these have been linked to East
African rainfall, although there is ambiguity about how these
two teleconnections are linked and which one exerts the most
influence [10–13].
On a more local scale, the land-lake breeze is created
by the surrounding high topography, the lake itself, the
high insolation in the region, and the resulting temperatures gradients [9]. At night, the lake is at its warmest in
comparison to the surrounding land, resulting in air flowing
onto the lake and subsequent rising motion. This results in
large amounts of convection, and therefore cloudiness and
rainfall, overnight [14]. Anyah and Semazzi [15] found that
the strength of the breeze and consequently the amount of
rainfall are dependent on the lake surface temperature (LST).
Anyah et al. [8] found that the high topography enhanced the
breeze both during the day and at night. The mean easterly
flow and asymmetrical lake temperatures (due to differing
lake depths) mean that the rainfall caused by the diurnal cycle
is not centered on the lake and is actually focused on the north
western side [2, 14].
These complex influences interact to create an asymmetrical rainfall pattern seen across the LVB (Figure 1). This
pattern needs to be captured accurately by models to build
confidence in the accuracy of future projections and forecasts.
Global climate models (GCMs) are used all around
the globe for future projections. In order to capture finer
and more accurate details of the precipitation pattern, it is
necessary to downscale through a regional climate model
(RCM). It is necessary to tune any RCM used so it best
reflects the dynamics and physics of the region of interest.
The majority of model parameterizations are designed with
a particular region in mind; therefore, it is important to
choose appropriate options. The process of adjusting the
tunable parameters and attributes within the regional climate
model is known as customization and is important regardless
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Figure 1: Tropical Rainfall Measuring Mission (TRMM) data
showing the total rainfall (mm) over the LVB basin for the 1999 short
rains (OND). The asymmetrical pattern over the lake can be clearly
seen.

of the model being used. Additionally, unlike most inland
regions where RCMs have been used, Lake Victoria and the
corresponding land-lake breeze create an additional source of
complexity and therefore uncertainty.
Previous customization in this region is very limited. The
Climate Modeling Laboratory (Climlab) at North Carolina
State University, in particular Sun et al. [16] and Davis et al.
[17], performed substantial research in customization for the
LVB using the RegCM3 model. Much more recently in 2011,
Pohl et al. [18] conducted research into the customization of
the Weather, Research, and Forecasting model over Eastern
Africa. However, their focus was a large East African domain
rather than specifically the lake basin, which is the focus
of this study. Recently, Sun et al. [19] showed that the LST
is important when modeling the rainfall over the lake and
that, by changing the initial LST, the rainfall pattern can be
influenced.
The WRF model is selected for this study due to its
increasing use and the resulting large community of modelers. However, this is a suggested framework which could be
applied to any model and ideally in the future would be part
of an ensemble of models focused on the region.
It is important that customization is approached in
a comprehensive manner. The following work proposes a
framework which encompasses several aspects of customization and could be used for other regions around the globe; this
study is focused on the Lake Victoria Basin and consequently
will be suitable for other similar regions. Section 2 lays out
the process and methods used to determine this framework.
Section 3 presents the results and discusses how they can be
interpreted. Finally, Section 4 concludes this study.

2. Methods
2.1. Model and Data. This project is primarily based upon the
customization of a model for the LVB during the short rains
(OND). The model customized is the Weather, Research, and
Forecasting (WRF) model, version 3.3 [20]. The model runs
are initiated with the NCEP FNL (Final) Operational Global
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Figure 2: The domains used in WRF. The large domain, one, is at a
grid spacing of 50 km and the smaller, two, nested within one has a
grid spacing of 10 km.

Analysis data [21] and the Optimum Interpolation SST data
set is used [22]. The datasets can be found through the University Corporation for Atmospheric Research (UCAR) [23].
Data from the Tropical Rainfall Measuring Mission
(TRMM) is used for validation of the model. The data
used in this effort are acquired as part of the activities of
NASA’s Science Mission Directorate and are archived and
distributed by the Goddard Earth Sciences (GES) Data and
Information Services Center (DISC). The TRMM rainfall
3B42 dataset [24] is chosen as the most suitable, because
it combines different precipitation estimates including both
satellite coverage and station data, which resolves the problem
of very limited in situ data in the region [14].
The parent domain is extensive enough to reproduce large
scale features such as Kelvin waves and the Indian Ocean
SST [25]. It is chosen to be similar to the domain used by
Paeth and Hense [26], for Kelvin waves, but also takes into
account domains used previously within Climlab at NCSU,
such as those used by Bowden [27]. The nested domain covers
a much smaller area centered over the Lake (Figure 2). The
grid spacing of the large domain is 50 km and the nest is
10 km. Additionally, all runs use the US Geological Survey
(USGS) land use data, linear lateral boundary conditions with
four relaxation points for the boundary, and the alternative
lake temperature initialization option within WRF unless
otherwise stated in the individual experiments.
The run is initialized on 00z October 1, 1999. This year
is chosen as it represents the climatology of the region [18].
However, only November is used for analysis to allow for the
model to spin up and to capture the middle month of the short
rains. The middle month is chosen as the basin experiences
the most consistent rainfall coverage in this month. Figure 3
shows the TRMM data for the three months in the short
rains. In October, the rains mostly occur in the north and in
December to the south; however, in November the entire lake
basin experiences the rainy season.
2.2. Evaluation Metrics. To evaluate the model output with
respect to the TRMM observations, the root mean square
error (RMSE), mean absolute error (MAE), and the standard

deviation (SD) of the difference between the WRF output and
the observations are calculated. These are considered and calculated in the same way as Carvalho et al. [28] and Pielke [29].
The skill of the model runs is evaluated using the specifications described by Pielke [29]. Skill is shown when the RMSE
is less than the SD of the observations (referred to as skill
score 1) or when the SD of the model approximately equates to
the SD of the observations (skill score 2). Skill score 2 requires
equating two different SDs, where within plus/minus 10% of
the observational SD is considered to be equal.
The runs are analyzed and ranked based on how well
they performed statistically; the best quartile and the worst
quartile are identified. Evaluation metrics are calculated for
each individual domain size and then consolidated into
an overall ranking based upon the results in the different
domains. In order to analyze the lake in detail, a subset of
domain two is also considered, referred to as the lake domain.
Finally, to analyze how well the model reproduces the
rainfall distribution, plots of the total rainfall and difference
plots, where TRMM data has been subtracted from the model
output, are created for both domains.
2.3. Experimental Design. The proposed framework consists
of six experiments in order to comprehensively customize the
model. These are as follows: (1) a comparison of the different
physics options available in WRF, (2) a comparison of different SST datasets as well as different methods of initializing
the Lake Surface Temperature, (3) further analysis on the
dynamics found in the optimal runs and how they compare
to the expected circulation over the lake, (4) a comparison
of results for extreme years with the climatological year used
for the initial analysis, (5) a comparison of results with the
lake removed from statistical analysis, and (6) a comparison
between the optimal physics options with respect to temperature and the optimal options with respect to rainfall.
Experiment 1, Physics Options, aims to test which physics
options within WRF give optimal results. Three base combinations are used: the default settings in WRF (run A), the
combination used in the East African Community Feasibility
Study (run B) [1], and the combination found in preliminary
customization tests conducted for just five days (run C).
Beyond this, multiple variations of the base combinations are
also used (runs D to M) (Table 1).
In addition to the different parameters available for
customization, WRF also has many options that can be
changed depending on the suitability for the domain in
question. In this domain, several of these options are of
interest, particularly because the aim of this customization is
for a seasonal run. Further runs are conducted in order to
test these parameters. The tests conducted are (a) boundary
conditions: an investigation into linear versus exponential
boundary and the number of relaxation points within the
boundary, (b) additional parameters (henceforth referred to
as the climate parameters) suggested for use in climate runs
such as updating the deep soil temperature and creating
bucket values for radiation and rainfall, and (c) the land use
data set; WRF has the option of using land use data provided
by USGS or MODIS.
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Figure 3: The total rainfall from TRMM data for each month of the short rains, (a) October, (b) November, and (c) December, shows the
transition of the rainy season over the region with the most consistent cover in November.
Table 1: The combinations of physics options used for each run. The base combinations are runs A–C. For further information on each option
please see references [35, 37, 38, 40–52].
Run
A
B
C
D
E
F
G
H
I
J
K
L
M

Short wave
Dudhia
CAM
Dudhia
CAM
CAM
CAM
Dudhia
Dudhia
CAM
Dudhia
Dudhia
Dudhia
Dudhia

Long wave
RRTM
CAM
RRTM
CAM
CAM
CAM
RRTM
CAM
CAM
RRTM
RRTMG
RRTM
RRTM

Cumulus
Kf
kf
Grell 3D
BMJ
Grell 3D
BMJ
Grell 3D
Grell 3D
kf
Grell 3D
Grell 3D
BMJ
Grell 3D

While Sun et al. [19] showed the importance of the LST,
it is important to determine that these results were not just
based upon the data set or the way in which the temperature
is initialized. This section aims to satisfy those uncertainties.
For experiment 2, Lake Surface Temperature, four different
runs are conducted. These take into account two different LST

Microphysics
Single 3
Single 5
Eta
Single 5
Eta
Eta
Eta
Eta
single 6
Eta
Eta
Eta
Eta

Planetary boundary layer
Yonsei
Yonsei
ACM2
Yonsei
ACM2
ACM2
ACM2
ACM2
Yonsei
ACM2
ACM2
ACM2
Yonsei

Land surface
Noah
Noah
Noah
Noah
Noah
Noah
5-layer
Noah
Noah
RUC
Noah
Noah
Noah

initialization methods and two different SST data sets that
WRF uses. The default initialization option interpolates from
the nearest water source and consequently is dependent on
the SST data set and changes within it. The alternative option
uses the air temperature as a proxy that it then sets as the LST
for the entire run [30]. The SST datasets are the previously
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mentioned Optimally Interpolated SST and the ECMWF
ERA Interim data [31], obtained from the ECMWF Data
Server. Each data set is run with each different initialization
method. The model setup for all four runs is the same as
combination H from part 1. This combination is chosen as
it is the best performing combination in preliminary testing
(not discussed here).
For experiment 3, Optimal Physics and Circulation Patterns, the physics combinations that gave the best results are
chosen from the initial preliminary tests. The runs for this
chapter are started earlier than previous runs, in order to
ensure that spinup is not a problem. Unfortunately, lack of
initialization data meant that the earliest date from which
these runs could be started is September 12. November
remains the focus of these runs. In addition to this longer
time period, there are other set-up differences from the
preliminary testing, based on the results of experiment one.
These are as follows: exponential Boundary Conditions with a
relaxation zone of 9 grid spaces, use of the climate parameters,
and using the USGS land use data. The remaining setup is as previously stated. In addition to the previously
mentioned evaluation metrics, plots are created of monthly
average temperature, vector wind, and vertical and horizontal
motion cross sections over the lake throughout the day. The
temperature is compared to data from the Climatic Research
Centre at the University of East Anglia [32].
Experiment 4, Extreme Years, uses the same basic set-up,
combination E, as experiment 3 and consists of four different
years to represent extremes. The results in experiment 3
represent 1999 which is acting as a climatological control run.
The differences between the statistics for each extreme year
and the control run are calculated. A large amount of the
variation within the short rains is due to a combination of
ENSO and IOD [33, 34]. Consequently, it was decided that
the extreme years would be based on the indices of these two
teleconnections. 2002 and 2006 are both positive years with
both positive ENSO and IOD indices. The negative years are
2005 and 2010, with opposite signals.
The model runs for both experiments 5, Lake Masking
Comparison, and 6, Temperature Comparison, are the same
as performed and analyzed for the initial customization in
experiment 1. However, in experiment 5, for every run statistics are also calculated with the lake masked and therefore
that region of the output removed from the calculations.
These results are then compared to those found in experiment
1. For experiment 6, the analysis is conducted with respect to
temperature instead of rainfall and validated with Climatic
Research Unit data. The results are compared with the results
from part one to determine if the same physics options are
optimal across multiple variables.

3. Results and Discussion
3.1. Physics Options. When considering both the rainfall
distribution and the evaluation metrics, it is apparent that
while one physics combination cannot be objectively stated
as the best, some combinations show significantly higher skill
and therefore should be deemed more appropriate for use.
Table 2 shows the statistical ranking from the RMSE, both

5
of the individual domains and the overall ranking for all
three metrics based upon how each combination performs
in each domain. Figure 4 shows the rainfall pattern over the
lake domain for all of the different physics combinations.
Overall, Figure 4 shows that none of the options used are able
to capture the rainfall pattern over the lake and that this result
extends to other lakes within the lake domain, where the
rainfall is also underestimated. Another consistent pattern
is that all the runs overestimate the rainfall over the Congo
rainforest in the western side of the domain.
Run L is consistently in the upper quartile of all three
statistical error scores and shows a greater amount of skill
than the majority of the other combinations, particularly in
domain 2, when analyzed using the skill scores. Runs D and
E also perform relatively well. They both consistently appear
in the upper half of all the error statistic rankings in both
the overall ranking and those for each domain. However,
for the mean absolute error, both runs outperform the other
combinations and make up the majority of the upper quartile
in addition to run L. The two runs also show similar amounts
of skill as run L.
The worst runs are identified as I, G, and B. While there
is substantial variation within the lower quartile, these three
runs are consistently in the lower statistics in RMSE, MAE,
and SD. Additionally, none of these runs show skill in the
skill scores. These runs dramatically overestimate the rainfall
over large areas of the region and do not capture the rainfall
distribution well. B and I both use the Kain Fritch (KF)
cumulus scheme [35], which appears to lead to much higher
amounts of rainfall, possibly due to being developed for the
continental USA [36].
Figure 5 shows the difference between modeled and
observed (TRMM) rainfall. The overall distribution of the
rainfall is more accurately reflected in runs L, D, and E
where they capture more of the pattern surrounding the lake
and throughout the domain. In particular, these runs show
the asymmetry on either side of the lake, capturing the low
rainfall on the western shore and high rainfall on the eastern
shore. The rainfall over the Indian Ocean is also much more
accurate in runs L and D than in many of the other runs,
which tend to overestimate this region. It is suspected that the
use of the Betts-Miller-Janjic (BMJ) [37, 38] cumulus scheme
is instrumental in these results as it is a consistent factor
between the two runs.
All runs show an excess of rainfall over the Congo rainforest and deficient rainfall over the lake itself. Although there is
significant variability between the different runs, the majority
of the combinations show too much rainfall over the Indian
Ocean and underestimate over the remaining continent.
Run H, whilst performing well in the evaluation metrics,
does not capture the correct rainfall distribution and largely
underestimates over the majority of the continental region
(Figure 4). It is suspected that the good statistical results are
due to the fact that many of the other runs significantly
overestimate the rainfall. This highlights the importance of
not just basing the results on one particular form of analysis,
such as one error metric like RMSE.
Finally, the additional runs show that using the climate
parameters within WRF gives better results and should be
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Table 2: (a) The Ranking of all the different runs with their corresponding RMSE (best to worst in descending order) separated by domain.
(b) The overall RMSE, SD and MAE ranking based on all the domains.
(a)

Domain 1
Ranking
Error
E
66.5
A
70.7
H
72.2
K
75.2
C
77.4
J
80.3
L
82.7
D
84.3
F
87.1
B
91.3
I
91.4
M
92.1
G
113.9

Root Mean Square Error
Domain 2
Lake Domain
Ranking
Error
Ranking
Error
L
105.7
H
138.9
D
106.4
L
153.4
H
114.9
G
159.5
E
117.9
D
162.4
C
126.5
A
163.3
F
127.2
E
166.3
A
127.3
K
172.4
K
130.0
C
184.4
J
137.8
M
185.1
M
142.5
I
189.4
G
148.2
J
192.3
B
154.0
B
194.7
I
159.6
F
198.8
(b)

RMSE
Overall
Ranking
H
L
A
D
E
C
K
F
M
J
G
B
I

SD
Overall
Ranking
H
L
A
C
E
K
D
M
F
G
J
B
I

MAE
Overall
Ranking
C
E
L
A
H
D
F
K
J
G
M
B
I

The lines represent the upper and lower quartiles, in the SD ranking runs A, C
and E and runs F, G and J are equal hence the displaced lines.

used for future runs. The differences between the statistical
results for both the boundary conditions and the land use
tests are very small and do not have a large impact on the
results. USGS and an exponential boundary with 9 relaxation
points are however found to be best in this situation. However, these areas need greater study to help determine the
optimal results.
None of the parameter combinations resolve the complex
pattern over the lake, regardless of how well they performed
otherwise. Many of them capture the rainfall distribution
surrounding the lake, although they rarely reproduce the
correct rainfall amounts. When considering the rainfall over
the lake itself, all of the runs underestimate the rainfall. This
underestimation is particularly large over the western half

of the lake, where greater rainfall is shown in the observed
data. Some of the runs, such as D and L, reproduce the
correct wet and dry areas on either side of the lake but fail
to reproduce the rainfall over the lake, resulting in a dry-drydry-wet pattern instead of the dry-wet-dry-wet pattern in the
observations.
This first experiment highlights the importance of customization for a particular region and the correct selection of
parameters. For example, changing the cumulus parameter
from the KF to the BMJ scheme changes a model run from
being one of the most accurate (D) to one of the least accurate
(B). It also confirms that it is difficult to fully determine
what the overall optimal physics are, as the number of
combinations is too extensive to fully investigate.
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Figure 4: Total November simulated rainfall (mm) over the lake domain for the different physics options (a–m) and TRMM observations
for comparison (n). Note the lack of rainfall over western side of the lake in each figure.
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Figure 5: The difference between the WRF output and the TRMM data for each combination in domain two. Blue shows where the model
underestimates and red where it overestimates.
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Figure 6: November difference (in mm) between TRMM data and WRF model output over domain 2.

3.2. Lake Surface Temperature. Experiment two compares
two methods of initializing the lake surface temperature and
two different datasets. Once again, none of these runs are
able to capture the asymmetrical rainfall pattern over the lake.
One run, using the OI SST and the original initialization (for
this experiment only, run O), produces a significantly worse
distribution than the other three (Figure 6). Although the
remaining three are more comparable, using the OI SST and
the alternative initialization method (henceforth run OA)
gives the optimal performance.
Statistically, O performs the worst in both the RMSE
and SD tests and second worst in the MAE. In most cases,
the difference from the other runs is also considerable. For
example, in domain 2, run OA has the lowest RMSE of
111.8 mm, comparable to the other two runs (henceforth E
and EA, using the ECMWF SST data and the original and
alternative initialization, resp.) which have errors of 116.3 mm
and 117.5 mm, respectively. Conversely, run O has an error of
136.4 mm. The error in run O also increases as each domain
focuses on the lake in greater detail; while the other runs do
show this as well, it is to a lesser extent. For instance, between
the RMSE for domain 1 and domain 2, run O saw a difference
of 61.2 mm whereas run OA only saw a difference of 39.1 mm.
This shows that the main region of error in the runs is in the
lake region, but in run O this error is worse than in the others.
In both the RMSE and MAE, OA performs the best; again, the
difference between this run and the other two is far smaller

in comparison to the difference to O. In the SD, E slightly
outperforms OA but the differences remain small, with the
largest difference being around 13 mm and the majority under
10 mm.
The rainfall distribution and difference from TRMM data
over the large domains show that the rainfall and the SST are
very similar in all four runs. The key differences are found
when the lake is examined in greater detail. Run O shows
an overestimation over the lake, whereas the other three
show an underestimation (Figure 6). It is also observed in the
difference plot that the lake shows an asymmetry of results,
which means that the model is not capturing the necessary
pattern over the lake.
Both the initialization process and the SST data have
the potential to significantly influence the rainfall and how
accurately it is represented. However, when using the second
method of initialization, the SST data becomes of less importance to the lake region, as the initialization then uses air
temperature as a proxy. The alternative initialization does lead
to an improvement, but it does not fully resolve the problem
as the lake is still the most significant source of error.
It is already recognized by Sun et al. [19] that the LST
is very important. This experiment shows that differences in
data and initialization options do not significantly increase
the ability of the model to capture the LST and consequently
the rainfall. Sun et al. [39] look at this problem in greater
detail with a coupled lake surface temperature model.
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3.3. Optimal Physics and Circulation Patterns. Overall the
rerun optimal physics choices from experiment one perform
as expected. This result is consistent in both the statistics
and the rainfall distribution. All runs show a similar pattern,
overestimation of the Atlantic Ocean (in the large domain)
and central continent (in particular the Congo rainforest)
and underestimation of large continental regions and the
lake (difference plots are analyzed but are not shown here).
One area of difference is the representation of the Indian
Ocean where the run containing the BMJ cumulus scheme
outperforms the others. Again, it is highlighted that none of
the runs are able to reproduce the asymmetrical pattern over
the lake.
The next analysis is of the physics and circulation surrounding the lake. The results in this experiment are given
for just one of the optimal combinations tested, with the
same combination as run E in experiment 1; similar results
are found for the other runs. The first additional variable
to be considered is the mean temperature, analyzed on a
mean monthly timescale for comparison with CRU. Overall a
general negative bias is observed, with WRF underestimating
the temperature over the majority of the continent by several
degrees. This may be a contributing factor to the underestimation of rainfall over large areas of the domain. It is noteworthy that a bias of even two degrees could have a significant
impact when looking at future changes, as the bias is around
the same order of magnitude expected in future warming.
Following the temperature analysis, the circulation over
the lake is considered. If the land lake breeze was forming,
there would be convergence over the lake rising motion and
consequently rainfall at night, with the reverse during the
day. East-West cross sections of the zonal and vertical winds
do appear to show a reversal (Figure 7). The rising motion
however is weak and inconsistent when it should be much
stronger; similarly, the zonal flow onto the lake is much
weaker than the corresponding flow off the lake during the
day. Analysis of the vector winds (Figure 8) confirm that there
is strong flow on land during the day but also show that there
is a large amount of divergence occurring over the lake at
night, which would not be expected if the model is accurately
reproducing the diurnal circulation.
The relative humidity (Figure 7) cross sections are consistent with the wind patterns, low humidity over the lake
during the day and higher humidity at night. However, very
little moisture appears to be above 4 km in the atmosphere
as expected with large convective storms. In the west of the
domain, there are large areas of moisture throughout the
atmosphere, occurring over the Congo Rainforest and we
would expect the night time moisture over the lake to look
similar to this. Consequently, the circulation reversal that
occurs at night is not taking place, and thus the land lake
breeze system is not being fully resolved by this model. This is
most likely due to incorrect representation of the lake surface
temperature as discussed by Sun et al. [19].
It is theorized that the models inability to capture the flow
is due to the temperature of the lake. The daytime flow is
captured by the model, as this is the time period when the
lake is colder than the shore. Although the LST being too cold
may influence the strength, it does not impact the occurrence
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Table 3: RMSE (mm) for each extreme year and for both domains.
2010 saw a large increase in error.
Year
Control
Positive
Negative

1999
2006
2002
2005
2010

Domain 1
65.8
73.4
69.9
64.9
73.8

Domain 2
119.7
126.1
151.3
123.2
153.9

of the flow. This flow will still influence divergence over the
lake and consequently low rainfall. However the lake, due
to having an underestimated LST, is never warmer than the
surrounding land and this prevents the night time reversal
of the land-lake breeze. This constant one way flow or very
weak reversal explains the lack of rainfall over the lake in the
model, as the rainfall is primarily due to convergence at night
with the reversal of the land-lake breeze.
The lack of rainfall not only prevents the model from
reproducing the asymmetrical pattern but also means that it
is impossible to judge if the pattern would be there should the
model be producing the correct amount of rainfall. Before it
is possible to ascertain for certain whether the model is able
to reproduce the correct rainfall pattern, it is necessary to get
the fundamental flow over the lake correct and at present time
this experiment has shown that this is not occurring.
3.4. Extreme Years. The extreme years do not show comparable results statistically when compared to the control year
of 1999. 2005 is the only one with comparable error results;
the remaining three years all have larger errors; in particular,
2002 and 2010 have much larger errors with 2010 being the
worst (Table 3). The inaccuracy corresponds to the strength
of the ENSO signal as 2005 has the weakest ENSO index and
2010 has the strongest. The inaccuracy does not correspond
to the strength of the IOD signal.
Figure 9 shows the rainfall for each year with the corresponding TRMM rainfall and the difference between the
two. The positive and negative extreme years are observed in
the TRMM data; however, the model varies less significantly.
The model appears to overestimate the low rainfall years and
underestimate the high rainfall years meaning that WRF is
not accounting for the changes in these large scale influences.
The model still overestimates large areas over the Congo
Rainforest and once again the lake is still not accurately
represented. The asymmetrical pattern is reproduced by the
TRMM data in all five years; however, this pattern is not
reflected in the WRF rainfall in any of the years.
Experiment four reveals that WRF is unable to reproduce
the influence of the large scale features on the region. Consequently, the same combination of physics options cannot
reproduce the results to the same accuracy for an extreme
year as for the original climatology year. The influences on
the region are different during years when one of the large
scale teleconnections is dominant. Further customization is
needed for those years to produce another parameterization
combination for years of particularly strong teleconnection
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Figure 7: (a) Horizontal motion, (b) vertical motion, and (c) relative humidity at 00z and 12z on the November 22. The lake is situated in the
center of the image, at approximately grid spaces 100–130.

modes; in the case of the region, the mode of focus would be
ENSO.
3.5. Lake Mask and Temperature Comparisons. Overall, with
the lake masked and taken out of the statistical analysis, the
results are not significantly different. A few of the runs move
up or down in the rankings statistically and this is particularly
prominent in the lake domain, where, as expected, the lake
would have the largest impact. However, the upper quartile
is only impacted on one instance and not significantly;
therefore, overall it appears that the optimal combinations are
unaffected by the lake masking. Consequently, the lake does
influence the results, but in this case not significantly enough

to bias the results. These results highlight that one feature
does have the potential to bias the results of the entire domain
and therefore caution should be used.
This raises the question as to whether customization
should include areas that are known to be difficult to reproduce, or if the remainder of the domain should be focused
on in order to customize as accurately as possible. In the
case of this study, the lake is the large area of uncertainty,
but there are potentially other regions around the globe that
are modelled insufficiently and that continue to influence the
regions surrounding them.
The comparison to temperature does give different
results. When considering the RMSE and the MAE, the

12
00z
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12z

Figure 8: Vector winds over the lake at 00z and 12z on the November
22 at the 850 hPa pressure level. Wind speed represented using wind
barbs in knots.

optimal physics combinations for temperature are different to
those for rainfall with the only exception being run L which
remains within the upper quartile for both variables. The
worst quartile for temperature contains both H and D across
several evaluation metrics, which are in the upper quartile
for the rainfall. The SD results are not in agreement with the
RMSE and MAE showing that the runs with the least error do
not necessarily have the most consistent bias unlike many of
the rainfall related results.
Overall, there is a smaller range of error for the temperature results than there is for the rainfall results. The majority
of the errors are within a degree of one another and many
are much less. There is still a generally negative bias of the
domain with some of the better runs showing less of this bias.
As previously mentioned, the bias is significant enough that
it may be of consequence if looking at a warming trend.
It is shown that it is important to not just check the
variable of interest but also analyze other variables in order
to determine that the model is producing realistic results and
that good results in one variable are not being produced at
the expense of others. It is important to weigh up which
combinations are the best to use as it is necessary to represent
the entire climate system well. Therefore, it may be necessary
to balance optimization across several variables. In this case,
run L would be the optimal solution, as it performed well in
both temperature and rainfall analyses.

4. Conclusion
Each experiment of this study has highlighted an important
area of the customization process. This is necessary for
confirming that WRF is producing the most accurate results
possible for a particular region, in this case a month of the
short rains season over the LVB. The individual experiments
all emphasize individual aspects of this crucial process and
also agree with and reinforce initial ideas and theories.
Some of the main components of the customization
process are the parameters and options available in WRF.
Some schemes will always be better suited to particular
cases. In this study, several of the schemes are stressed as
either being suitable or being unsuitable for this region.
The scheme that stood out for producing optimal results

is the BMJ cumulus scheme. All the runs produced with
this scheme show a much better representation of rainfall
over the Indian Ocean. The majority of runs produce a large
overestimation over the ocean, whereas this scheme does not.
Other options appear responsible for inaccurate results such
as the KF cumulus scheme, which results in large amounts of
precipitation and consequently an overestimation over a large
proportion of the domain.
Masking the lake does not have a significant impact
on which combinations produce the most accurate results.
However, it does produce minor modifications in the ranking
of how well the combinations perform, especially within
the lake domain. Conversely, the temperature comparison
does cause the accuracy of the combinations to change. This
emphasizes that it is important to investigate more than one
variable and not just the variable of primary focus. It is
necessary to confirm that other elements of the circulation
are also represented correctly. In the case of this study, the
best combination is that of run L as it produces good results
for both rainfall and temperature. It also contains the BMJ
scheme. This is the combination that would be recommended
for use in future studies.
However, the best combination for the climatology is not
necessarily the best for the extreme years. It appears that it
is necessary to perform additional customization for these
years. For this region, the ENSO mode has the largest impact
on the accuracy of the runs and it is important to adapt the
customization to support this source of variability.
Finally, the main emphasis of this study was on the
asymmetrical pattern that occurs over the LVB and whether
or not WRF was able to reproduce this pattern. The pattern is
dry over the western shore, wet over the western lake, dry over
the eastern lake, and wet over the eastern shore. The model
is sometimes able to capture the asymmetry on each shore;
however, it is categorically unable to reproduce the correct
rainfall distribution directly over the lake.
It is recognized that the model is unable to initialize
the lake surface temperature correctly, causing this incorrect
rainfall distribution. While Sun et al. [19] have shown the
critical nature of the LST, this study shows that this problem
with LST occurs regardless of which initialization or data set
is used. WRF offers two options of initializing the lake; one, a
direct interpolation of SST, creates a high LST which produces
too much rainfall over the lake. The second one produces a
proxy for LST from air temperature and this gives a more
accurate but much colder LST, resulting in too little rainfall
over the lake surface. This second initialization causes too
little rainfall regardless of the other parameters or variables
within the run. It is theorized that this lack of rainfall is due
to the cold temperature preventing the reversal of the landlake breeze.
Overall, it appears that a customization study can improve
the results over the general domain, but it does not improve
the results directly over the lake. Future work will aim to
combine this framework with the coupled model developed
in Sun et al. [39].
This framework provides a method of comprehensively
customizing a model for a particular region and highlights
important aspects of the customization process. It can be
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Figure 9: Total rainfall in November in Domain two for each extreme year. WRF rainfall is on the right and TRMM rainfall on the left and
the difference between them is the lower image.

used for future work, not just around Lake Victoria, but in
other situations with prominent geological features which
dominate the local circulation.
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Regional climate models (RCMs) are important tools used for downscaling climate simulations from global scale models. In project
CECILIA, two RCMs were used to provide climate change information for regions of Central and Eastern Europe. Models RegCM
and ALADIN-Climate were employed in downscaling global simulations from ECHAM5 and ARPEGE-CLIMAT under IPCC
A1B emission scenario in periods 2021–2050 and 2071–2100. Climate change signal present in these simulations is consistent with
respective driving data, showing similar large-scale features: warming between 0 and 3∘ C in the first period and 2 and 5∘ C in
the second period with the least warming in northwestern part of the domain increasing in the southeastern direction and small
precipitation changes within range of +1 to −1 mm/day. Regional features are amplified by the RCMs, more so in case of the ALADIN
family of models.

1. Introduction
Regional climate models (RCMs) are tools that greatly
enhance the usability of climate projections made by global
climate models (GCMs) for studying climate and its change
and impacts on a regional scale. Following the methodology
of dynamical downscaling [1, 2], the outputs of GCMs can
be used as driving fields for the nested RCMs running with
higher resolution, allowing capturing the local features of the
climate.
The Fifth Assessment Report of the Intergovernmental
Panel on Climate Change [3] suggests changes in regional climate conditions in the 21st century over Central and Eastern

Europe (CEE). The Coupled Model Intercomparison Project
Phase 5 (CMIP5) projections generally agree on warming
in all seasons in Europe during the 21st century, while
precipitation projections are more variable across different
parts of Europe and seasons. CEE is a region where precipitation changes remain still uncertain. Even the findings
of recent coordinated downscaling experiments in Europe,
for example, projects PRUDENCE (Prediction of Regional
Scenarios and Uncertainties for Defining European Climate
Change Risks and Effects) [4] or ENSEMBLES (ENSEMBLE
based predictions of climate changes and their impacts) [5]
using RCM simulations of 25–50 km horizontal resolution,

2
are consistent with the CMIP5 (Coupled Model Intercomparison Project Phase 5) projections and do not indicate any
significant precipitation change in CEE. Although regional
climate change amplitudes of temperature and precipitation
follow global trends in Europe, they can be also affected by
changes in the large-scale circulation and regional feedback
processes [6]. Recent studies have also clearly identified
importance of soil moisture changes and their impact on
amplification of temperature extremes in Europe [7, 8].
Similar processes and meteorological extremes in general
have strong consequences on local scale climate conditions
and they can be only hardly captured by coarser resolution
GCMs. Downscaling methods, both statistical and dynamical
based on RCMs, may thus provide valuable information on
climate change for assessing its regional impacts, detecting
possible vulnerabilities, and adopting the relevant adaptation
measures.
Climate change impacts and vulnerability assessment
were the key objectives of two recent projects supported
by European Commission’s 6th Framework Programme:
CECILIA (Central and Eastern Europe Climate Change
Impact and Vulnerability Assessment, http://www.cecilia-eu.
org/) [9–12] and CLAVIER (Climate Change and
Variability: Impact on Central and Eastern Europe,
http://www.clavier-eu.org/) [13]. The emphasis of both
projects on CEE was not only due to uncertainties in the
future climate evolution in this region. It also reflected the
fact that CEE countries are relatively young and emerging
market economies and thus potentially more vulnerable
than developed Western Europe countries. The novel aspect
of both projects was to deliver information on the climate
change in the region of CEE by means of RCMs simulations
at very high resolution of 10 km on a relatively small domain.
Advantages of such model setup and ability of the CECILIA
RCMs to capture the main features of the climate in the CEE
in the past period 1961–1990 have been tested by several
studies [14–16]. Skalák et al. [14] analysed the performance
of CECILIA models driven by ERA-40 reanalysis (“perfectboundary” experiment). They concluded that the gain of
using a high resolution RCM on a small domain (as in the
CECILIA project) with respect to a lower resolution (25 km)
over a larger domain (as in the ENSEMBLES project) is
clear for air temperature but very limited for precipitation.
The authors have also confirmed findings of previous
studies, for instance, [17–19], validating influence of model
resolution on simulated temperature and precipitation.
Despite high systematic errors of RCMs in control climate
simulations, those may not significantly affect the simulation
of climate change and rule out RCMs from providing useful
information on the future climate state. This study follows
up on the paper by Skalák et al. [14] and presents the analysis
of CECILIA climate change simulations in the region of
CEE for 2021–2050 and 2071–2100 periods and compares the
results of high resolution RCMs with their driving data.

2. Modeling Setup
The CECILIA modeling system consists of six individual
simulations over various domains in Central and Eastern
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Europe. Based on previous experience and experiment testing
performed in the first stage of the project, six project
partners (institutions) were involved in the Work Package
2 of the CECILIA project: Charles University in Prague,
Czech Republic (CUNI), Czech Hydrometeorological Institute, Czech Republic (CHMI), Eötvös Loránd University,
Hungary (ELU), Hungarian Meteorological Service, Hungary
(OMSZ), National Meteorological Administration, Romania
(NMA), and National Institute of Meteorology and Hydrology, Bulgaria (NIMH). The partners picked four RCMs for
the climate studies, two versions of ALADIN-Climate [20]
and two versions of RegCM3 [21], and made their choice of
model and domain setup.
Two versions of ALADIN-Climate correspond to cycle
24 and cycle 28 of the ARPEGE/IFS code. Their physical
parameterizations are different. While the original version of
ALADIN-Climate (cycle 24) developed by Météo-France has
a physical parameterization package derived directly from
the one used in GCM ARPEGE-CLIMAT 4 [22], the other
version, ALADIN-Climate/CZ (cycle 28), is based on the
numerical weather prediction version of the ALADIN model
in operational use at the Czech Hydrometeorological Institute
in 2002 and 2003.
Two versions of RegCM3 differ in some aspects of
the physical parameterizations: one in the original setting
described by Pal et al. [21], named alpha for distinction, and
the other, called beta, with applied changes into the largescale precipitation schemes. The modifications in the beta
version were motivated by a large bias of precipitation found
during sensitivity tests conducted with the RegCM3 alpha
model over the Carpathian Basin and their justification can
be found in Torma et al. [23, 24].
In order to produce scenarios of the 21st century with
CECILIA high resolution RCMs, two types of boundary
conditions were taken. ALADIN-Climate models were driven
by the boundary condition of 50 km horizontal resolution
coming from a “stretch mesh” version of ARPEGE-CLIMAT
4 GCM. This version of the GCM has a variable horizontal resolution being around 50 km over Southern Europe
and decreasing to ca 300 km at the antipode. In case of
RegCM3 models, a double nesting technique was applied.
The CECILIA RegCM3 10 km experiments were driven by
another RegCM3 simulation of 25 km resolution that was
forced by ECHAM5 GCM. The RegCM3 25 km simulation
was originally produced by the Abdus Salam International
Centre for Theoretical Physics (ICTP) in the frame of the
ENSEMBLES project. All CECILIA simulations undertaken
are summarized in Table 1. Modeling domains of individual
groups are illustrated in Figure 1.
CUNI was the only partner using the original version
of RegCM3 alpha. The reason for not using the improved
beta version was rather technical, since the modification was
introduced after a big part of CUNI simulations had been carried out and it was not computationally feasible to repeat all
the simulations within the scope of the project. The RegCM3
beta was however used by CUNI to prepare meteorological
fields for coupling with chemical model CAMx for air quality
studies in Work Package 7 of the CECILIA project (see Huszar
et al. [11] for details).
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Table 1: CECILIA RCM-GCM setup.

Partner

Regional model

Acronym

Horizontal resolution

Domain size
[points and vertical
levels]

Boundary forcing (GCM)

CUNI
CHMI
ELU
NIMH
NMA
OMSZ

RegCM3 𝑎𝑙𝑝ℎ𝑎
ALADIN-Climate/CZ
RegCM3 𝑏𝑒𝑡𝑎
ALADIN-Climate
RegCM3 𝑏𝑒𝑡𝑎
ALADIN-Climate

Ra
Az
Rb
A2
Rb2
A

10 km
10 km
10 km
10 km
10 km
10 km

184 × 164 × 23
160 × 102 × 43
120 × 100 × 18
105 × 80 × 31
156 × 102 × 18
108 × 72 × 31

RegCM3 @ 25 km (ECHAM5)
ARPEGE-CLIMAT
RegCM3 @ 25 km (ECHAM5)
ARPEGE-CLIMAT
RegCM3 @ 25 km (ECHAM5)
ARPEGE-CLIMAT

65N

60N
CUNI

55N
CHMI
50N

ELU
OMSZ

NMA

45N
NIMH

40N
35N
30N
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Figure 1: Integration domains of CECILIA simulations; shading:
orography from E-OBS (0.25 deg).

Four areas were identified for which the RCM simulations
were performed: Central Europe (CHMI, CUNI), Carpathian
Basin (OMSZ, ELU), Romania and Black Sea (NMA), and
Bulgaria (NIMH). For the climate change projections, all
partners were obliged to run the models for three time slices:
1961–1990 (present climate control run, CTL), 2021–2050
(near future run, NF), and 2071–2100 (far future run, FF). All
future simulations were carried out using CO2 concentrations
as described by the IPCC A1B scenario [25]. This scenario
was the only possible choice due to the fact that the driving
ENSEMBLES simulations were conducted for A1B scenario
only.

3. Climate Projections
The following text analyses basic climate properties in the
regional climate simulations of CECILIA models with focus
on average precipitation and 2 m temperature. Main features
of these variables in terms of yearly averages were analysed in
three regions: composite of all model domains in CECILIA
(i.e., in areas where at least one model simulation can be
evaluated, used in Figures 2 and 9), Central European part
of the domain (longitude: 10–24, latitude: 45.5–51.5, covered
by simulations of CUNI, CHMI, ELU, and OMSZ), and the

region in Bulgaria and Romania where the modeled domains
of NIMH and NMA overlap (lon.: 21–28.5, lat.: 43–45.5).
The results for each simulation were first interpolated to
a common regular grid and then averaged separately for
ALADIN and RegCM models giving two sets of results
referred to as Aladin set and RegCM set. No weighting of
models was applied for the calculation of averages. All of the
analyses were carried out using only those grid points from
the inner modeling domains; that is, grid points from the
boundary zone were discarded first.
For both 2 m temperature and precipitation, we show
first overall change of the respective variable between control period and future periods as the difference in 30-year
averages over the common area. Changes in the seasonal
average values are discussed in more detail showing the
correspondence between high resolution regional models
and their driving fields. Results of CECILIA models are
compared with the simulations of ICTP and CNRM that were
used as driving fields for CECILIA simulations along with the
average of 14 model runs from the ENSEMBLES project as
a reference [26]. From the total number of 25 ENSEMBLES
regional simulations, only those that were available for both
near and far future periods were used for comparison.
Seasonal values were calculated as country averages. Five
countries were picked, Czech Republic, Slovakia, Hungary,
Romania, and Bulgaria, for which the values were computed
by averaging values in the grid points covered by the
respective country area. Regions of Slovakia and Hungary
were covered by five modeling groups (CHMI, CUNI, ELU,
OMSZ, and NMA); Czech Republic was covered by four
groups (CHMI, CUNI, ELU, and OMSZ). Countries from the
Eastern European part of the area, Romania and Bulgaria,
were each included only in the modeling domain of their
respective WP2 partner, NMA and NIMH.
3.1. Climate Response for 2 m Temperature. Annual 2 m temperature changes as represented in scenario runs of CECILA
models are shown in Figure 2. Both Aladin and RegCM set
of the models agree in the basic features: warming up to
3∘ C in near future and between +2 and +5∘ C in far future.
The spatial pattern of the changes is consistent with warming
values increasing in the southeastern direction. In general,
the warming is stronger in Aladin model set in all domain
parts.
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Figure 2: Change in annual 2 m temperature in Aladin (a, c) and RegCM (b, d) set between 2021–2050 and 1961–1990 (a, b) and 2071–2100
and 1961–1990 (c, d). Units are ∘ C.

Changes of seasonal 2 m temperature in near future lie
within the range between 0 and +3∘ C (Figures 3, 4, 5, 6,
and 7, left). Aladin models give higher rise in temperature
than RegCM models in summer and fall season. In winter
and spring, there is small difference between model sets. In
all analysed countries, RegCM models usually preserve the
interseasonal structure of their driving fields with the highest
values in spring and winter and the smallest in summer. In
autumn, the response is weaker in RegCM models, while
the driving ICTP model gives the strongest response. Aladin
models agree with the warming present in their driving
Arpege model except for summer when the response in the
high resolution Aladin is stronger over Hungary, Slovakia,
and Bulgaria.
In the far future time slice (Figures 3–7, right), this
behaviour is even more pronounced. Warming present in the
high resolution RegCM models is very similar to the response
in their driving ICTP model with the values between +2.5

and +3.5∘ C. For countries in the northern part of the domain
(Czech Rep. and Slovakia), the temperature increase is the
highest in winter; in southern countries (Hungary, Romania),
the highest increase occurs in summer season. Aladin models
tend to give higher increase in temperature than the global
Arpege model in all seasons except winter. In winter, Aladin
models show lower response than RegCM models.
While the models generally agree on the spatial structure
of mean changes, there is quite significant difference in the
representation of changes in interannual variability, shown
in Figure 8 as interannual standard deviation of seasonal
temperature. During summer months, there is a consistent
signal of increased variability in all parts of the domain.
Other seasons exhibit much larger spread between model
sets and time slice. RegCM models tend to prefer bipolar
structure with increased variability in the southern part and
decreased (or not changed) variability in the northern part of
the domain.
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Figure 3: Change in 2 m temperature over Czech Republic between 2021–2050 and 1961–1990 (a) and 2071–2100 and 1961–1990 (b); blue =
DJF, green = MAM, red = JJA, yellow = SON, hatched = RegCM-ECHAM couple, plain = Aladin-Arpege couple, and ENS = average of 14
ENSEMBLES models.
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Figure 4: As Figure 3 for Slovakia.
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Figure 5: As Figure 3 for Hungary.
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Figure 6: As Figure 3 for Romania.
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Figure 7: As Figure 3 for Bulgaria.

3.2. Climate Response for Precipitation. Changes in precipitation are more varied between models and integration
domains. Overall pattern of total precipitation (Figure 9)
present in both model sets is that of small changes (between
−0.25 and +0.25 mm/day) with significant decrease in mountainous areas (RegCM) and near domain borders (Aladin)
where the modelled precipitation exhibits large biases.
During individual seasons, RegCM models generally
copy the patterns present in the driving ICTP simulation. This
pattern is characterised by small increase in precipitation (up
to 0.3 mm/day) in winter, summer, and autumn and decrease
(up to −0.3 mm/day) in spring in the near future time slice
(Figures 10, 11, 12, 13, and 14, left). Over Hungary and Slovakia,
the ELU simulation changes the sign of the response, giving
small decrease in winter and autumn (around −0.2 mm/day).
In near future, Aladin simulations mostly decrease precipitation in winter with values ranging from −0.1 mm/day to
−0.3 mm/day and increase precipitation up to 0.25 mm/day
in other seasons. The exceptions are OMSZ simulation over
Hungary which decreases precipitation in summer and Bulgaria where NIMH simulation gives decrease in all seasons
except autumn.

For the late 21st century period (Figures 10–14, right),
the response is generally higher in absolute values. All
RegCM models agree on increasing precipitation in winter
and autumn (0.15–0.76 mm/day) and decreasing it in summer
(up to −0.45 mm/day) with the exception of ELU simulation
showing almost no change in autumn over Slovakia and
NMA simulation that gives slight increase in summer over
Hungary. Spring precipitation is increased over Czech Republic, decreased over Hungary, decreased over Slovakia by ELU
and NMA simulations, and increased by CUNI simulation.
Aladin models are consistently decreasing precipitation in
summer (up to −0.84 mm/day) and slightly in winter (up to
−0.1 mm/day). In spring, the precipitation is increased over
Czech Republic, Slovakia, and Hungary and decreased over
Bulgaria. Autumn precipitation is mostly slightly decreased
except for Hungary and Czech Republic.
As a measure of interannual variability for precipitation,
coefficient of variation was adopted after [27]. Figure 15
shows changes of variability in seasons. The signal is not
very strong; only in summer and autumn season a tendency
towards higher variability in eastern part of the domain can
be identified. The highest increase, though, is again present
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Figure 8: Change in 2 m temperature interannual standard deviation. Units are ∘ C.

in the border parts of the domain, which may indicate a
nonphysical cause of such behaviour.
From previous analyses (e.g., [14]), the RegCM alpha
simulations forced by ERA40 are known to have large bias
in precipitation (up to 200% in some cases). The same
situation occurs in case of ECHAM forced runs and is evident
from Figures 16, 17, and 18. Precipitation simulated from
the RegCM model set is systematically higher by around
+0.5 mm/day in the Central European part of the domain
where CUNI simulations made with the alpha version of
RegCM model are present. In the southeastern area, where
only RegCM beta simulations of NMA are available, there
is only small difference between Aladin and RegCM results.
This fact raises a question of reliability of the future period
simulations performed by RegCM alpha model. Strictly
speaking, poor performance of the model in the “perfectboundary” conditions renders the results of GCM-forced
simulation less credible. However, we argue that, considering
the consistency of future response between alpha and beta
version, the results of RegCM alpha are applicable for climate
change assessment and after applying proper statistical processing methods even for impact studies.

4. Summary and Conclusions
In this paper, we presented basic properties of climate change
scenarios downscaled by high resolution regional climate
models for the area of Central and Eastern Europe under
the IPCC A1B scenario. Regional models used were RegCM3
and ALADIN-Climate forced by lateral boundary conditions
from global models ECHAM and ARPEGE-CLIMAT, respectively. Periods simulated were 2021–2050 (near future) and
2071–2100 (far future) with the reference period 1961–1990.
Climate response for 2 m temperature and precipitation was
analysed in terms of annual and seasonal mean change and
interannual variability.
Both models show the same general features: warming
between 0 and 3∘ C in near future and 2 and 5∘ C in far future
with least warming in the northwestern part of the domain
increasing towards the southeast. The seasonal values are
more varied between model sets, with RegCM3 having more
consistent results with its forcing model. This behaviour is
persistent in all analyses and can be partly attributed to the
fact that ALADIN-Climate uses boundary conditions directly
from global ARPEGE-CLIMAT with horizontal resolution
of 50 km. On the other hand, RegCM3 model is used
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Figure 9: Change in total precipitation in Aladin (a, c) and RegCM (b, d) set between 2021–2050 and 1961–1990 (a, b) and 2071–2100 and
1961–1990 (c, d). Units are mm/day.
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Figure 12: As Figure 10 for Hungary.
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Figure 13: As Figure 10 for Romania.

in double-nested mode, taking boundary conditions from
25 km RegCM3 simulation forced by global ECHAM model.
Precipitation is projected to undergo very small changes
in the first half of the century. The response is larger for

the end of the century with values within the range +1
to −1 mm/day. The signal is also very consistent in the high
resolution simulations with the models used for driving; generally, the RegCM model family show more consistency, while

10

Advances in Meteorology

0.0

(a)

ENS

CNRM

ICTP

NIMH

ELU

−1.0

OMSZ

−0.5

CUNI

ENS

CNRM

ICTP

NIMH

NMA

OMSZ

CUNI

ELU

−0.5

0.5

CHMI

Δprecip. (mm/day)

0.0

CHMI

Δprecip. (mm/day)

0.5

−1.0

Bulgaria

1.0

NMA

Bulgaria

1.0

(b)

Figure 14: As Figure 10 for Bulgaria.
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Aladin family in some cases alter not only the magnitude of
the change but also the sign.
The climate change signal present in the CECILIA simulations is comparable to previous regional-scale projections carried out within projects such as PRUDENCE or
ENSEMBLES (see, e.g., [5, 28]). The high resolution models
focusing on specific regions are capable of retaining the same
large-scale patterns that are found in their lower resolution
counterparts, while adding some local features that cannot

be identified in the driving fields. Interestingly, this added
information is not confined only to regions with major
orographic features but is consistent across the whole domain
of interest.
The results analysed in this paper show that the modeling
system employed within the CECILIA project is capable of
delivering regionalized climate information beyond simple
interpolation of GCM outputs. Even though the models
exhibit nonnegligible biases [14], the simulations carried out

Advances in Meteorology

11
All domains

All domains

14

Precipitation (mm/day)

Temperature (∘ C)

16

12
10
8
6
1980

2000

2020

2040
Year

2060

2080

2100

4.0
3.5
3.0
2.5
2.0
1.5
1.0
0.5
0.0

RegCM set
Aladin set

1980

2000

2020

2040
Year

2060

2080

2100

RegCM set
Aladin set

(a)

(b)

Figure 16: Average 2 m temperature (a) and precipitation (b) over common CECILIA domain; annual average (thin line) and 30-year average
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provide good basis for further model development and use in
climate change assessment.
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[17] E. B. Jaeger, I. Anders, D. Lüthi, B. Rockel, C. Schär, and S. I.
Seneviratne, “Analysis of ERA 40-driven CLM simulations for
Europe,” Meteorologische Zeitschrift, vol. 17, no. 4, pp. 349–367,
2008.
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Near surface energy budget changes have been proved to be induced by the land cover conversion through changing the surface
physical properties, which can further impact the regional climate change. This study applies the DLS model to simulate the land
cover under the business as usual (BAU) scenario and then analyses the seasonal and interannual variation of energy balance in the
semiarid grassland area of China based on the simulated land cover with the Weather Research and Forecasting (WRF) model. The
results indicate that the grassland will show a growing trend under the BAU scenario. Downward long wave radiation and downward
short wave radiation will all have small-scale increase with time going by, while the surface net radiation will decrease from 2030 to
2050. However, there is obvious seasonal variation. Summer has the highest downward long wave radiation and downward short
wave radiation, followed by spring and autumn. The lowest are in winter. As for the net surface radiation, there is obvious decrease
in southeast of study area due to returning cropland to grassland. Those research conclusions can offer valuable information for the
land use planning and relieving the effects of land cover change on climate change at the semiarid grassland area.

1. Introduction
Net surface radiation refers to the net surface energy produced in the process of short wave radiation and long wave
radiation, which controls the sensible heat and latent heat
flux emitted into the atmosphere, and it is a significant
component of surface energy budget [1–5]. Therefore, it is the
driving force for the transport and exchange of ground energy
and material and plays a key role in the earth-atmosphere
system. Some studies have found that the global net surface
radiation has shown the downward trend since 1980 [6, 7].
Temporal and spatial variation of net surface radiation brings
about effect not only on the regional climate, but also on
the surface evapotranspiration and the structure of regional
ecosystems to some extent [8, 9]. China has complex weather
patterns and ecosystem types; therefore, it is significant
to study the spatial characteristics of net surface radiation
for the regional plant growth, global warming, and human
activities.

Surface radiation has been proved to be influenced by
the land cover and the IPCC fourth assessment report also
pointed out that the change of the underlying surface is one
of the main driving forces for the surface energy balance
[10–14]. Since the industrial revolution, human activities
have caused a wide range of changes in land use/land cover.
Previous researches indicate that about 40% of the global
land surface has been affected by human activities, including
the conversion from the ecological land to the cultivated
land or urban area [15]. Land use change caused by human
activities can have the influence not only at the regional
scale, but also at larger scale or even the global scale through
the biogeophysical, biogeochemical cycle process [16–19].
Additionally, there is obvious seasonal and interannual variation, the variation in the history has been studied, and it is
inevitable that land cover change will continue in the future.
How does the land cover change impact the land surface
energy balance in the future has become a hot issue in the
global change researches.

2
Arid and semiarid areas account for more than 40% of
China’s land area, and midlatitude semiarid grassland is one
significant type of global terrestrial ecosystem. Because of the
special vegetation, soil, and albedo in semiarid grassland, the
surface radiation balance in arid areas is different from that
in humid areas. The external forcing for the atmosphere in
semiarid grassland is therefore different [20–24]. Domestic
scholars began working on the energy balance studies in
semiarid regions since the 1980s and had organized a series
of large-scale field trials for the land surface processes, such
as land surface processes experiment at Heihe River Basin
(HEIFE), Inner Mongolia semiarid grassland soil-vegetationatmosphere interaction (IMGRASS), and field experiment
on interaction between land and atmosphere in arid region
of Northwest China (NWC-ALIEX) [22–24]. These studies
were mainly for the historical period and most of them are
observed by the experiment; however, there are few on the
surface energy balance under the future scenarios and those
cannot be observed any more. The Weather Research and
Forecasting (WRF) model is one of the popular models for
simulating the surface energy; therefore, this study selects the
WRF model to simulate the surface energy variation based on
the land cover spatial distribution.
In order to deeply understand the radiation force in
the semiarid grassland region, this paper selects the Loess
Plateau as the study area which is located in Western China
and includes Shaanxi Province, Ningxia Hui Autonomous
Region, Shanxi Province, Gansu Province Southern part of
Inner Mongolia Autonomous Region, Eastern part of Qinghai
Province, and Western part of Henan Province (Figure 1).
Firstly, the land cover is simulated with the DLS (dynamics
of land system) model and then the simulated results are
processed in accordance with the requirements of underlying
surface of WRF (Weather Research and Forecast) model.
Finally, the seasonal and interannual variations of the surface
radiation under the future scenarios in the semiarid grassland
area are analyzed by the WRF model. The results will provide
the scientific basis for the rational land use planning and the
climate change mitigation.

2. Data and Methodology
2.1. Data Source. The data applied in this study consists of
land cover data, forcing data, and the data relative to the
natural environment and socioeconomics. Among them, the
land cover data with 1 km resolution in 2010 is extracted
from the USGS remote sensing images and includes 24 types
which comply with the USGS classification system. The land
cover data from 2010 to 2050 is simulated by the DLS model
based on the designed scenario, and then the 1 km resolution
land cover data is resampled into the 10 km resolution data
according to the requirement of the WRF model.
Forcing data is applied in the WRF model and it includes
wind field, surface air temperature, long wave radiation,
short wave radiation, and so on. All of the forcing data is
derived from the dataset of the fifth phase of the Climate
Model Intercomparison Project (CMIP5) which consists of
29 global climate models, and this study uses the dataset

Advances in Meteorology
of Geophysical Fluid Dynamics Laboratory CM3 (GFDLCM3) model. This kind of model has four Representative
Concentration Pathways (RCPs) scenarios such as RCP2.6,
RCP4.5, RCP6.0, and RCP8.5, and this study analyzes the
energy status under the RCP6.0 scenarios.
Natural environment condition data and social and economic statistical data are used in the DLS model. Natural
environment condition data contains DEM, terrain slope,
organic content of soil, and location data such as the distance
to the railway and highway and the distance to the river.
The terrain slope is derived from the DEM data at a scale of
1 : 250,000. Organic content of soil comes from the national
soil survey of China. The location data is calculated by using
measuring tools based on the road network, water area map.
Social-economic data includes population, GDP, and the total
investment in fixed assets, which comes from the National
Statistical Yearbook.
2.2. WRF Model. The research version of the WRF model,
namely, ARW (Advanced Research WRF), is used to analyze
the impacts of land use/cover change on the surface radiation
in this study. The WRF model is a next-generation mesoscale
model, which can estimate the energy exchanges between
the land surface and atmosphere from the view of water
balance and energy balance with the Noah land surface
parameterization scheme in the WRF model [25–27]. To
simulate the spatial distribution of net surface radiation more
accurately, this study uses three-layer nested structure, and
the area ratio of three layers is 3 : 2 : 1. The input parameters
such as air temperature, sea ice, and soil moisture are updated
every day, and another significant input parameter is the land
cover dataset and the one in 2010 is used as the baseline
underlying surface data to simulate the effects of land cover
change on the surface radiation. The long wave radiation
scheme and shortwave radiation scheme were RRTM and
Dudhia, respectively. The boundary layer process scheme was
YSU, and the land surface process scheme was Noah land
surface model.
2.3. Estimation for the Net Surface Radiation. According to
the surface energy budget equation, the net surface radiation
is estimated by land surface albedo, downward short wave
radiation, downward long wave radiation, temperature, and
land surface emissivity [28]:
𝑅𝑛 = 𝑅𝑛𝑆 + 𝑅𝑛𝑙 = (1 − 𝛼) 𝐹𝑑𝑠 + 𝜀𝐹𝑑𝑙 − 𝜎𝜀𝑇4 ,

(1)

where 𝑅𝑛 is the surface net radiation, 𝑅𝑛𝑆 is the shortwave
radiation, 𝑅𝑛𝑙 is the long wave radiation, 𝛼 is the albedo of
the surface, 𝐹𝑑𝑠 is the downward shortwave radiation, 𝜀 is the
long wave emissivity of the surface, 𝐹𝑑𝑙 is the downward long
wave radiation, 𝑇 is the land surface temperature, and 𝜎 is
Boltzmann’s constant (5.67 × 10−8 Watts/m2 /K4 ).
2.4. DLS Model. DLS model has been proved to be robust to
simulate the land cover change at the pixel scale, and it is a
powerful tool for analyzing the reasons, process, and results
of land use dynamics and understanding its environmental
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Figure 1: Location of the study area.

effects which can offer the useful reference for land use
planning and management. This model fully considers the
links to the natural, ecological, social, and economic models
and takes the effects of topography, environment, trade,
institutional arrangement, and land management policies
into account. The theoretical basis of the DLS model is the
CGE model and SD model, CGE model has a strong ability to
explain the mechanism of land cover change, while SD model
is more focused on land system and feedback, and it can
really reveal the driving and feedback function of each factor
in the nature-society-economy systems. Scenario design is
one of the effective ways to improve the prediction accuracy
of simulation, and it can make up for the uncertainty of
land system dynamics. The simulation process includes the
analysis on driving mechanism, scenario design, and spatial
allocation of land cover [29, 30].

3. Scenario Analysis for Land Cover Change
under the BAU Scenario
The land use conditions in the study area from 2010 to
2050 are simulated by DLS model. Firstly, the scenario,
which is called business as usual (BAU) scenario, is designed
according to the social-economic characteristics in the study
area during the past 30 years, which can comprehensively
reveal the real conditions of local production activities and
economic development. In addition, it also takes the most
possible changes such as population, factor endowments,
and technological advances into account. Under the BAU
scenario, it has the normal urbanization level, export growth,
international energy prices, and technological innovation as
usual.
The simulation results indicate that the area of grassland
and pasture will show an upward trend from 2010 to 2050
under the BAU scenario, which will increase by 4.5%, and
the increasing ratio will gradually slow down. However, the

spatial distribution of grassland and pasture in the study
area has no disruptive changes. Comparing the land covers
in different periods, it can be seen that the conversion
is mainly dominated by the conversion between cropland
and grassland. Most of the increased grassland is converted
from cropland due to the policy of returning cropland to
forestry area or grassland and is distributed in the Shanxi
Province, southern Shaanxi Province, southeast of Gansu
Province, and some areas of Ningxia. Some of the barren or
sparsely vegetated land will be also converted to grassland or
shrubland in the north and middle of the semiarid grassland
area of China due to the ecological recovery construction. Of
course, there will be some grassland or pastures transferred to
urban area especially near the city or be reclaimed to cropland
(Figure 2).

4. Seasonal and Interannual Variation in
Energy Balance
According to the energy budget equation, it is found that
downward short wave radiation and downward long wave
radiation are the significant factors influencing the energy
balance especially for the net surface radiation. Therefore, this
study firstly analyzes the seasonal and interannual variation
of downward long wave radiation and downward short wave
radiation and then explores the spatial distribution changes
of net surface radiation from 2030 to 2050.
4.1. Downward Short Wave Radiation. Monthly downward
short wave radiation from 2010 to 2050 is simulated by
the WRF model, and the seasonal variation is estimated
based on the monthly values (Figure 3). Among them, spring
is from March to May, summer is from June to August,
autumn is from September to November, and winter is from
December to February. The results indicate that there are
significant seasonal variations for the downward short wave
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Figure 2: Spatial distribution of grassland from 2010 to 2050.

radiation; it is highest in summer due to the vegetation
growth, followed by that in spring and autumn, while the
lowest is in winter, about half of that in summer. Analysis
on the spatial distribution of downward short wave radiation
illustrates that it is weak in the northern part of study area in
winter and autumn, including Inner Mongolia Autonomous
Region, northern part of Shaanxi Province, Gansu Province,
Ningxia Hui Autonomous Region, and Shanxi Province,
while it is stronger in the southeastern area of the study
area. The downward short wave radiation shows an obvious

increasing tendency from north to south, which is almost
parallel to the latitude, indicating that the land cover has
negligible impacts on the downward short wave radiation in
winter and autumn. However, it is totally different from those
in spring and summer. It is lower in Gansu Province in spring,
while lower in central parts of study area in summer especially
the southern part of Shaanxi Province and western part of
Shanxi Province.
According to the statistics of downward short wave
radiation in each grid, it can be found that the downward
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Figure 3: Downward short wave radiation in 2030 and 2050.

short wave radiation will have no great changes from 2010
to 2050, which will grow from 278.6 W/m2 to 281.8 W/m2
under the BAU scenario. Although land cover change impacts
the downward short wave radiation, the different land cover
conversions have different levels of influence. Returning
cropland to grassland can reduce the downward short wave
radiation, but the urban area and forestry area expansion
can bring about more downward short wave radiation, and
that is why it has no apparent increment. However, there
is remarkable seasonal variation. The downward short wave
radiation in southern part of study area will increase in
autumn and winter from 2030 to 2050, while there is no

obvious change in northern part. This is because the northern
part of study area is covered mainly by the overlapped zone
of the barren or sparsely vegetated land, while the land
cover in the southeastern part is dryland cropland pasture
and grassland. On the contrary, the downward short wave
radiation will show a growing trend in spring and summer.

4.2. Downward Long Wave Radiation. As for the downward
long wave radiation, this study estimates the average values in
each season to explore the spatial distribution characteristics
of downward long wave radiation in the period from 2010
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Figure 4: Downward long wave radiation in 2030 and 2050.

to 2050 (Figure 4). The results suggest that there is obvious
variation in each season; however, the interannual differences
are not significant. It is similar to the short wave radiation;
summer has the highest downward long wave radiation
which is about 213.5 W/m2 in 2030, followed by spring and
autumn with 181.2 W/m2 and 158.9 W/m2 , respectively. The
lowest downward long wave radiation is in winter, which will
fall down to 116.5 W/m2 in 2030.
Analysis on the spatial distribution of downward long
wave radiation shows that it is higher in the central and southeastern regions and lower in the western regions without

regarding the seasons. Comparing the spatial distribution of
downward long wave radiation between four seasons, the
regional disparity is small in spring and summer, while it
is large in autumn and winter. Long wave radiation is also
highest in summer, followed by spring. It is relatively lower
in autumn and winter, especially in winter, reaching only half
of that in summer.
The time scale analysis shows that the mean downward
long wave radiation in the whole area varies within a narrow
range from 2010 to 2050; it will change from 170.9 W/m2
to 172.5 W/m2 under the BAU scenario. Although the whole
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study area has small-scale growth, it has different changes in
different seasons. It will fall down to some extent in spring
and winter, while it will increase in summer and autumn
especially in the north and middle of the semiarid grassland
area of China from 2030 to 2050.
4.3. Net Surface Radiation. The monthly net surface radiation
is estimated by the energy budget equation, and it is found
that the barren or sparsely vegetated land in the western parts
of Inner Mongolia Autonomous Region and northern Gansu
Province has lower surface net radiation, while it is higher in
the eastern and southeastern areas which are mostly covered
by grassland, shrubland, cropland, and pasture (Figure 5).
Although Qinghai Province is also covered by grassland, the
high altitude and harsh growing conditions do not make the
grassland grow as well as that in eastern study area. Therefore,
the surface net radiation is lower. The time scale analysis
shows that there is a decreasing trend from 2030 to 2050
especially in the southeast of study area, which illustrates that
returning cropland to grassland and grassland restoration will
decrease the net surface radiation.

5. Discussion and Conclusion
This study applies the DLS model to simulate the land cover
from 2010 to 2050 under the BAU scenario. The spatial
distribution of land cover in the study area has no disruptive
changes from 2010 to 2050, and the changing ratio will
gradually slow down. On the whole, the grassland shows a
growing trend. Most of the increased grassland is converted
from cropland or barren or sparsely vegetated land.
The regional energy balance in the semiarid grassland
area of China is then analyzed through implementing the
numerical simulation with the WRF model. Radiation is the
main factor influencing the energy balance, so this study
selects three indices representing the energy balance. The
energy simulation results indicate that downward long wave
radiation and downward short wave radiation will all have
small-scale increase with time going by, while the net surface
radiation will decrease from 2030 to 2050. However, the
spatial disparity is extremely significant. There is obvious
variation in each season; however, the interannual differences
are not significant. Summer has the highest downward long

wave radiation and short wave radiation, followed by spring
and autumn, and the lowest are in winter.
The time scale analysis shows that downward short wave
radiation in southern part of study area will increase in
autumn and winter and there is no obvious change in the
northern part from 2030 to 2050. However, it will show a
growing trend in spring and summer. Land cover change also
changes the surface energy. Returning cropland to grassland
can reduce the downward short wave radiation, but the
urban area and forestry area expansion can bring about
more downward short wave radiation. As for the net surface
radiation, there is obvious decrease in southeast of study
area due to returning cropland to grassland. Therefore, it
can be obtained that the land cover change and vegetation
have strong relationship with surface energy; it is useful
to strengthen the construction of ecological project and
restore the ecological land. All of the results can be of great
significance to select the reasonable land use mode to mitigate
the regional climate change.
Although we have conducted estimation for the energy
balance by the WRF model, there are certain limitations in
our analysis. There is uncertainty on the prediction of land
cover change; we cannot ensure that the developing trend is
as same as the one in the history and the surface radiation
will vary with the land cover change. In addition, this study
just analyzes the surface radiation and does not involve the
temperature and precipitation. Therefore, it is still necessary
to carry out more in-depth research on the regional climate
change.
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The water resources in the Yellow River basin (YRB) are vital to social and economic development in North and Northwest China.
The basin has a marked continental monsoon climate and its water resources are especially vulnerable to climate change. Projected
runoff in the basin for the period from 2001 to 2030 was simulated using the variable infiltration capacity (VIC) macroscale
hydrology model. VIC was first calibrated using observations and then was driven by the precipitation and temperature projected
by the RegCM3 high-resolution regional climate model under the IPCC scenario A2. Results show that, under the scenario A2,
the mean annual temperature of the basin could increase by 1.6∘ C, while mean annual precipitation could decrease by 2.6%. There
could be an 11.6% reduction in annual runoff in the basin according to the VIC projection. However, there are marked regional
variations in these climate change impacts. Reductions of 13.6%, 25.7%, and 24.6% could be expected in the regions of Hekouzhen
to Longmen, Longmen to Sanmenxia, and Sanmenxia to Huayuankou, respectively. Our study suggests that the condition of water
resources in the YRB could become more severe in the period from 2001 to 2030 under the scenario A2.

1. Introduction
Observational records and climate projections provide abundant evidence that freshwater resources are vulnerable and
have the potential to be strongly impacted by climate change
[1]. Changes in the hydrological cycle caused by climate
change may likely affect runoff, flood intensity and frequency,
and intensity and duration of low flow [2, 3]. These changes
in the hydrological cycle may result in further impacts on
the water resource management and socioeconomic systems
[4, 5].
The Yellow River basin (YRB) is located in semiarid
to arid climate zones and is an important water resource
supply in North China. The mean annual natural runoff
volume of 58 billion m3 only makes up 2% of the total
river runoff in China. Mean annual runoff is 77 mm, equating to 28% of the national average of China. Arable land
per mu of water, which is 324 m3 , accounts for only 18%
of the national arable land per mu of water of China.

The water resource utilization rate reaches up to 84%, and
the net water consumption rate is 53%. Particularly in the
past two decades, with global warming and heightened
human activities, runoff has decreased significantly, which
may lead to greater conflict between water supply and
demand. Water shortage is considered the future sustainable
development bottleneck of the YRB [6, 7]. Thus, the analysis
of climate change impacts on runoff is of great importance
for the utilization and management of water resources in the
YRB.
The global climate model (GCM) is one of the best
tools available for assessing future climate change caused
by greenhouse gas emissions. Currently, many achievements
have been made in the assessment of effects of climate change
on water resources using output of GCMs in the YRB [6, 8–
12]. Although GCMs can simulate the characteristics of largescale atmospheric circulation, there are significant gaps in
forecasting climate change on regional scales [10]. Developing regional climate models (RCMs) with high spatial

2
and temporal resolution, the ability to capture variability of
small-scale systems and better simulations of climate features
caused by local forcing has become an important goal in
regional climate research. Resently, using the RCMs output
for hydrological impact studies could be found in Cloke et
al. [13], Fiseha et al. [14], and Smith et al. [15]. However,
due to the limitations in computer capability, only a few
simulation experiments by RCMs have been done in China
[16, 17].
The objective of this paper is to assess the impacts of climate change on runoff in the YRB by coupling RegCM3 highresolution regional climate model with the VIC hydrological
model. Impacts of future climate change on runoff in the YRB
are analyzed and these could provide a scientific basis for
water resources management.

2. Data and Methodology
2.1. RegCM3. RegCM3 is a high-resolution regional climate
model. It is nested in one-way mode with the NASA/NCAR
finite volume element AGCM (FvGCM), which was provided by the Abdus Salam International Center for Theoretical Physics, ICTP. The RegCM3 model does relatively
well simulate the climate of East Asia and China and
does especially well in the simulation of monsoon rainfall
[17, 18].
The RegCM3 outputs for the baseline period (1971–2000)
and a future period (2001–2030) with greenhouse gas forcing
from the IPCC A2 scenario used in this study were provided
by National Climate Center of China. The A2 emission
scenario lies toward the high end of the IPCC range, with
CO2 concentrations in the atmosphere of about 850 ppm
by 2100 [19]. Daily maximum and minimum temperature
and precipitation were used in this study and the spatial
resolutions of these variables were at 50 km × 50 km (total 431
grid points).
Although the RegCM3 had validated model performance
for the baseline period, there is certain systematic bias
remaining in the YRB due to the RegCM3 model skill
itself and the bias inherited from the driving GCM [20].
Compared with observations, the simulated mean annual
temperature and mean annual precipitation are 1.0∘ C lower
and 216.2 mm higher, respectively. As shown in Figure 1(a),
RegCM3 overestimated the precipitation over the YRB,
especially in the upper Yellow River basin with the errors
more than 0.8 mm/d. However, RegCM3 showed a substantial
improvement in simulating the distribution in the middle
and downstream Yellow River basin by comparing with GCM
(NCAR) simulation (Figure 1(b)).
2.2. Correction of the RegCM3 Output. To eliminate the
systematic bias in the RegCM3 output, bias corrections were
carried out by the same-multiple method for each grid. First,
the mean annual values of the observed (𝑥obs,𝑖 ) and simulated
(𝑥RegCM3,𝑖 ) data from 1971 to 2000 were calculated. Second,
the revised coefficient (𝜆 RegCM3,𝑖 ) was calculated using (1).
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Table 1: Seven VIC user calibrated hydrological parameters.
Parameter
description
𝑏 infilt
Dsmax
Ds
Ws
𝑑0
𝑑1
𝑑2

Parameter description
Variable infiltration curve
Maximum velocity of baseflow
Fraction of Dsmax where nonlinear baseflow
begins
Fraction of maximum soil moisture where
nonlinear baseflow occurs
Thickness of first soil moisture layer
Thickness of second soil moisture layer
Thickness of third soil moisture layer

Finally, using (2), the modified data series 𝜒RegCM3revised,𝑖 was
calculated by multiplying the values from RegCM3 by the
revised coefficient (𝜆 RegCM3,𝑖 ). Consider
𝜆 RegCM3,𝑖 =

𝑥obs,𝑖
,
𝑥RegCM3,𝑖

𝑥RegCM3revised,𝑖 = 𝜆 RegCM3,𝑖 × 𝑥RegCM3,𝑖 .

(1)
(2)

Temperature was revised using the difference value
method. The revised temperature value (𝑇RegCM3revised,𝑖 ) was
calculated as the difference between the mean annual temperature (Δ RegCM3,𝑖 ) plus the temperature value of the RegCM3
(𝑇RegCM3,𝑖 ). Consider
Δ RegCM3,𝑖 = 𝑇obs,𝑖 − 𝑇RegCM3,𝑖 ,
𝑇RegCM3revised,𝑖 = 𝑇RegCM3,𝑖 + Δ RegCM3,𝑖 .

(3)

2.3. VIC Model. The variable infiltration capacity (VIC)
distributed hydrological model is a macroscale hydrological model based on a soil-vegetation-atmosphere transfer
scheme (SVATS), which was designed to describe the land
surface in numerical weather prediction and climate and
describe the variation and transfer of water and energy. It has
been widely used for climate change impact studies [21, 22].
The basic principles of the VIC model are described in Liang
et al. [23].
A model for assessing the effects of climate change on the
YRB was established at a 50 km × 50 km resolution based on
the VIC model. For each grid point, the forcing data were
generated using the inverse distance weighted method based
on 126 meteorological stations with daily precipitation and
maximum and minimum temperature. These observations
are obtained from the China Meteorological Data Sharing
Service System (http://cdc.cma.gov.cn/index.jsp). Soil and
vegetation parameters were determined according to the
global soil database at 10 km resolution and the global land
vegetation cover database at 1 km resolution [24, 25].
Seven VIC hydrological parameters (Table 1) were
required for calibrations. The procedure of VIC calibration
was similar to that of Wu et al. [26]. Ten typical subbasins
(Figure 2) were selected according to the geographical position, land boundary conditions, and climate characteristics
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Unit: (mm/d)
>1.0
0.8∼1.0

0.6∼0.8
0.4∼0.6

3

0.2∼0.4
0.0∼0.2

Unit: (mm/d)
>1.0
0.8∼1.0

−0.2∼0.0
−0.4∼ − 0.2

0.6∼0.8
0.4∼0.6

(a)

0.2∼0.4
0.0∼0.2

−0.2∼0.0
−0.4∼− 0.2

(b)

Figure 1: The geographical distributions of bias for precipitation (units: mm/d) between (a) RegCM3 and (b) NCAR and observations,
respectively, in the period of 1971–2000.

Interflow basin
H4

Hekou Town to Longmen

H2
Lanzhou to Hekou Town
Longyangxia to Lanzhou
H1
Above Longyangxia

H3

S2

Below Huayuankou
H10

S1

S4
Longmen to Sanmenxia
S3
S5

H5
H8
H6
H9
H7
Sanmenxia to Huayuankou

In situ soil moisture measurements sites
Meteorological stations
S2 Huanxian
S3 Tongwei
Hydrological stations
S1 Guyuan
H2 Qingshizui
S5 Tianshui
H1 Tangnaihai
S4 Xifengzhen
H4 Wangdaohengta
H3 Lijiacun
Rivers
H6 Zhuangtou
H5 Hejin
Basin boundary
H8 Wulongkou
H7 Huaxian
H10 Daicunba
H9 Heishiguan

Figure 2: The geographic distribution of the 10 subbasins in the YRB.

of the YRB. These subbasins captured all of the features of
the climate and land boundary conditions in the YRB. We
kept the thickness of the first soil moisture layer constant (d0
= 0.1 m) and used observed daily hydrographs to calibrate
the remaining six parameters.
Hydrological parameters of 288 grid cells (accounting
for 67% of the total grid cells) could be calibrated by the
observed discharge data in the selected subbasins. Parameters

of the remaining grid cells were extrapolated assuming
hydrologic similarity. The detailed steps were as follows.
(1) Parameters were regionalized based on climate and soil
divisions. (2) Within the same division, the average values
of the hydrological parameters of all the calibrated grid cells
were transplanted to the remaining grid cells. However, if a
division did not contain a whole watershed, the division value
was transplanted from nearby parameter values.

4
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3.1. VIC Model Calibration and Validation. With the NashSutcliffe efficiency coefficient (𝑅2 ) and relative error (Re)
acting as the objective functions, the VIC model hydrological
parameters were calibrated (Tables 2 and 3). Results show
that the relative error ranged from −13.3% to 24.6%, the
daily discharge process efficiency coefficient ranged from
0.43 to 0.82, and the mean value is 0.63. The maximum and
minimum monthly discharge process efficiency coefficients
are 0.89 and 0.64, respectively, and the mean value is 0.81.
We also obtained in situ soil moisture measurements from 5
sites ([24]; Figure 2) for model validation. Figure 3 shows the
simulated and observed soil moisture for Xifengzhen (site S4
in Figure 2) located in a semihumid region. The correlation
coefficient of simulated and observed soil moisture (𝑟) is
0.82 for depths of 0–100 cm, indicating satisfactory model
performance. Thus, the established assessment model based
on the VIC model is applicable for studying the impacts of
climate change in the YRB.
3.2. Analysis of the Baseline Simulated Flow. A comparison
was made of runoff simulated using bias-corrected RegCM3
data for the baseline period from 1971 to 2000 and runoff
simulated using the 1971 to 2000 observed data. The results
are shown in Figure 4. Compared with the mean annual
runoff simulated by the VIC model, which was driven by
the observations, the reduction of the runoff simulated
by the bias-corrected RegCM3 data is 5.9%. However, the
spatial distribution of variation is nonuniform. This may
have resulted from the daily process of the RegCM3 data.
Precipitation days are counted according to the precipitation
grade. The results show that, compared to observations, the
precipitation days with mean annual precipitation of 0.1–
1 mm and 1–10 mm are increased by 14 d and 13 d, respectively,
while the precipitation days of 10–20 mm and 20–50 mm are
reduced by 1 d. Runoff increased a little due to the increase in
extreme precipitation events compared to the observations in
some districts. These results suggest that the semidistributed
VIC model that is established based on a physical mechanism
can effectively simulate runoff in the YRB.
3.3. Runoff Trend Analysis. As shown in Table 4 and Figure 5,
the projected temperature and precipitation would be
increased by 1.6∘ C and decreased by 2.6% in the YRB, respectively. In the upper Yellow River basin (above Longyangxia
and Longyangxia to Lanzhou), the temperature increases
slower (1.4∘ C) than that in the other subbasins and the
precipitation is also increased by 6.2% and 1.7%, respectively,
with an opposite trend to them.
The projected changes in temperature and precipitation
would potentially impact the hydrological regime in the YRB.
The mean annual runoff is reduced by 1.4% to 25.7% with a
mean reduction of 11.6% over the entire YRB. Generally, the
change in runoff is consistent with the variation of precipitation. However, the mean annual runoff is still reduced by
1.4% and 6.2%, respectively, in the upper Yellow River basin.
One important reason is that the increased temperature

Soil moisture (%)

3. Results

0.40
Xifengzhen (0–100 cm)
0.35
0.30
0.25
0.20
0.15
0.10
0.05
0.00
1981-1-8 1984-1-8 1987-1-8 1990-1-8 1993-1-8 1996-1-8 1999-1-8
Date (yyyy/m/d)
Gauge
VIC

Figure 3: Comparison of simulated and observed soil moisture for
depths of 0–100 cm at the Xifengzhen station.

Unit: (%)
30∼56 (9)
20∼30 (12)
10∼20 (28)
0∼10 (80)

−10 ∼0 (165)
−20∼ − 10 (104)
−30∼ − 20 (27)
−40∼− 30 (6)

Figure 4: Variation in mean annual runoff simulated by biascorrected RegCM3 data compared to that simulated by the observed
data (1971–2000).

leads to the increase of 14.0% and 7.1%, respectively, in
evapotranspiration and thus bringing out the reduction in
runoff. Other researches also indicate that in the upper
Yellow River basin temperature could have important impact
on runoff [27, 28]. The runoff reduction is relatively larger
in the region of Longmen to Sanmenxia and Sanmenxia
to Huayuankou with the reductions of 25.7% and 24.6%,
respectively.
At the monthly time scale (Table 5), there would be a
decrease in the mean monthly runoff throughout the year
with an exception for the months of January and February.
The largest reduction of runoff (17.8%) is likely to occur
in August with the largest reduction in soil moisture. In
autumn (September-October-November), due to an increase
in evaporation (9.4%, 13.8%, and 15.3%) and a decrease in soil
moisture (5.1%, 3.4%, and 4.1%), even with 9.7%, 7.3%, and
2.8% increasing in precipitation, the corresponding monthly
runoff could still be decreased by 7.6%, 11.3%, and 15.4%.
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Table 2: Values of six calibrated hydrological parameters.

H1
H2
H3
H4
H5
H6
H7
H8
H9
H10

𝐵
0.23
0.27
0.08
0.27
0.02
0.06
0.15
0.09
0.14
0.09

Station
Tangnaihai
Qingshizui
Lijiacun
Wangdaohengta
Hejin
Zhuangtou
Huaxian
Wulongkou
Heishiguan
Daicunba

Ds
0.0080
0.0230
0.0100
0.0280
0.0020
0.0730
0.0100
0.0020
0.0120
0.0014

Dsmax
22.0
16.0
30.0
5.0
9.0
3.5
20.0
29.7
30.0
29.6

𝑑1
0.11
0.36
0.51
0.58
0.82
0.98
0.62
0.52
0.51
0.82

Ws
0.4
0.9
0.8
0.9
1.0
1.0
1.0
0.4
1.0
0.9

𝑑2
0.51
0.98
0.48
1.47
0.78
0.70
0.32
0.46
0.21
0.98

Table 3: Calibration results of the VIC model in the 10 subbasins of the YRB.
Station
H1
H2
H3
H4
H5
H6
H7
H8
H9
H10

Tangnaihai
Qingshizui
Lijiacun
Wangdaohengta
Hejin
Zhuangtou
Huaxian
Wulongkou
Heishiguan
Daicunba

Lon.
(∘ E)
100.150
101.417
103.817
110.400
109.833
112.933
109.767
112.683
110.717
116.467

Lat.
(∘ N)
35.500
37.467
35.267
39.067
35.000
34.717
34.583
35.150
36.467
35.900

River
Yellow River
Huangshui
Tahoe
Kuyiehe
Beiluohe
Yiluohe
Weihe
Qinhe
Yellow River
Dawenhe

Area
(km2 )
121,972
8,011
19,693
3,839
25,645
18,563
106,498
9,245
3,992
8,264

Period
(a)
1956–2007
2000–2008
1997–2007
1980–1997
1980–1990
1980–1996
1980–1997
1980–1997
1980–1997
1980–2000

Re
(%)
2.1
8.0
0.0
−13.3
15.8
15.2
5.5
9.7
−0.7
24.6

2
𝑅𝐷

2
𝑅𝑀

0.82
0.61
0.73
0.54
0.45
0.43
0.66
0.74
0.70
0.57

0.89
0.77
0.85
0.64
0.67
0.86
0.88
0.88
0.86
0.82

Table 4: Projected changes in mean annual temperature (T), precipitation (P), evapotranspiration (E), runoff (R), and soil moisture (SM).
T (∘ C)
1.4
1.4
1.7
1.8
1.7
1.6
1.6
1.8
1.6

Subbasins
Above Longyangxia
Longyangxia to Lanzhou
Lanzhou to Hekouzhen
Hekouzhen to Longmen
Longmen to Sanmenxia
Sanmenxia to Huayuankou
Below Huayuankou
Interflow basin
Entire river basin

P (%)
6.2
1.7
−3.5
−6.9
−6.5
−5.6
−2.6
−4.8
−2.6

E (%)
14.0
7.1
−0.2
−4.5
−4.9
−1.8
0.0
−2.5
1.0

R (%)
−1.4
−6.2
−3.1
−13.6
−25.7
−24.6
−8.0
−8.0
−11.6

SM (%)
−0.4
−1.9
−2.1
−6.0
−7.4
−4.5
−2.9
−2.7
−3.8

Table 5: Projected inner-annual changes in temperature (T), precipitation (P), evapotranspiration (E), runoff (R), and soil moisture (SM).
T (∘ C)
P (%)
E (%)
R (%)
SM (%)

Jan.
1.8
15.6
13.7
5.1
−2.7

Feb.
1.2
16.7
6.6
2.4
−2.4

Mar.
1.2
−12.4
6.6
−13.4
−3.0

Apr.
1.7
−2.6
0.5
−9.5
−4.0

May
1.9
−13.9
−7.6
−14.2
−4.1

June
1.7
−2.9
−4.9
−8.4
−3.8

July
1.6
−4.3
2.9
−5.4
−3.0

Aug.
1.9
−8.5
−2.9
−17.8
−5.6

Sept.
1.6
9.7
9.4
−7.6
−5.1

Oct.
1.5
7.3
13.8
−11.3
−3.4

Nov.
1.6
2.8
15.3
−15.4
−4.1

Dec.
1.8
−4.0
0.4
−11.3
−4.2
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Unit: (%)
10∼22 (12)
0∼10 (166)

Unit: (∘ C)
1.8∼2.0 (133)
1.5∼1.8 (201)

−10∼ 0 (219)
−16∼ − 10 (34)
(a) Precipitation

Unit: (%)
30∼81 (5)
20∼30 (11)
10∼20 (25)

1.2 ∼1.5 (97)
(b) Temperature

−30∼ − 20 (62)
−63∼ − 30 (59)

0∼10 (72)
−10∼0 (118)
−20∼ − 10 (79)
(c) Runoff

Figure 5: Changes in (a) mean annual precipitation, (b) mean annual temperature, and (c) mean annual runoff from the bias-corrected
RegCM3 compared to that simulated by the baseline period (1971–2000) in the YRB.

4. Discussion
The primary aim of this study is to assess the impacts of
climate change on runoff in the YRB by coupling RegCM3
with the VIC hydrological model. Hydrologic simulation is
sensitive to biases in the means and spatial distributions of
precipitation and temperature on monthly timescales [29].
In the RegCM3 model outputs, there were consistent biases
in the simulation of mean rainfall and temperature for the
YRB. To produce realistic runoff series when put into a
hydrologic model, bias-correction is necessary to correct
both the absolute magnitude of the precipitation and the
seasonality of the observations, as has been noted by Hay et al.
[30] and Wood et al. [29]. However, the bias-correction
scheme used here is only for the mean monthly values
of temperature and precipitation and does not correct the
biases at the daily level. Using results of simple monthly
mean climate corrections, the VIC model performs well in
simulating runoff from 1971 to 2000 in the YRB, with the
mean efficiency coefficient being 0.81. Therefore, the samemultiple and the difference value methods, used for the biascorrection of all monthly data series, are preferred even
though they resulted in some variability biases.

However, the results should be viewed with this uncertainty in mind as well as the uncertainty that still exists in
the assessment of the effects of climate change on regional
water resources. For example, Yu et al. [10] analyzed the mean
annual runoff variation based on HadCM3, CSIRO MKII,
and CGCM1 models. The results showed that the mean
annual runoff from 2010 to 2039 will change by +2.7%,
−1.3%, and −9.1%, respectively, compared to that of 1961
to 1990. Wang et al. [9] projected the future runoff variation in the YRB, based on a monthly hydrological model,
which indicated that runoff in the regions from upstream of
Lanzhou, Hekouzhen to Longmen, Longmen to Sanmenxia,
and Sanmenxia to Huayuankou would decrease by 18.7%,
24.9%, 27.1%, and 22.5%, respectively, on the assumption that
temperature will rise by 2.0∘ C and precipitation will decrease
by 10%. These results suggest that our results are consistent
with the findings in previous studies.

5. Conclusions
The results of this investigation using RegCM3 data to assess
the impacts of climate change on runoff in the YRB suggest
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that (1) in the future, the mean annual temperature could
be increased by 1.6∘ C, and the largest increase is found in
the upper Yellow River basin. (2) Mean annual precipitation
could be reduced by 2.6% in the YRB. However, mean annual
precipitation in the regions from Longyangxia to Lanzhou
and in the upper reaches of the Yellow River starting from
Lanzhou may increase by 6.4% and 1.7%, respectively. (3)
Mean annual runoff will decrease by 11.6%. Reductions in
the regions from Longyangxia to Lanzhou and in the upper
reaches of the Yellow River starting from Lanzhou may be
relatively small, but changes in the regions from Hekou Town
to Longmen, Longmen to Sanmenxia, and Sanmenxia to
Huayuankou may be larger, with reductions of 13.6%, 25.7%,
and 24.6%, respectively. Decreases in runoff may strengthen
the conflict between water supply and demand and limit the
sustainable socioeconomic development in the YRB.
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There have been significant advances in our understanding of the climate system, but two major problems still exist in modeling
atmospheric response during cold seasons: (a) lack of detailed physical description of snow and frozen soil in the land-surface
schemes and (b) insufficient understanding of regional climate response from the cryosphere. A multilayer snow land-surface
model based on the conservations of heat and water substance inside the soil and snow is coupled to an atmospheric RCM, to
investigate the effect of snow, snowmelt, and soil frost on the atmosphere during cold seasons. The coupled RCM shows much
improvement in moisture and temperature simulation for March-April of 1997 compared to simple parameterizations used in
GCMs. The importance of such processes in RCM simulation is more pronounced in mid-to-high latitudes during the transition
period (winter–spring) affected by changes in surface energy and the hydrological cycle. The effect of including cryosphere physics
through snow-albedo feedback mechanism changes the meridional temperature gradients and in turn changes the location of
weather systems passing over the region. The implications from our study suggest that, to reduce the uncertainties and better assess
the impacts of climate change, RCM simulations should include the detailed snow and frozen soil processes.

1. Introduction
Accurate simulation of snowmelt runoff and infiltration
is crucial for the mesoscale numerical simulation of
atmosphere-land interactions [1, 2]. Including detailed snow
and frozen soil physics can improve not only seasonal cycle of
snowmelt in climate simulations, but also the surface energy
and water budgets in high and temperate latitudes [3, 4].
Studies suggest that soil moisture, temperature, and snow
exhibit persistence on seasonal to interannual time scales
[5, 6]. Together with external forcing and internal landsurface dynamics, this seasonal persistence has important
implications for the extended prediction of climatic and
hydrologic extremes. Accurate prediction of snow, snowmelt,
and frozen soil processes are important to the accuracy of
regional climate simulation during cold season. Although
considerable model variability exists for snow simulations,
the onset and duration of snowmelt are of critical importance

to both predicted atmospheric fluxes and the hydrological
cycle [7]. Thus, accurate regional climate model (RCM)
simulations with reduced uncertainties are needed to better
assess the limits of climate change impacts.
For several decades, atmospheric general circulation
models (GCMs) have been widely used to answer questions
relating to the Earth’s climate. However, typical grid separation of a few hundred kilometers and relatively simple treatment of physical parameterizations in GCMs are well known
deficiencies and limitations in the detailed reproduction of
regional climate.
The dynamic downscaling method takes the output
fields from GCMs and uses them as initial and boundary
conditions in a regional climate model (RCM) to obtain
climate information on a regional scale [8–10]. The goal
of regional climate modeling is to provide regional details
embedded within a low-resolution global model, with the
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better representation of topography and physics. Although
this strategy of one-way nesting has been commonly used for
years in numerical weather prediction (NWP), this method
has been increasingly applied to the downscaling of largescale driving fields in order to fill the shortcomings of global
climate models [4, 11].
Based on reviews of many previous studies, Hong and
Kanamitsu [12] summarized several issues in regional climate
modeling studies. One of the problems is the “spin-up”
issue that leads to climate drift. The dynamic equilibrium
between the following two factors determines the climatology
of a regional climate model: (1) the large-scale information
provided by the lateral boundary condition (LBC) and (2)
the regional characteristics produced by internal physics and
dynamics of the model. In spite of many attempts to develop
RCMs and to improve their capabilities and applications,
regional climate solutions derived from large-scale forcing
still suffer from systematic errors. These accompany synopticscale climate drift because regional climate simulations are
a long-term integration over an open system with periodic
update of forcing at the lateral boundaries. In spite of these
problems, the systematic errors have been steadily reduced
recently not only due to the better quality of large-scale
driving forces, but also due to the improvement of nudging
technics, internal physics, and dynamics in RCMs [13, 14].
Because of the uncertainties in GCMs and RCMs in
reproducing climate in the Northern latitudes and over high
topographic regions such as Tibetan Plateau, there has been
a steady increase in RCM studies to understand the effects
of snow cover. Seol and Hong [15] found that there exists
a linkage between spring snow anomaly over Tibet and the
East Asian summer monsoon precipitation. Their results
show that RCM simulation is more robust and closer to
observations than that of GCM. However, most studies utilize
existing models or change/perturb the initial conditions and
conduct sensitivity studies related to surface snow processes.
The study presented here differs from these studies in that
we utilize a newly developed snow-ice model and test its
simulation results.
Several snow models or land-surface models have been
developed to simulate the evolution of snow and frozen
soil, including those of Anderson [16], Verseghy [17], and
Stieglitz et al. [18], the Mosaic land-surface model [19], the
Common Land Model (CLM) [20], the community Noah
land-surface model (LSM) [21], and the Purdue snow landsurface model (SLM) [22]. A comparative study of several
snow models showed the following three general model
complexities to describe different snow schemes [23, 24]. (1)
The first class consists of relatively simple so-called forcerestore schemes in which snow is modeled using composite
snow-soil layer(s). This relatively simple class uses a single,
explicit snow layer to differentiate the thermal properties
and surface fluxes of the snow cover from those of the
soil (e.g., Verseghy [17]). (2) The second class of schemes
consists of detailed internal-snow-process schemes such as
those of Anderson [16] and Jordon [25]. These models use
multiple layers with a relatively fine vertical resolution and
have detailed physical parameterization schemes. Their use
in atmospheric models, however, has been limited by their
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relatively large computational expense. (3) The third class
of so-called intermediate-complexity schemes is based on
the internal-snow-process models (class 2). However, they
use simplified versions of the physical parameterization
schemes that describe the most important processes and
model the minimum number of layers required to resolve the
large thermal and density gradients within the snow cover
(e.g., Stieglitz et al. [18]).
Regional climate over North America is not only an atmospheric response to the differential heating between the land
mass and its nearby ocean but also the cause of such forcing.
Specifically, most of the winter and spring precipitation in this
region is primarily due to the propagation of synoptic wave
systems. In spite of many previous studies on the impacts of
land-surface processes in regional climate simulations [26–
28], research has mainly focused on the summer season over
North America and the European continents, and relatively
little work has been done from winter to spring. The lack of
studies covering this season is surprising since winter snow
storm and spring snowmelt contribute to major disasters and
affect large-scale circulation feature of regional and global
climate.
Two major problems exist in modeling the atmosphere
over cold land: (a) not enough in situ data and (b) the lack of
accurate physical description of snow and frozen soil in land
models. Previously mentioned studies attempt to address
these problems by (a) the proper utilization of remote sensing
data and (b) the development of multilayer land-surface
model for use with global/regional climate models that are
suitable from winter to spring period and at high latitudes.
The former can improve model precipitation forecasts by
accurate initialization of the surface boundary conditions.
The latter is important because snow strongly affects the
winter-to-spring surface energy budget. Therefore, accurate
initialization and representation of the snow processes in a
coupled regional climate model are essential for atmospheric
and hydrologic predictions. This paper studies the role of such
processes to address possible deficiencies in regional climate
models for studying future climate change scenarios.

2. Purdue Regional Climate Model (PRCM)
and Experiment Setup
2.1. Description of PRCM. The PRCM is a hydrostatic primitive equation model that utilizes the terrain-following normalized pressure coordinate system (𝜎𝑝 ) in the vertical direction. The model uses Arakawa’s staggered C-grid which can
calculate the divergence term more accurately. The PRCM
is equipped with prognostic equations for wind, equivalent
ice potential temperature, surface pressure, turbulent kinetic
energy (TKE) and for all phases of water (vapor, cloud water,
ice, snow, rain, and supercooled water) [26–31].
Some notable features include Goddard short- and longwave radiation parameterization [32] and Purdue-Lin 6-class
microphysics scheme [29]. In the PRCM, a local reference
is considered to reduce the error near steep topography
for calculating the pressure gradient in a sigma coordinate
system [28]. The planetary boundary layer parameterization
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Table 1: Comparison of PRCM land-surface scheme (LSS) with the snow land-surface model (SLM).

Surface
parameterization

PRCM-LSS (current)
3-layer soil and
one-layer vegetation
combined with snow

SLM (new)

Remarks

Multilayer soil and snow,
one-layer vegetation

Limited by I.C.
availability of soil
Snow fraction of
vegetation and bare
ground
Heat transfer due to
water passing through
medium considered
Liquid water and soil ice
can coexist

Snow albedo

Function of snow depth
+ background albedo

Snow albedo depends on
zenith angle, snow
depth, and grain size

Soil temperature

Heat equation explicitly
solves for 𝑇

Enthalpy equation

Soil moisture

No frozen soil physics

Canopy

Single sunlit vegetation

is a 1.5-order closure scheme that includes TKE as a prognostic variable. Furthermore, the land-surface scheme includes
Richards’ equation and the diffusion equation to predict the
moisture and temperature within the soil [31]. This landsurface scheme has been upgraded to take into account the
effect of snow and frozen soil on vegetation, resistance to the
release of soil moisture, and transpiration and evaporation
from the surface of the vegetation [30]. A comprehensive
summary of the current PRCM physics and numerical
formulation can be found in Min [30] and Sun et al.
[33].
2.2. Experiment Setup. The period chosen to study the
coupled model’s regional climate simulation capability and
study its impact is March and April of 1997 in the Northern
Plains. The north-central US experienced horrific conditions
over the winter of 1996-97. Blizzard after blizzard during
the second half of November through January built up an
enormous snow pack; many areas had more than 3 m of
snowfall. These amounts were as much as 2-3 times the
normal annual amount. Early in March of 1997 temperatures
fell below normal, delaying the onset of snowmelt. By midMarch, however, snow had melted and the snow line had
moved north. Significant melt of the deep snow cover started
with particularly warm conditions at the end of March and
into early April. At this time, many rivers in South Dakota,
southern Minnesota, and southern North Dakota were rising,
in some cases well above flood stage. Conditions changed
over the weekend of April 5-6, when heavy rain fell in
the region already experiencing snowmelt, and then more
blizzard conditions brought 30 cm or more of snow to the
northern portions of the Red River. The most catastrophic
flooding disaster of the twentieth century occurred in Minnesota and the Dakotas due to heavy spring snowmelt [34].
Floods on the Red River of the North occurred in the context
of these unusual conditions and led to serious flooding
throughout much of the upper Midwest. Estimated damage
for the event, including all of the United States portions of
the Red River, totaled approximately $4 billion and involved
11 casualties. Of this, $3.6 billion was lost in the immediate
vicinity of Grand Forks and East Grand Forks.

Soil freeze/thaw
considered
Both sunlit and shaded
fractions of vegetation

The existing Purdue regional climate model’s land-surface
scheme (PRCM-LSS) allows for one layer of snow and
uses a simple snowmelt process similar to that of a global
circulation model (GCM). The effective snow-albedo calculation of PRCM-LSS can distinguish between the fractions
of vegetation or bare ground covered by snow. The amount
of snowmelt is calculated by assuming all of the solar
heating will be used when surface temperature is greater than
273.15 K. On the other hand, the newly coupled SLM [22]
can have multilayer snow and soil to emulate the physical
processes inside snow and soil, including frozen soil, and the
effects of soil type on soil heat flux and heat content, soil
moisture flux, and evapotranspiration by vegetation. Table 1
summarizes some of the major differences between PRCMLSS and the snow land-surface model (SLM). As with other
aspects of surface physics, the use of an interactive snow-soil
model marks a vast improvement from the cruder methods
used earlier. However, in this experiment the maximum
number of soil layers is limited to three layers due to model
initial condition constraints. More detailed discussions of
SLM processes can be found in Min [30] and Sun and Chern
[22].
The existing LSS developed by Bosilovich and Sun [27]
does not consider detailed snow hydrology and frozen
soil dynamics which are important processes from winter
to spring. The control (CTL) run was performed using
PRCM-LSS setup with initial and boundary conditions from
the European Center for Medium-Range Weather Forecast
(ECMWF). The experiment run (EXP1) differs only by the
coupling of SLM. The lateral boundary conditions such as
temperature, height, and wind fields remain the same as
the control run conditions. Other configurations, including
model dynamics and physics, except for the land-surface
scheme, are identical. The model domain has a horizontal
resolution of 45 km × 45 km over the continental US with
28 vertical sigma layers. A detailed analysis is performed in
box 2 over the Northern Plains where the heaviest flooding
occurred due to rapid snowmelt (Figure 1). The period chosen
for numerical simulations is March and April of 1997. The
model runs are initialized a week before the month of
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Lat1, 2 = 30.0, 50.0 latc, lonc = 45.0, −105.0 xc, yc = 81.0,
61.0 dx, dy = 45.0, 45.0

2

Analysis area 1
Buffer zone

Figure 1: Model domain area with buffer zone and analysis areas 1
and 2 used for this study.

March and April and are integrated continuously without
nudging or restart. A monthly simulation was performed
to avoid potential growth of errors and spin-up issues as
recommended by Hong and Kanamitsu [12].
Numerical experiments are designed to test and validate
the hypothesis that the presence of snow and its melt from
winter to spring affects the propagation of synoptic waves,
amounts of precipitation, and floods over the Northern
Plains. The new land model has the option to turn on or off the
multilayer snow process. But we only present the numerical
experiment with detailed snow process turned on in the landsurface model (EXP1).

3. Results
In order to study the effects of cold land processes on
the simulation of spring snowmelt flooding with a coupled
modeling system, we investigate the monthly mean features
and the time evolution of the event. We then compare the
two model results with the ECMWF data and analyze the
hydrologic budgets. Soil moisture initialization in PRCMSLM requires a soil ice amount which is not readily available
in conventional surface observations. Thus, we have initially
distinguished the amounts of soil ice and liquid based on the
soil temperature of 273.15 K, whereas the PRCM-LSS has no
soil ice included.
3.1. Horizontal Mean Fields. The PRCM coupled with a multilayer SLM (EXP1) has successfully reproduced the spring
snowmelt floods over the Northern Plains of the US during
March and April of 1997. Compared with the simple snowsoil parameterization, which consists of one-layer snow and
the soil without frozen mechanism (CTL), the simulations
from the PRCM with new SLM agree much better with
the observations in snow coverage, the surface temperature,
pressure, precipitation, and snow accumulation over the
flooding area in the Northern Plains of the US (Figures 2 to
5).

Figure 2 shows the simulated snow depth (in snow
water equivalent [m]) and 200 hPa wind vectors averaged
for March 1997 versus observations, respectively. NOAA
NESDIS (National Environmental Satellite, Data, and Information Service) northern hemisphere SSM/I (Special Sensor
Microwave/Imager) snow cover/sea-ice remote sensing data
are used for snow comparison (Figure 2(a)). CTL run shows
that model simulation of snow depth is underestimated over
the Northern Plains while EXP1 shows better agreement in
the coverage area (Figure 2(c)). The 200 hPa wind vectors are
generally in good agreement with ECMWF reanalysis, which
is used as a proxy for observations (Figure 2(d)). The location
of the polar jet and its maximum core over the northeast
are well represented. The March EXP1 wind field shows a
stronger polar jet located over the US and Canadian border
with weaker subtropical jet merging into the core over the
northeast when compared with CTL. Overall the March 1997
simulation of PRCM-SLM is in better agreement for both
magnitude and spatial pattern with the observations.
The albedo calculation in Figure 3 shows the most pronounced differences among all variables. Both monthly mean
and its difference with CTL show up to 40% difference
in albedo for March, which significantly reduce the solar
radiation absorbed at the ground. The simulation results
indicate that coupling of SLM to PRCM is very effective
in simulating the cold season regional climate. Figures 4
and 5 show 6 hourly time series of sea-level pressure (SLP)
and surface temperature. Both CTL and EXP1 simulate the
time variation of surface pressure very well with the passage
of synoptic waves (Figure 4). The root mean square error
(RMSE) of CTL and EXP1 versus observations for sea-level
pressure (SLP) is 1.96 and 1.57 hPa, with correlation of 0.92
and 0.95, respectively. On the other hand, EXP1 does much
better job in simulating the observed diurnal cycle and
synoptic variation of surface temperature (Figure 5). The root
mean square error (RMSE) for surface temperature is 2.24
and 1.48 K, with correlation of 0.92 and 0.97, respectively, for
CTL and EXP1.
The effect of including the multilayers of frozen soil and
snow lowers the surface temperature due to initial frozen
soil and higher albedo over the snow surface, which changes
the horizontal temperature gradients and in turn changes
the location of synoptic weather systems passing over the
cold land region. It affects not only the lower atmosphere
but also the upper atmosphere and the large-scale weather
systems in mid-to-high latitudes. Remarkable improvement
is also found on the geopotential and wind fields at 200 hPa
level from the new SLM compared with the previous PRCMLSS simulations. This indicates that, for accurate regional climate model (RCM) simulations with reduced uncertainties,
detailed snow-soil parameterization is important to better
assess the limits of climate change impacts.
3.2. Vertical Profile. Figure 6 shows the monthly averaged
vertical profile of temperature and mixing ratio of CTL (open
circle) and EXP1 (green line) and the geopotential height
difference for March and April over the entire model domain
(box 1 in Figure 1). In general, a significant impact of cold
land processes appears in the mid-to-lower atmosphere for
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Figure 2: Left: observed (a) and simulated snow depth from CTL (b) and EXP1 (c). Right: monthly mean of 200 hPa wind vector for March
1997 from ECMWF (d), CTL (e), and EXP1 (f), respectively.
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Figure 3: Simulated mean albedo ((a), (b), (d), and (e)) and the differences ((c), (f)) for March (left panel) and April (right panel) of 1997
from CTL and EXP1, respectively.
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Figure 5: Same as Figure 4 except for surface air temperature [K].

both temperature and moisture. Higher surface albedo and
initial frozen soil in EXP1 cool and dry the lower atmosphere
over the whole domain (Figure 6(a)). Geopotential height
difference also shows a significant reduction of the height
field for EXP1 (Figure 6(b)). In the atmosphere, the variation
of geopotential depends on the temperature, and geopotential
height decreases more rapidly in a cold layer than in a warm
layer. Therefore, there is a gradual decrease in EXP1 height
field up to 200 hPa because the air column below is colder
when compared to CTL.
With the additional moisture of CTL in the lower atmosphere and increased precipitation in the central United
States, excessive latent heat release heats the mid-to-upper

level atmosphere. This decreases the column averaged meridional temperature gradient of CTL; and the speed of upperlevel jet stream is reduced and has more curvature than
ECMWF data for March (figures not shown). Intensification
of the subtropical jet in April EXP1 can be understood in a
similar way. Although the northward retreat and weakening
of the polar jet stream is well simulated in both CTL and
EXP1, the inclusion of cold season processes (EXP1) results
in a stronger column averaged temperature gradient near 30∼
40∘ N latitude and colder mid-to-upper level temperatures
further up to 250 hPa than CTL. Overall, the effect of
cold season processes intensifies both the Canadian high
pressure system and the low pressure systems over the Pacific
Northwest and the south.
The strengthening of the pressure gradient force between
the two systems increases the surface wind, which stimulates
low-level mixing of temperature and moisture. The cooling
and drying of the lower atmosphere further enhance the
reduction of the height field in the mid-to-upper level by
hydrostatic balance and increase the meridional temperature
gradient. These subsequent processes strengthen the upperlevel wind, thus changing the governing dynamics and
atmospheric circulation over the Northern Plains and the
North America.
In addition, the strengthening of cold Canadian high
pressure system increases the snowfall amount over the
Northern Plains when compared with CTL in March and
in early April. Increased snowfall also increases the surface
albedo, which further cools the surface temperature by
reducing the solar radiation reaching ground. We consider
this feature as a direct effect of the cold season processes.
On the other hand, increase in precipitation over the major
storm pathways can be considered as an indirect effect of cold
season processes since the shift in synoptic weather patterns
locates the storm systems in a more favorable position with
respect to upper-level dynamics.
3.3. Water Budget. Since the interaction among snow, precipitation, and soil in a three-dimensional model is a highly
complicated, nonlinear process, it is difficult to identify the
exact role of cold season processes in affecting the subsequent precipitation simulation. In this subsection, we further
investigate the role of snow-soil-precipitation interaction by
analyzing atmospheric water budget.
The amount of moisture in the atmosphere is one of
the most important factors in determining the severity of
storm systems since excessive precipitation can cause wide
area of flooding disaster. Analyzing the moisture budget is a
common and useful method for diagnosing flood-producing
storms and precipitation. The moisture budget equation of an
atmospheric column in sigma coordinate can be written as
1 1
1 1 𝜕𝑝∗ 𝑞
⃗
𝑑𝜎 + 𝐸 − 𝑃 + 𝐷,
𝑑𝜎 = − ∫ ∇ ⋅ (𝑝∗ 𝑞𝑉)
∫
𝑔 0 𝜕𝑡
𝑔 0

(1)

where 𝑞 is specific humidity, 𝑝∗ is the total pressure of
the column, 𝑉⃗
is the three-dimensional wind vector, 𝐸 is
surface evaporation, 𝑃 is precipitation reaching the ground,
and 𝐷 is diffusion and subgrid flux of water vapor. The
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Figure 6: Vertical profile of temperature ((a), (d)) and mixing ratio ((b), (e)) of CTL (open circle) and EXP1 (green line) and the geopotential
height differences ((c), (f)) for March (left panel) and April (right panel) over the entire model domain.
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Figure 7: Atmospheric moisture budgets for box 2 shown in Figure 1 for March ((a)-(b)) and April ((c)-(d)) of CTL and EXP1, respectively.
Units are in [mm day−1 ].

moisture that contributes to precipitation (𝑃) could come
from the moisture storage in the column (left-hand side of
the equation), surface evaporation (𝐸), moisture convergence
(first term on the right-hand side of the equation), and/or
moisture diffusion through the boundary (𝐷). We use numerical results to calculate each term of (1) except 𝐷, which is
calculated as a residual of the equation.
Figure 7 shows March and April box area-averaged moisture budgets for the Northern Plains (see Figure 1). In March,
CTL shows much more evaporation than precipitation due
to warmer temperatures and early snowmelt; thus, 𝑃 − 𝐸 <
0 (Figure 7(a)). In contrast, EXP1 shows only a fraction of
evaporation occurring over the boxed area due to colder land
surface but the total precipitation amount is similar to CTL;
thus, 𝑃 − 𝐸 > 0 (Figure 7(b)). An interesting fact to be noted
is that both cases show a net moisture divergence out of the
region. In April, the conditions differ more between CTL and
EXP1 than in March. The total amount of moisture transport
within the region is similar to March (Figure 7(c)). However,
EXP1 shows slightly more precipitation and evaporation
compared to CTL (Figure 7(d)). This can be attributed to
the fact that colder surface temperatures prohibited early
snowmelt. As a result, warmer surface temperatures in late

April and added precipitation drastically increased moisture
availability at the surface, thus producing snowmelt flooding
over Minnesota and the Dakotas. This is in good agreement
with the actual event that occurred during the spring of 1997.
3.4. Statistics. The mean bias and correlation between model
simulation of CTL and EXP1 compared with ECMWF reanalysis data for March and April 1997 are shown in Table 2.
The upper-level statistical comparison of geopotential height
(GH), temperature (𝑇), wind, and specific humidity (𝑄) at
850, 700, 500, and 200 hPa shows much improvement in cold
season simulation with the new SLM since the deviation from
the proxy observations is small. However, the temperatures
at 700 and 500 hPa midlevel show slight cold bias of 0.5∼1 K,
but the bias of moisture and geopotential fields is significantly
reduced.

4. Discussion and Conclusion
The coupling of multilayer SLM to the PRCM shows a
drastic climate change when simulating the spring snowmelt
floods over the Northern Plains during March and April,
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Table 2: March (M) and April (A) mean statistics of CTL and EXP1 compared with ECMWF reanalysis.
CTL

Level
850 hPa
GH [m]
𝑄 [gkg−1 ]
700 hPa
𝑇 [K]
𝑄 [gkg−1 ]
500 hPa
GH [m]
𝑇 [K]
200 hPa
𝑇 [K]
Wind [ms−1 ]

EXP1

Bias

COR

Bias

COR

M

A

M

A

M

A

M

A

4.8
3.09𝐸 − 01

1.72
2.50𝐸 − 01

0.93
0.81

0.96
0.82

1.63
9.74𝐸 − 03

0.37
1.23𝐸 − 01

0.97
0.87

0.98
0.85

0.98
2.56𝐸 − 01

−0.26
2.44𝐸 − 01

0.97
0.82

0.94
0.83

−1.24
1.74𝐸 − 01

−1.22
5.57𝐸 − 02

0.96
0.86

0.92
0.88

19.15
1.16

10.99
0.786

0.91
0.94

0.93
0.96

−4.79
−0.36

−7.47
−0.559

0.97
0.98

0.95
0.97

−0.241
0.53

−0.514
−0.739

0.96
0.90

0.94
0.85

0.73
0.78

0.122
−0.33

0.91
0.97

0.97
0.98

1997. In order to extend the model’s capability to simulate
the accumulation and melting of snow on the ground and
freezing and thawing inside the soil, a land-surface model
needs to include detailed physics and thermodynamics of
cold season processes. With more accurate descriptions of
atmosphere-land interactions and the use of high-resolution
land-surface initial conditions, there is potential to better
predict snowmelt flooding, river routing, and decrease its
damage to agriculture, property, and human life.
Compared with the PRCM-LSS simulation, the PRCMSLM shows marked differences in surface and ground temperature, precipitation, and albedo calculations. In general,
the intensity and location of precipitation over the Northern
Plains region were in better agreement with PRCM-SLM.
Overall, the regional climate simulation of March and April
1997 with the inclusion of the detailed frozen soil and snow
processes improves the synoptic and local circulations during
the cold season as well as the diurnal cycle of surface
temperature and pressure. The effect of including cryosphere
model physics lowers the surface temperatures due to, in
part, the initial frozen soil conditions and to the reduction of
incoming solar radiation at the surface due to higher albedo
over the snow covered region—opposite to snow-albedo
feedback mechanism, which implies warming. These affect
the horizontal temperature gradients and in turn change the
location of synoptic weather systems and the baroclinic zone.
In addition, the partitioning of incoming radiative energy is
sensitive to snowmelt and soil freeze/thaw conditions during
the early stages of the model simulations.
The limitation of this study is that the experiments are
only conducted for the melting season. To test the robustness
of RCMs with SLM and to better understand the changes
in regional climates, further continuation of this work with
more sensitivity study is needed.
When observational data are limited, numerical models
become a major tool in studying the physics and interactions
of land-surface phenomena. This is especially true during the
cold season and at high latitudes. In this coupled modeling
study, we identified the important factors and processes that

influence late winter to early spring regional scale water
and energy cycles at different spatial and time scales. The
implications from our results indicate that RCMs need to
have detailed multilayer snow and frozen soil processes to
create realistic cold season simulations and prevent climate
drift in climate studies. This study also shows promise that
quantitative forecasting of precipitation and flooding caused
by winter-to-spring snowmelt can be improved with coldland physics and thermodynamics in future warming climate
change studies.
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This study examined the extent of seasonal rainfall variability, drought occurrence, and the efficacy of interpolation techniques
in eastern Kenya. Analyses of rainfall variability utilized rainfall anomaly index, coefficients of variance, and probability analyses.
Spline, Kriging, and inverse distance weighting interpolation techniques were assessed using daily rainfall data and digital elevation
model using ArcGIS. Validation of these interpolation methods was evaluated by comparing the modelled/generated rainfall values
and the observed daily rainfall data using root mean square errors and mean absolute errors statistics. Results showed 90% chance
of below cropping threshold rainfall (500 mm) exceeding 258.1 mm during short rains in Embu for one year return period. Rainfall
variability was found to be high in seasonal amounts (CV = 0.56, 0.47, and 0.59) and in number of rainy days (CV = 0.88, 0.49, and
0.53) in Machang’a, Kiritiri, and Kindaruma, respectively. Monthly rainfall variability was found to be equally high during April and
November (CV = 0.48, 0.49, and 0.76) with high probabilities (0.67) of droughts exceeding 15 days in Machang’a and Kindaruma.
Dry-spell probabilities within growing months were high, (91%, 93%, 81%, and 60%) in Kiambere, Kindaruma, Machang’a, and
Embu, respectively. Kriging interpolation method emerged as the most appropriate geostatistical interpolation technique suitable
for spatial rainfall maps generation for the study region.

1. Introduction
Understanding spatiotemporal rainfall patterns has been
directly implicated to combating extreme poverty and hunger
through agricultural enhancement and natural resource
management [1]. The amount of soil-water available to
crops depends on rainfall onset, length, and cessation which
influence the success/failure of a cropping season [2]. It
thus emerges that, understanding climatic parameters, rainfall in particular, can aid in developing optimal strattegies
of improving the socioeconomic well-being of smallholder
farmers. This is particularly important in sub-Saharan Africa
(SSA) where agricultural productivity is principally rainfed yet highly variable [3]. Drier parts of Kenya’s central

highlands, eastern Kenya, continue to experience high unpredictable rainfall patterns, persistent dry-spells/droughts coupled with high evapotranspiration (2000–2300 mm year−1 )
[4]. Generally, the total amount of rainwater is enough;
however, it has been reported to be poorly redistributed over
time [5] with 25% of the annual rain often falling within
a couple of rainstorms; as a result crops suffer from water
stress, often leading to complete crop failure [6]. Recha et al.
[7] noted that most studies do not provide information
on the much-needed character of within-season variability
despite its critical influence on soil-water distribution and
productivity.
There has been continued interest in understanding rainfall’s seasonal patterns by evaluation of its variables including

2

2. Materials and Methods
2.1. The Study Area. The study was carried out in Embu
county, eastern Kenya. The rainfall data were from five rainfall stations: Machang’a, Kiritiri, Kiambere, and Kindaruma
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rainfall amount, rainy days, lengths of growing seasons, and
dry-spell frequencies (e.g., [2, 8]). Studies by Sivakumar [9],
Seleshi and Zanke [10], and Tilahun [11] noted high variations
in annual and seasonal rainfall totals and rainy days in
Ethiopia and Sudano-Sahelian regions. Studies on rainfall
patterns in the region have been based principally on annual
averages, thus missing on within-season rainfall characteristics [12]. However, understanding the average amount of
rain per rainy day and the mean duration between successive
rain events aids in understanding long-term variability and
patterns [13]. Nonetheless, meteorological stations in the
region which are sole sources of climatic data are only
limited to single locations spatially. In sub-Saharan Africa,
the predominant setbacks in analysing hydrometeorological
events are occasioned by lacking, inadequate, or inconsistent
meteorological data. Like in most other places, the rainfall
data within in the drier parts of Embu county and the
neighbouring stations are scarce with missing data making
their utilization quite intricate.
Geographic information systems (GIS) and modeling
have become critical tools in agricultural research and natural
resource management (NRM) yet their utilization in the
study area is quite minimal and inadequate. Utilization of
GIS spatial-interpolation techniques such as inverse distance
weighted (IDW), Spline, and Kriging interpolation techniques are some of the ArcGIS application tools essential for
data reconstruction. To aid in understanding spatiotemporal
occurrence and patterns agro-climatic variables (e.g., rainfall)
and accurate and inexpensive quantitative approaches such
as GIS modelling and availabil-ity of long-term data are
essential. Most meteorological data in the study area are
inconsistent, unrecorded, or missing, leading to more discrete and unreliable data for analysis besides the main stations
themselves being several kilometres from the target area. This
calls for use of data reconstruction through interpolation.
On the other hand, the much-needed information on
inter-/intraseasonal variability of rainfall in the region is
still inadequate despite its critical implication on soil-water
distribution, water use efficiency (WUE), nutrient use efficiency (NUE), and final crop yield. To optimize agricultural
productivity in the region, there was need to quantify rainfall
variability at a local and seasonal level as a first step of
combating extreme effects of persistent dry-spells/droughts
and crop failure. Since rainfall which is heterogeneous, in
particular, is the most critical factor determining rain-fed
agriculture, knowledge of its statistical properties derived
from long-term observation could be utilized in developing
optimal mitigation strategies in the area. To redress problems
of inadequate, missing, and inconsistent point data especially for ungauged areas within the study area, this study
sought to further evaluate the efficacy of geostatistical and/or
deterministic interpolation techniques in daily rainfall data
reconstruction.
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Figure 1: Map showing the study area and its elevation with
studied point gauged rainfall data; Machang’a and Embu, Kiritiri,
Kindaruma, and Kiambere.

(herein commonly referred to as Mbeere region) and Embu
(Embu). This region lies in the lower midlands 3, 4, and 5 (LM
3, LM 4, and LM 5), upper midlands 1, 2, 3, and 4 (UM 1,
UM 2, UM 3, and UM 4), and inner lowland 5 (IL 5) [14] at
an altitude of approximately 500 m to 1800 m above sea level
(a.s.l) (Figure 1).
It has an annual mean temperature ranging from 17.4 to
24.5∘ C and average annual rainfall of 700 to 900 mm. It has
a population density of 82 persons per km2 with an average
farm size less than 5.0 ha per household. Embu represent a
densely populated high potential humid area with Humic
Nitosols soils and generally annual rainfall above 800 mm.
Conversely, areas of the subhumid Mbeere subcounty are
emblematic of a low agricultural potential with less fertile
and low soil-water-holding Ferralsols, frequent droughts, and
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Table 1: Selected metadata of the meteorological stations used in the study.

Station
Embu
Machang’a
Kiritiri
Kindaruma
Kiambere
∗

∗

Lat
0∘ 30 S
0∘ 46 S
0∘ 41 S
0∘ 48 S
0∘ 42 S

Long∗
37∘ 27 E
37∘ 39 E
37∘ 38 E
37∘ 41 E
37∘ 46 E

Alt∗
1409
1106
1153
990
900

Record P∗
13
13
13
13
13

Rainfall
1210
781
934
654
1041

Climate
Humid
s-humid
Transitional s-humid
s-humid
s-humid

Data
𝑅
𝑅
𝑅
𝑅
𝑅

Lat: latitude; Long: longitude; Alt: altitude; Record P: period of record.

annual rainfall of less than 600 mm [14]. However, Mbeere
subcounty continues to experience population pressure occasioned by the influx of immigrants from the overpopulated
high potential areas. These areas represent Kenya’s central
highlands and those of East Africa, predominant of smallholder rain-fed, nonmechanized agriculture and diminutive
use of external inputs. Generally, the rainfall is bimodal with
long rains (LR) from March to May and short rains (SR) from
mid-October to December, hence two potential cropping
seasons per year. Various agricultural studies have been
carried out in the region hence the rationale behind its selection. According to [15], the region has experienced drastic
declines in its productivity potential rendering most farmers
poor. The prime cropping activity is maize intercropped with
beans though livestock keeping is equally dominant. Mbeere
subcounty represents a subhumid climate region, with annual
average rainfall of 781 mm while Embu is more humid with
annual average rainfall above 1,210 mm (Table 1).
This region is a strategic production region, producing
about 20% of the country’s maize cover. The inherently fertile
Nitosols are the reasons for high-potential productivity while
lower and erratic rainfall, less fertile, shallow, and sandy
Ferralsols, and high drought frequency explain predominant
crop failures [14]. Daily rainfall data were sourced from
both the Kenya Meteorology Department and research sites
with primary recording stations within the study area. The
choice of rainfall stations used depended on availability of
the station, the agroecological zones, and the percentage of
missing data (less than 10% for a given year as required
by the world meteorological organization (WMO). Much of
the primary data was acquired from the ongoing recordings
at Embu, Machang’a, Kiritiri, Kindaruma, and Kiambere
rainfall stations.
2.2. Data Analyses. Daily primary and secondary rainfall
time series were captured into MS Excel spread-sheet where
seasonal rainfall totals for both Short Rains (SR) and Long
Rains (LR) that is, March-April-May (MAM) and OctoberNovember-December (OND), respectively—annual average
and number of rainy days were computed. In cases of high
data gaps (unrecorded or missing), multiple imputations were
utilized to fill in missing daily data through creation of several
copies of datasets with different possible estimates. This
method was preferred to single imputation and regression
imputation as it appropriately adjusted the standard error
for missing data yielding complete data sets for analysis [16].
Being a season-based analysis, the cumulative impact of rainfall amount was underpinned. A rainy day was considered

to be any day that received more than 0.2 mm of rainfall
as reported by the WMO. Daily rainfall data were captured
into the RAINBOW software [17] for homogeneity testing
based on cumulative deviations from the mean to check
whether numerical values came from the same population.
The cumulative deviations were then rescaled by dividing the
initial and last values of the standard deviation by the sample
standard deviation values:
𝑘

𝑆𝑘 = ∑ (𝑋𝑖 − 𝑋)

when 𝑘 = 1, . . . , 𝑛,

(1)

𝑖=1

where 𝑆𝑘 is the rescaled cumulative deviation (RCD), 𝑛
represents the period of record for 𝑘 = 1 and also when
𝑘 = 14.
The maximum (𝑄) and the range (𝑅) of the rescaled
cumulative deviations from the mean were evaluated based
on number of Nil values, non-Nil values, and mean and
standard deviations as well as K-S values ((2) to test homogeneity. Low values of 𝑄 and 𝑅 would indicate that data was
homogeneous:
𝑄 = max [

𝑆𝑘
],
𝑆

𝑆
𝑆
𝑅 = max [ 𝑘 ] − min [ 𝑘 ] ,
𝑆
𝑆

(2)

where 𝑄 is maximum (max) of 𝑆𝑘 and 𝑅 in the range of 𝑆𝑘 and
Min is Minimum.
The frequency analyses were based on lognormal probability distribution with log10 transformation using cumulative
distribution function (CDF) for both LR and SR rainfall
amounts. The Weibull method was used to estimate probabilities while the maximum likelihood method (MOM) was
utilized as a parameter estimation statistic. Homogeneous
seasonal rainfall totals for both seasons were then subjected
to trend and variability analyses based on rainfall anomaly
index (RAI) as described in [11].
Seasonal variability was computed in tandem with annual
averages for both positive (3) and negative (4) anomalies
using RAI;
RAI = +3 (

RF − 𝑀RF
),
𝑀𝐻10 − 𝑀RF

(3)

RAI = −3 (

RF − 𝑀RF
),
𝑀𝐿10 − 𝑀RF

(4)

4

Advances in Meteorology

where 𝑀RF is mean of the total length of record, 𝑀𝐻10 is mean
of 10 highest values of rainfall of the period of record, and
𝑀𝐿10 is the lowest 10 values of rainfall of the period of record.
The coefficient of variance (coefficient of variation) statistics were utilized to test the level of mean variations in LR and
SR seasonal rainfall, number of rainy days (RD) and rainfall
amounts (RA), and 𝑡-test statistic to evaluate the significance
of variation.
A dry day was taken as a day that received either less than
0.2 mm or no rainfall at all. A dry-spell was considered as
sequence of dry days bracketed by wet days on both sides
[18]. The method for frequency analysis of dry-spells was
adapted from Belachew [19] as follows: in the 𝑌 years of
records, the number of times (𝑖) that a dry-spell of duration
(𝑡) days occurs was counted on a monthly basis. Then the
number of times (𝐼) that a dry-spell of duration longer than or
equal to 𝑡 occurs was computed through accumulation. The
consecutive dry days (1 d, 2 d, 3 d, . . .) were prepared from
historical data. The probabilities of occurrence of consecutive
dry days were estimated by taking into account the number
of days in a given month 𝑛. The total possible number of days,
𝑁, for that month over the analysis period was computed as
𝑁 = 𝑛 ∗ 𝑌. Subsequently the probability 𝑝 that a dry-spell
may be equal to or longer than 𝑡 days was given by (5). The
probability 𝑞 that a dry-spell not longer than 𝑡 does not occur
at a certain day in a growing season was computed by (6);
probability 𝑄 that a dry-spell longer than 𝑡 days will occur in
a growing season was calculated by (7) and probability 𝑝 that
a dry-spell exceeding 𝑡 days would occur within a growing
season was computed by (8) as shown in the following:
𝑃=

𝐼
,
𝑁

𝑞 = (1 − 𝑝) = [1 −
𝑄 = [1 −

(5)
1
],
𝑁

1 𝑛
] ,
𝑁

𝑝 = (1 − 𝑄) = 1 − [1 −

(6)
(7)

1 𝑛
] .
𝑁

(8)

ArcGIS software tool combined with the digital elevation
model (DEM) to generate average spatial rainfall and maps
using various interpolation techniques was utilized for data
reconstruction purposes. The stepwise methodology is summarized in Figure 2.
The efficacy of interpolation techniques was assessed
using mean absolute errors (MAE) (9) and root mean square
errors (RMSE) (10) statistics plus validation using gauged
rainfall data:
MEA =

1 𝑛
∑ (𝑃 − 𝑂𝑖 ) ,
𝑛 𝑖=1 𝑖

1 𝑛
2
RMSE = √ ∑(𝑃𝑖 − 𝑂𝑖 ) ,
𝑛 𝑖=1

(9)

(10)

where 𝑃𝑖 and 𝑂𝑖 are the predicted and observed or measured
rainfall values. The 𝑃− and 𝑂− are the respective means of
these values and 𝑛 is the number of observations.

3. Results and Discussion
3.1. Homogeneity Testing. Homogeneity analyses had no Nilvalues (values below threshold) but 100% non-Nil values
(above threshold) showing high homogeneity. The standard
deviations (SD) of the normalized means for both LR and
SR rainfall amounts were low, for example, lowest SD = 0.1
(in Embu and Kiritiri during SRs), and highest SD = 0.9 (in
Embu and Kindaruma) during LRs. Low SD values indicated
the restriction of variations (rescaled cumulative deviations,
RCD) around mean rainfall amounts thus high homogeneity
(Table 2).
The Kolmogorov-Smirnov (K-S value) Test values, 𝑅Square for the seasonal rainfall, and the values of the average
rainfall means for rainfall months are summarized in Tables
3(a) and 3(b).
A plot of homogeneity of the average monthly rainfall
daily and for all stations studied showed deviations from the
zero mark of the RCDs not crossing probability lines; thus
homogeneity was accepted at 99% probabilities (Figure 3).
There was a normal distribution of the sampled-temporal
rainfall data with high goodness-of-fit (𝑅2 = 92% to 96%)
of the selected distribution showing continuity of the data
from mother primary data thus high homogeneity [17].
Kolmogorov-Smirnov values (one-sided sample K-S test)
showed K-S values (0.15 to 0.23) consistently lower than the
K-S table value (0.302) for 𝑛 = 14 at 𝛼 = 0.005 probability
indicating that an exponential, continuous distribution of
the studied datasets was statistically acceptable, based on the
empirical cumulative distribution function (ECDF) derived
from the largest vertical difference between the extracted
(observed K-S value) and the table value [20–22]. Frequency
analyses of meteorological data require that the time series
be homogenous in order to gain in-depth and representative
understanding of the trends over time [17]. Often, nonhomogeneity and lack of exponential distributions between
datasets indicate gradual changes in the natural environment
and thus trigger variability, which corresponds to changes in
agricultural production [23, 24].
3.2. Probabilities of Rainfall Exceedance, Return Periods,
and Amounts. Results showed that there was at least 90%
chance of rainfall exceeding 141.5 mm (lowest) and 258.1 mm
(highest) during LRs in Kindaruma and Embu, respectively,
within a return period of about 1 year (Table 4). Nonetheless,
there were observably low probabilities (10%) that rains
would exceed 449.8 mm and 763.0 mm during LR seasons in
Machang’a and Embu, respectively, for a 10-year return period
(Table 4).
Conversely, probabilities of monthly rainfall during cropping seasons exceeding cropping threshold were equally low,
for example, 5% probability to exceed 419 mm in April and
331 mm in November (Table 4(b)).
A study by Mzezewa et al. [21] established that seasonal rainfall amount greater than 450 mm is indicative of
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Figure 2: Flow chart showing stepwise interpolation and data reconstruction analyses.
Table 2: Mean, standard deviation, and 𝑅2 values for the rainfall dailies from study stations for the period between 2001 and 2013.
Station
Embu
Machang’a
Kiritiri
Kindaruma
Kiambere

Season
LR
SR
LR
SR
LR
SR
LR
SR
LR
SR

Transformation
log10
log10
log10
log10
log10
log10
log10
log10
log10
log10

SD: standard deviation; LR: long rains; SR: short rains.

Nil values
0
0
0
0
0
0
0
0
0
0

Mean
3.2
2.7
2.4
2.6
2.6
2.9
2.2
2.2
2.2
2.4

Standard deviation (SD)
0.9
0.1
0.4
0.2
0.3
0.1
0.9
0.3
0.8
0.4

𝑅2 (%)
94
92
96
94
94
92
88
92
90
96
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Figure 3: Continued.
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Figure 3: Rescaled cumulative deviations for seasonal months and studied rainfall stations for the period between 2000 and 2013.
Table 3: (a) Homogeneity test for the rainfall dailies from study stations for the period between 2000 and 2013. (b) Seasonal monthly (K-S
value), mean, and standard deviation and 𝑅2 values for average rainfall dailies in both Mbeere region and Embu for the period between 2001
and 2013.
(a)

Station
Embu
Machang’a
Kiritiri
Kindaruma
Kiambere

Season
LR
SR
LR
SR
LR
SR
LR
SR
LR
SR

Transformation
log10
log10
log10
log10
log10
log10
log10
log10
log10
log10

𝑁
13
13
13
13
13
13
13
13
13
13

K-S value
0.2330
0.1722
0.1479
0.19
0.231
0.221
0.165
0.066
0.127
0.179

K-S table value
0.302∗
0.302∗
0.302∗
0.302∗
0.302∗
0.302∗
0.302∗
0.302∗
0.302∗
0.302∗

K-S: Kolmogorov-Smirnov; (K-S = 0.302∗ , exponential distribution applies and is accepted).
(b)

Month
Mar
Apr
May
Jun
Oct
Nov
Dec

K-S value
0.1557
0.0560
0.1457
0.0797
0.0817
0.0961
0.1240

N
32
32
32
32
32
32
32

Mean
10.1
17.2
12.4
1.3
12.2
15.4
8.0

Standard deviation (SD)
3.3
3.9
4.2
0.3
4.6
3.3
3.6

K-S value: Kolmogorov-Smirnov, (K-S = 0.302∗ , exponential distribution applies and is accepted).

𝑅2 (%)
96
98
94
98
98
98
96

K-S table value
0.302∗
0.302∗
0.302∗
0.302∗
0.302∗
0.302∗
0.302∗
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Table 4: (a) Probability of rainfall exceedance and return-periods for the LRs and SRs in the study area. (b) Probability of average seasonal
months’ rainfall exceedance and return-periods for the LRs and SRs in Mbeere subcounty.
(a)

Exceedance (%)
10
20
30
40
50
60
70
80
90

Return (P)

Embu
LR
994.7
788.9
667.5
578.8
506.8
443.5
384.5
325.4
258.1

10
5
3.33
2.5
2
1.67
1.43
1.25
1.11

SR
628.8
541.2
485.7
442.9
406.3
372.8
339.9
305.0
262.5

Magnitude of anticipated rainfall (mm)
Machang’a
Kiritiri
Kindaruma
LR
SR
LR
SR
LR
SR
449.8
763
465.8
831.7
507.8
773.7
381.4
613.1
398.2
625.9
420.2
617.9
338.7
523.7
372.7
584.5
364.7
516.5
306
457.7
379.9
515.8
321.9
427.8
278.2
403.6
343.3
443.8
285.3
385.8
253.2
356
269.8
380.5
251.8
322.5
222.8
311.1
276.9
321.5
218.9
263.5
203.1
265.7
142
262.4
184
204.4
172.2
213.5
199.5
195.1
141.5
137.1

Kiambere
LR
SR
541.8
907.7
454.2
701.9
398.7
580.5
355.9
491.8
319.3
419.8
285.8
356.5
252.9
297.5
218
238.4
175.5
171.1

Exceedance (%): probability of exceedance (%) and Return (P): return period (years).
(b)

Exceedance (%)
20
40
50
60
80

Return (P)
5
2.5
2
1.67
1.25

March
164
118
100
84
50

April
419
330
295
262
193

May
253
181
154
129
79

Seasonal months
October
258
179
149
122
70

November
331
264
237
212
159

December
117
74
59
45
18

Exceedance (%): probability of exceedance (%) and Return (P): return period (years).

a successful growing season and described it as a threshold
rainfall amount. During this study, the probabilities that
seasonal rainfall would exceed this threshold were quite low
(at most 30% for a return period of 3.33 years). Embu, being
much wetter, would probably (50%) receive above threshold
rainfall amount (506.8 mm) after every 2 years (Table 4).
Mzezewa et al. [21] observed 47% chance of seasonal rainfall
exceeding 580 mm but 0% (no increase) of exceeding total
annual rainfall for a 5-year return period in the semiarid
Ecotope of Limpopo, South Africa.
3.3. Variability and Anomalies in Seasonal Rainfall Amount.
There was notable high interseasonal variability and temporal
anomalies in rainfall between 2001 and 2013. Results showed
neither station nor season with persistent near average (RAI =
0) rainfall especially from stations in the subhumid region.
For instance, in Machang’a, the wettest LRs were recorded
in 2010 (RAI = +4) while wettest SRs were recorded in 2001
(RAI = +4), 2006 (RAI = +3.8), and 2011 (RAI = +4)
(Figure 4). In Embu, the highest positive anomalies (+5.0)
were recorded in 2002, 2005, and 2007 during LRs (Figure 4).
Noticeably, Embu appeared to be receiving more near average
rainfall during SRs (2002, 2003, 2007, and 2011) contrary
to the trends observed in Mbeere region (especially in
Kindaruma and Kiambere) (Figure 4).
Generally, stations in subhumid areas of Mbeere subcounty recorded more negative anomalies in rainfall amount

received compared to Embu. An intrastation seasonal comparison showed that SRs in Embu were less variable but more
drier compared to LR seasons. Conversely, SRs in Mbeere
region were wetter than SRs in Embu but more variable in
the former. Assorted studies have cited unpredictability of
LR seasonal rainfall patterns and farmers’ reliance on SRs
(e.g., Cohen, 1987; [25]; Hutchinson, 1996; and Recha et al.
[7]). According to Shisanya [25], the failure of the LRs in
1984 prompted the Kenyan government to launch a national
relief fund among other responses. Akponikpè et al. [13]
also reported similar trends of high variability (CV = 57%)
in temporal annual rainfall (monomodal rainfall between
February and September), in the Sahel region. Conversely, the
incumbent study showed that the decade between 2000 and
2013 experienced marked increases in SRs and a decrease in
LRs. Nicholson (1993) and Hulme [26] attributed the decrease
in LRs to the desiccation (drying out) of the March-toAugust rains in sub-Saharan Africa (SSA). A study by Tilahun
[11] based on the cumulative departure index established
that parts of Northern and Central Ethiopia persistently
received below average rainfall for the rains received between
February and August since 1970. While studying vegetation
dynamics based on the normalized difference vegetation
index (NDVI), Tucker and Anyamba (2005) noted persistent droughts and unpredictable rainfall patterns marked
by reduction in the NVDI values during LRs for periods
approaching the 21st century. On the other hand, it was
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Figure 4: Decadal rainfall anomaly index for both LR MAM and SR OND in Embu, Machang’a, Kiritiri, Kindaruma, and Kiambere;
RAI: rainfall anomaly index.

apparent that SRs recorded consistent above-average trends
during this study, indicating possibilities of a reliable growing
season especially for the drier Machang’a region. In tandem
with this observation, findings by Hansen and Indeje (2004)
and Amissah-Arthur et al. [27] observed that SRs constituted
the main growing season in the drier parts of SSA and Great
Horne of Africa for crops such as maize, sorghum, green
grams, and finger millet.
Generally, high variability (often attributed to La Nina, El
Nino, and Sea Surface Temperatures) could occasion rainfall
failures leading to declines in total seasonal rainfall in the
study area. According to Shisanya [25], La Nina events significantly contributed to the occurrence of persistent droughts
and unpredictable weather patterns during LRs in Kenya. In

contrast, El Nino events (of 1997 and 1998) have been cited as
the key inputs of the positive anomalies in SR seasonal rainfall
in the ASALs of Eastern Kenya [27, 28].

3.4. Variations in Rainfall Amounts and Number of Rainy
Days. On average, the total amount of rainfall received in
all stations was below 900 mm (subhumid stations) and
1400 mm (humid) per annum. Yet LRs contributed 314.9 mm
and 586.3 mm while SRs contributed 438.7 mm and 479.1 mm
(Table 5) translating to a total of 754 mm and 1084 mm of
seasonal rainfall in in the respective station (Table 5).
These account for close to 90% of total rainfall received
annually; implying that smaller proportions of rainy days
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Table 5: Variability analyses: coefficient of variations in seasonal rainfall amounts and number of rainy days in the study stations for the
period between 2000 and 2013.
Station
Embu
Machang’a
Kiritiri
Kiambere
Kindaruma

Season
LR MAM
SR OND
LR MAM
SR OND
LR MAM
SR OND
LR MAM
SR OND
LR MAM
SR OND

RA
586.3a
457.2b
314.9b
458.7b
343.7b
486.5b
203.3c
285.0d
285.5b
316.9b

CV RA
0.36
0.38
0.41
0.56
0.39
0.45
0.29
0.30
0.47
0.41

RD
46a
40a
24b
53c
24b
52c
17d
37a
17d
34e

CV RD
0.09
0.27
0.26
0.88
0.28
0.51
0.49
0.38
0.43
0.37

Values connected by the same superscript letters in the RA column denote no significant difference between the seasonal rainfall amount mean values.
MAM: March-May-June and OND: October-November-December and RA: rainfall amount in (mm); RD: rainy days; CV-RA: coefficient of variation in rainfall
amounts; CV-RD: coefficient of variation in rainy days.

supplied much of the total amounts of rainfall received in
the region. Evaluation of variability based on coefficient of
variation (CV) in rainfall amount (RA) and number of rainy
days (RD) showed that most stations received highly variable
rainfall.
It has been shown that a coefficient of variation (CV)
greater than 30% in rainfall data series indicates massive
variability in rainfall amounts and distributional patterns
[29]. In Machang’a, Kiritiri, and Kindaruma, rainfall amounts
during LRs were highly variable (CV = 0.41, 0.39, and 0.47,
resp.) than those in Embu (CV = 0.36). Variability was
equally high in the number of rainy days (RD), for example,
CV = 0.51 and 0.49 in Kiritiri and Kiambere, respectively.
Results also showed that LRs and SRs amounts were not
significantly different from each other in most stations of
Mbeere region but different in Embu (Table 5). These results
indicate high variability of rainfall received across all AEZs
in the study area, further evidenced by massive rainfall
anomalies reported earlier by this study.
Regionally, findings of Seleshi and Zanke [10] further
showed that annual and seasonal rainfall (Kiremt and Belg
seasons) in Ethiopia were highly variable with CV values
ranging between 0.10 and 0.50.
3.5. Monthly Variations in Seasonal Rainfall Amounts and
Number of Rainy Days. Results showed that rainfall amounts
received within seasonal months (March-April-May; LRs and
October-November-December; SRs) were highly variable (all
with CV > 0.3).
Notably, coefficient of variation in Rainfall Amounts (CVRA) was quite high during the months of March (CV-RA =
0.98) and December (CV-RA = 0.86) in Machang’a and CVRA = 0.61 (March) and CV-RA = 0.97 (December) in Embu
(Table 6). Variability in the number of rainy days (CV-RD)
for each seasonal month was equally high in the two study
stations. For instance, March (CV-RD = 0.61 and CV-RD =
0.47) and December (CV-RD = 0.34 and CV-RD = 83) had the
highest variability in the number of rainy days in Machang’a
and Embu, respectively (Table 6).

Generally, onset months (March and October) and cessation months (May and December) received highly variable
rainfall amounts compared to mid-seasonal months. Notably,
Machang’a, though being more of an arid region, generally
recorded lower variability in number of rainy days during
SR seasonal months compared to those recorded at Embu
during the same season, evidence of reduced variability and
wetting of SRs in the region. In addition, it was evident that
the amount of rainfall and number of rainy days received
in the past decade in most stations were more consistent
(temporally) in April and November but highly unpredictable
in March (onset) and December (cessation). This significantly affects the cropping calendar in rain-fed agricultural
productivity of the region. Nonetheless, lower values of
variations in the number of rainy days (CV-RD) indicated
that variations in rainy days were fairly consistent compared
to variations in rainfall amounts received. It would also
appear that most stations in Mbeere region received more
rainfall during SR season with November alone accounting
for about 60% of total seasonal rainfall amount received
while April accounts for 51% of the LR rainfall in the case of
Machang’a. Conversely, Embu received more rainfall during
LRs with April accounting for about 52% of total rainfall
received. These trends indicate that SR seasons would be
receiving more rainfall amounts than LRs in the region, a
trend acknowledged by most (67.3%) smallholder farmers in
SSA, Amissah-Arthur et al. [27] and Barron et al. [12]. Trends
of high variability in seasonal monthly rainfall reported by
this study have also been cited by Mzezewa et al. [21] who
reported high coefficient of variation for seasonal (315%) and
annual (50–114%) rainfall in semiarid Ecotope, northeast of
South Africa. Additionally, Sivakumar [9] found that annual
rainfall in the Sudano-Sahelian zone of West Africa was less
variable (0.36) than monthly (0.54) rainfall.
3.6. Droughts and Dry-Spell Characterization. Results
showed that the probability of occurrence of dry-spells
of various durations varied from month to month of the
growing season. High probabilities of dry-spells were in
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Table 6: Variability in rainfall amounts and number of rainy days during seasonal months for studied stations for the period between 2000
and 2013.
Parameter

March

April

RA (mm)
CV-RA
RD
CV-RD

110.1
0.61
20
0.47

300.8
0.48
14
0.27

RA (mm)
CV-RA
RD
CV-RD

85.5
0.98
8
0.61

160.2
0.42
11
0.22

RA (mm)
CV-RA
RD
CV-RD

88.7
0.61
7
0.47

167.1
0.48
14
0.27

RA (mm)
CV-RA
RD
CV-RD

41.8
0.88
3
0.51

97.8
0.46
12
0.2

RA (mm)
CV-RA
RD
CV-RD

59.5
0.46
2
0.62

119.5
0.31
12
0.48

May
Embu
175.6
0.54
12
0.27
Machang’a
69.2
0.69
5
0.61
Kiritiri
87.9
0.54
3
0.27
Kiambere
63.8
0.59
2
0.53
Kindaruma
86.5
0.37
3
0.52

October

November

December

175.1
0.66
10
0.59

250.3
0.43
13
0.25

71.8
0.97
17
0.83

98.9
0.8
14
0.35

267.9
0.77
29
0.23

72
0.86
10
0.34

110.4
0.66
12
0.59

274.3
0.43
24
0.25

101.8
0.97
16
0.83

45
0.83
11
0.31

147
0.67
17
0.23

93
0.81
9
0.4

48.6
0.59
9
0.46

165.6
0.29
18
0.36

102.6
0.84
7
0.84

RA (mm): rainfall amount in millimetres; CV-RA: coefficient of variation in rainfall amounts, RD: number of rainy days; CV-RD: coefficient of variation in
rainy days.

March (0.72 and 0.55) and December (0.8 and 0.6) in average
subhumid (Machang’a, Kiritiri, Kiambere, and Kindaruma)
stations and humid ones (Embu), respectively (Figure 5).
The probability of having a dry-spell increased with shorter
periods (for instance, more chance of having a 3-day than a
10- or 21-day dry-spell) (Figure 5).
On the other hand, the probabilities that dry-spells would
exceed these day durations were equally high (Figure 6).
There was 70% chance that dry-spells would exceed 15 days
in average Mbeere stations and 50% in Embu (Figure 6).
Dry-spells during cropping months are quite common
which often trigger reduced harvests or even complete crop
failures, in the study region. Rainfall being a prime input
and requirement for plant life in rain-fed agriculture, the
occurrence of dry-spells has particular relevance to rain-fed
agricultural productivity (Belachew, 2002; Rockstrom et al.,
2002). It was observed that lowest probabilities of occurrence
of dry-spells of all durations were recorded in the month
of April (during LRs) and November (during SRs). The
occurrence of dry-spells of all durations decreased from April
towards May (LR) and November towards December (SRs).
Indeed, the months of April and December coincide with
the peak of rainfall amounts for both SR and LR growing

seasons in the region [7, 30]. This trend is in line with works
reported by several studies in SSA, including Kosgei [30],
Aghajani (2007) in Iran, and Sivakumar (1992) in East Africa.
High probabilities of dry-spells occurring and exceeding the
same durations show the high risks and vulnerability that
rain-fed smallholder farmers are predisposed to in the study
area. Often, prolonged dry-spells are accompanied by poor
distribution and low soil moisture for the plant growth during
the growing season. General high probabilities of persistent
dry-spells in SSA have been reported by Hulme [26], Dai et al.
(2007), and Mzezewa et al. [21]. This could be attributed to
the persistence of intermediate warming scenarios in parts of
equatorial East Africa [21, 26]. Prolonged dry-spells during
cropping seasons directly impact the performance of crop
production. For instance, high evaporative demand indicated
by high aridity index (𝑃 > 0.52) in the drier parts of eastern
Kenya implies that rain water is not available for crop use and
cannot meet the evaporative demands (Kimani et al., 2005).
Thus, deficit is likely to prevail throughout the rain seasons
as observed in other SSA regions (Li et al., 2006). Run-off
collection and general confinement of rain-water within the
crop’s rooting zone could enhance rain-water use efficiency as
demonstrated by Botha et al. (2003).
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3.7. Spatial Average Rainfall Interpolations (ArcGIS Spatial
Analyst Application). Performance of the different interpolation techniques was varied. Kriging and Spline techniques
reported more representative values of observed rainfall
when compared to the IDW method. Generally, Kriging
spatial interpolation capability for rainfall amounts was
found to be high (predicting 670–742 mm for observed
800 mm) (Figure 7). Evidently, lower eastern parts of the
region received low rainfall amounts as interpolated across all
the test methods (ranging from 229 to 397 mm), adequately
replicating trends of the actual observed rainfall. Trends of
the region receiving high rainfall at Siakago (1200 mm p.a.)
were adequately predicted in Kriging and IDW when compared to Spline prediction (Figure 7).
Evaluation of the mean absolute error (MAE) and root
mean square error (RMSE) between reconstructed interpolated) and observed rainfall data further showed that the
Kriging method (MAE = 147 mm and RMSE = 176.5 mm)

Table 7: Mean absolute error, RMSE, and 𝑅2 values for the
interpolation produced from validation of IDW, Kriging, and Spline
methods.
Average P (O)
SD
MAE
RMSE (mm)
𝑅2

IDW
371.3 (760)
115.5
276.7
294.7
0.04

Kriging
507.6 (760)
137.5
147.6
176.5
0.67

Spline
399.4 (760)
106.7
248.6
264.7
0.23

P: predicted precipitation; O: Observed precipitation; SD: standard deviation; MAE: mean absolute error; RMSE: root mean square error; IDW:
inverse weighted mean.

would be the best-bet technique to adopt for rainfall interpolation for the region (Table 7).
Interpolation under IDW method was generally unsatisfactory (𝑅2 = 0.04) when compared to the Spline (𝑅2 = 0.23)
and Kriging (𝑅2 = 0.67) interpolation methods.

Advances in Meteorology

13
Kriging method

N
Rainfall recording station having at least 15 years of
records
Main road, tarmac
Other all-weather roads
River
Town or big village
District headquarter

0 5 10

(km)
20

30

37.39

37.55

410–509
510–669
670–742

(b)

37.71

37.87

Spline method

−0.2

S

40

Mbeere_boundary
362–397
398–409

(a)

37.23

IWM method
−0.2

−0.38

−0.38

−0.57

−0.57

−0.76

−0.76

N
−0.95

(km)
0 5 10 20 30
37.23

37.39

E

W
40
37.55

Mbeere_boundary
229–321
322–409

E

W

S
37.71

37.87

410–509
510–669
670–742

(c)

N

−0.95

(km)
0 5 10 20 30
.23
.39

W
40
.55

Mbeere_boundary
198–251
252–360

.71

E
S
.87

361–372
373–497
498–551

(d)

Figure 7: Annual rainfall maps of observed and those of reconstructed rainfall using IWM, Kriging, and Spline interpolation techniques.

Figure 8 shows the scatter plots of recorded versus predicted (interpolated) decadal average rainfall across the study
stations based on Kriging interpolation technique.
A comparison of the predicted and recorded rainfall
amounts showed further best-fit performance of the Kriging
interpolation technique in ArcGIS. Predictions in Machang’a
recorded high values of best-fit (𝑅2 = 0.92) compared to
Kiambere (𝑅2 = 0.64) which could be attributed to high

missing data in the raw rainfall dailies in the latter station
(Figure 8).
Assorted arguments regarding the varied performances
of the different interpolation techniques could explain the
results of this study. Both the inverse distance weighted
(IDW) and Spline methods are deterministic methods since
their predictions are directly based on the surrounding
measured values or on specified mathematical formulas [31].
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On the other hand, Kriging is a geostatistical method, which
is based on statistical models that include autocorrelation,
which underpins the statistical relationships among the
measured and predicted data points [32]. Better prediction
of the Kriging method established in this study could be
attributed to its capability of producing a prediction surface,
thus providing a measure of the certainty or accuracy of the
predictions. In this study, the resultant patterns of spatial
distribution for each map were an outcome of the generated
patterns from the mapping of the index value (the mean
annual precipitation) and as influenced by the spatial local
conditions (elevation) including the nonexistence of altitudinal variability of the parameters of the distribution function
and the interpolation methods used. Statistically, the spatial

distribution of quantiles is theoretically better underpinned
in Kriging method than in the other methods tested. For this
study, Kriging was extended by the regional regression for
each index value for areas whose terrain or other controls
could have contributed to the spatial variability of the trends,
explaining its better predictability.

4. Conclusion and Recommendations
Results showed that available rainfall data series from study
station are homogenous implying that the time series were
a record of one population. Before frequency analysis of the
rainfall data is done, various transformations are essential
for the data to follow particular probability distribution

Advances in Meteorology
patters. Weibull method for estimating probabilities and
method of moment (MOM) parameter estimation methods
proved to be sufficient for the task, in evaluating data series
homogeneity and frequency. Decadal rainfall trends showed
that both long rains (LRs) and average annual rainfall have
decreased in the past 13 years in the region. Mbeere region
appeared to have experienced pronounced declines in rainfall
amounts especially those received during LRs. Nonetheless,
rainfall amount during SRs markedly increased in most
study stations, with high amount gains established in the
Mbeere stations. Evidently, probabilities that seasonal rainfall
amounts would exceed the threshold for cropping (500–
800 mm) were quite low (10%) in all stations. The amount of
rainfall received during LRs and SRs varied significantly in
Embu but not in Machang’a. There was evidence of increasing rainfall variability from Embu station towards Mbeere
stations to as high as CV = 0.88 in Machang’a. Probabilities
that the region would experience dry-spells exceeding 15 days
during a cropping season were equally high, for example, 46%
in Embu and 87% in Machang’a. This replicates high chances
that soil moisture could be lost by evaporation bearing
in mind the high chances (81%) that the same dry-spells
exceeding 15 days could reoccur during the cropping season.
On the other hand, Kriging technique was identified as the
most appropriate (𝑅2 = 0.67) geostatistical interpolation
techniques that can be used in spatial and temporal rainfall
data reconstruction in the region. Based on these findings,
it is apparent that farmers in the lower eastern Mbeere
region are encouraged to intensify cropping during SRs as
compared to LRs. It is equally important that they schedule
supplementary irrigation, only based on timely, regular, and
accurate dissemination daily monthly and seasonal forecasts
by the Kenya Meteorological Department. High rainfall
variability and chances of prolonged dry-spells established in
this study also demand that farmers ought to keenly select
crop varieties and types that are more drought resistant
(sorghum and millet) other than common maize cropping.
For instance, probabilities of having dry-spells exceeding 15
days are relatively high (63%, 80%, 91%, 93%, and 57% for
Machang’a, Kiritiri, Kiambere, Kindaruma, and Embu, resp.)
during both SR and LR seasons. In this regard, the choice
of crop variety and type should be based on the degree of
its tolerance to drought. These decisions can be optimized
if the probability of dry-spells is computed after successful
(effective) planting dates. There is need for establishing
further precise, timely weather forecasting mechanisms and
communication systems to guide on seasonal farming. In
most arid and semiarid regions, soil moisture availability
is primarily dictated by the extent and persistency of dryspells. It is thus essential to match the crop phenology with
dry-spell lengths based days after sowing to meet the crop
water demands during the sensitive stages of crop growth.
Knowledge of lengths of dry-spells and the probability of their
occurrence can also aid in planning for supplementary risk
aversion strategies through prediction of high water demand
spells.
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By using a limited-area model (LAM) in combination with the scale-selective data assimilation (SSDA) approach, wind energy
resources in the contiguous United States (CONUS) were downscaled from IPCC CCSM3 global model projections for both current
and future climate conditions. An assessment of climate change impacts on wind energy resources in the CONUS region was then
conducted. Based on the downscaling results, when projecting into future climate under IPCC’s A1B scenario, the average annual
wind speed experiences an overall shift across the CONUS region. From the current climate to the 2040s, the average annual wind
speed is expected to increase from 0.1 to 0.2 m s−1 over the Great Plains, Northern Great Lakes Region, and Southwestern United
States located southwest of the Rocky Mountains. When projecting into the 2090s from current climate, there is an overall increase
in the Great Plains Region and Southwestern United States located southwest of the Rockies with a mean wind speed increase
between 0 and 0.1 m s−1 , while, the Northern Great Lakes Region experiences an even greater increase from current climate to
2090s than over the first few decades with an increase of mean wind speed from 0.1 to 0.4 m s−1 .

1. Introduction
The specific purpose of this study is to investigate the
impacts of climate change on wind energy resources over
the continental United States (CONUS). Climate change is
constantly altering wind patterns across the globe. Wind is
an extremely valuable renewable energy source that needs
to receive significantly greater attention as earth’s climate
continues to change. The focus of this study will be to project
where the best possible wind energy sources will be located
throughout the CONUS, in order to get the maximum
possible usage of wind energy in the future.
Under current climate, according to the National Renewable Energy Laboratory of the US Department of Energy,
the superb or best places/location in the CONUS region
for wind resource potential is found just offshore along the
west coast by Northern California and Southern Oregon.
Also, the midwestern states, Montana, Wyoming, Colorado,

and New Mexico, all contain superb wind energy resource
potential. The outstanding or second-to-best locations across
the CONUS region for wind resource potential are found
along the east coast extending from Maine to South Carolina,
within the Great Lakes Region, and along areas of the west
coast just offshore Washington State, Northern Oregon, and
mid- and Southern California. The third best locations to
build wind turbines would be along the east coast extending
northward from Georgia to Maine, the southeastern tip of
Texas, the Great Lakes Region, and just offshore Southern
California and Washington State. And parts of the Midwest
would also be considered a third best location for wind
resources. Based on observations from surface stations and
soundings in the US for year 2000, Archer and Jacobson [1, 2]
analyzed the spatial distribution of the US wind classes at a
height of 80 meters. Their results show that one of the greatest
promising continental locations for wind power was found to
be located in what is referred to as the “central belt” of the US.

2
The central belt includes the states of Oklahoma, Nebraska,
Kansas, South Dakota, and North Dakota. The southern and
eastern coasts also provide good potential, especially offshore.
The average wind power class of the Great Lakes Region is 6,
which is a wind potential shared between both Canada and
the US. Also, according to Li et al. [3], the Great Lakes Region
is currently an excellent candidate for the development of
wind energy since there are large unobstructed and open
areas available for construction.
Although the assessment of wind energy resource distribution has already been intensely conducted under current
climate, it is important to conduct further research on the
variability of wind resources in climate that is continuously
changing. In addition, it is imperative to understand how
wind resources will change and evolve in the future climate
setting, since wind energy is a massively growing industry
with constant pressure to meet state and federal mandates for
increased use of renewable energy supplies [4]. It needs to be
noted that although a particular location may presently be a
good candidate for a wind farm, it may not be in the future
due to climate change. Therefore, it is necessary to forecast
where the best wind resources will be not only in the present
climate but also in the future climate, in order to obtain the
best possible future usage. Finally, it is vital to understand
how climate change may affect wind energy sources across
the US under future climate scenarios.
The Intergovernmental Panel for Climate Change (IPCC)
Fourth Assessment Report (AR4) leaves no doubt that the
increase in greenhouse gas emissions will lead to significant environmental changes in all regions of the globe [5].
However, the degree of uncertainty of the projected climate
change increases from global scale to regional scale. Most
of the AOGCMs do not have high enough resolution to see
the regional and small-scale topographic features. To project
the large-scale climate changes onto regional scales, several
climate change downscaling techniques, including statistical
(or empirical) downscaling and dynamical downscaling, have
been developed in recent years [6–8].
Statistical downscaling methods exploit existing statistical relationships between large-scale climate processes and
their regional manifestations. These relationships are typically derived from present-day observations and it is assumed
that these relationships remain stationary in time. The same
relationships that are derived from present-day observations
are assumed to be valid under greenhouse warming conditions. Dynamical downscaling uses high resolution regional
models which are forced by global models with coarse
resolution under both current climate and projected future
climate scenarios. The dynamical model combines the coarsescale boundary forcing with internal dynamics in a physically
consistent way. In dynamical downscaling, regional models
are nested in global models by specifying lateral boundary
conditions through a traditional “sponge zone” technique
using a relaxation procedure [9]. However, this conventional
nesting-down method inevitably distorts the information
transmitted from the global model to the regional model.
Large-scale features are more accurately simulated in the
global model, while small-scale ones are better captured in
high resolution regional models.
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Several alternate approaches in addition to the conventional nesting technique were developed in downscaling
regional modeling studies. The “perturbation method” was
used in nesting the NCEP regional spectral model within
a global spectral model, through which the perturbation
obtained from the regional model is added to the large-scale
base state from the global model to compose the full field in
the regional model (e.g., [10]). A similar “spectral nudging”
approach [11, 12] was utilized to provide large-scale forcing
in the regional model domain interior to ensure that the
large-scale circulation in the regional models was consistent
with that from the global analyses or forecasts. More recently,
Peng et al. [13] introduced a scale-selective data assimilation
(SSDA) approach in downscaling from global models to
regional models by driving the regional model from the
regional model domain interior as well as by specifying the
lateral and lower boundary conditions. The SSDA dynamical
downscaling approach has been demonstrated to improve
seasonal climate hindcasting for the North Atlantic Basin
and Eastern United States [13] as well as to improve tropical
cyclone simulation and forecasting [14, 15].
The objective of this study is to dynamically downscale
the impacts of climate change on wind energy resources over
the CONUS by using the SSDA approach. Wind energy under
both current and future climate scenarios will be downscaled
for the CONUS region. Assessment of climate change impacts
on wind energy resources over the CONUS region will then
be conducted. This will help detect the best locations to
place wind turbines under both current and future climate
situations, while utilizing wind energy efficiently under the
circumstance of a continuously changing climate. A detailed
description regarding the SSDA approach, model, data, and
method used in this study is given in Section 2. Wind energy
resource downscaling under current climate is presented
in Section 3. In Section 4, wind energy downscaling results
under future climate scenarios are provided. Also, comparisons among wind energy resources under current and future
climate scenarios are conducted to assess climate change
impacts on wind energy resources. Summary and conclusions
are given in Section 5.

2. Model, Data, and Method
The LAM utilized in this study is the Weather Research
and Forecasting (WRF) model [16, 17] version 3.2 with the
Advanced Research WRF (ARW) core. It features a fully
compressible, Eulerian and nonhydrostatic control equation
set. The model uses the Arakawa-C grid and the terrainfollowing, hydrostatic-pressure vertical coordinate system.
The time integration scheme is the third-order RungeKutta scheme. And for the spatial discretization there are
second through sixth order advection schemes available in
the model. WRF incorporates various physical processes
including microphysics, cumulus parameterization, planetary boundary layer (PBL), surface layer, land surface, and
longwave and shortwave radiations.
The SSDA approach developed by Peng et al. [13], Xie et al.
[14], and Liu and Xie [15] is employed as the dynamical downscaling technique. The SSDA system consists of the WRF
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model, a three-dimensional variational data assimilation
(3DVAR) technique [18] from WRF model data assimilation
(WRFDA) system, and a low-pass filter to separate the largeand small-scale components for both global and regional
model forecasts. WRF-3DVAR from WRFDA is based on
an incremental variational data assimilation technique which
is used to assimilate the large-scale information from the
global model into the regional model. Discrete fast Fourier
transform (FFT) together with a detrending program dealing
with aperiodic lateral boundary is used to separate large- and
small-scale information for both the global and the regional
models. In Peng et al. [13], the SSDA approach was applied
in a seasonal climate hindcasting for the North Atlantic
basin and Eastern United States, in which comparisons
against global and regional analysis data have shown that the
SSDA approach can benefit from the merits of both global
models in representing large-scale environmental flows and
regional models in describing small-scale characteristics with
high resolution, resulting in improvements in the overall
regional model simulations. Besides, in the applications in
tropical cyclone hindcasting and forecasting [14, 15], the
SSDA approach has also been proved to effectively improve
tropical cyclone track and intensity forecasting. More details
about the SSDA system are referred to by Liu and Xie [15].
The model domain for the LAM used in this study is
centered at (38.0∘ N, 98.0∘ W), covering the CONUS region.
It contains 163 × 109 grid meshes with a grid spacing
of 36 km in the Lambert conformal map projection. The
LAM has 30 sigma levels in the vertical direction with
the model top at 50 hPa. The integration time step is 120
seconds. The following physics schemes are chosen: the
WSM5 microphysics scheme [19], the Kain-Fritsch cumulus
scheme [20], the Yonsei University (YSU) PBL scheme [21],
the Noah Land Surface Model [22], and the CAM (NCAR
Community Atmosphere Model) longwave and shortwave
radiation schemes [23].
The LAM is driven by the global model results from IPCC
CCSM3 with the lateral boundary conditions being updated
every 6 hours. In addition, large-scale wind components
above the 13th sigma level (about 850 hPa) from the global
model are assimilated into the LAM every 2 days through the
SSDA procedure, directly driving the LAM from the model
domain interior. This practice of only constraining large-scale
fields above the PBL (e.g., [12]) allows the LAM to adjust its
low-level dynamics based on its own regional topography and
land-sea characteristics.
The global model results from the Community Climate
System Model version 3 (CCSM3) under the Intergovernmental Panel on Climate Change (IPCC)’s 20th century
(20C3M) and SRESA1B climate scenarios which are used to
drive the LAM. For current climate, the 20C3M experiment
results from the CCSM3 are used to downscale current
climate with a time period of 1990 to 1999. For two future time
periods (2040 to 2049 and 2090 to 2099), the CCSM3 results
under the A1B scenario are used to drive the LAM.
In addition, the North American Reanalysis (NARR)
data is used as an independent data set when validating the
downscaling of wind energy resources under current climate
conditions. NARR provides various atmospheric analyses
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Table 1: Classifying wind energy at 10 meters based on wind speed
(m s−1 ), wind power density (W m−2 ), and overall wind resource
potential.
Wind power
class
1
2
3
4
5
6
7

Resource
potential

Wind speed
(m s−1 )

Wind power
density (W m−2 )

Marginal
Marginal
Fair
Good
Excellent
Outstanding
Superb

<4.4
4.4–5.1
5.1–5.6
5.6–6.0
6.0–6.4
6.4–7.0
>7.0

<100
100–150
150–200
200–250
250–300
300–400
>400

with relatively high temporal (3 hour) and spatial (32 km)
resolution for North America and nearby land masses and
oceans from the time period of October 1978 to the present.
Another data set used to validate the wind energy resource
downscaling under current climate in this study comes
from the surface wind measurements from various surface
observation platforms collected by NCDC.
To assess wind energy resources, several metrics including surface wind speed at 10 m height, wind power density,
and wind energy resource class are used in this study. Wind
power density is the rate at which wind energy transmits
through a unit of space or area. Wind power density can be
expressed as power (𝑃) over area (𝐴): 𝑃/𝐴 = (1/2)𝜌V3 , where
𝜌 is air density and V is wind speed. Wind power density
provides an overall estimation of wind resource potential over
a specific region. As for wind energy resource classification,
according to the Wind and Water Power Program (2008)
under the US Department of Energy, wind power is classified
into seven classes ranging from class 1 to class 7. Table 1 shows
the criteria for each wind power class at a height of 10 m. Each
class is characterized by a particular resource potential, wind
power density, and wind speed. However, classes 3 to 7 are the
5 main classes looked at since the first and second classes are
marginal and not suitable for wind energy development on a
utility scale.

3. Wind Energy Resource Downscaling under
Current Climate
Before conducting regional downscaling, wind energy
resources under current climate are assessed based on
CCSM3 20C3M global model results for 1990s. Figure 1
shows the annual average wind speed, wind resource
classification, and wind power density in the CONUS region
from CCSM3 20C3M global model results during 1990 to
1999. It is revealed that the greatest wind speeds are between
6 and 8 m s−1 and correspond to the west and east coasts, the
Great Plains region, and over parts of the Great Lakes Region.
Most of the CONUS region has an average of 5 m s−1 average
annual wind speed. The lowest wind speeds correspond to
the southeastern US with values of around 4 m s−1 . From
the wind resource classification for current climate based
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Figure 1: (a) Average annual wind speed (m s−1 ), (b) wind resource classification, and (c) average annual wind power density (W m−2 ) based
on CCSM3 data in the CONUS region for current climate (1990–1999).

on CCSM3 20C3M global model results (Figure 1(b)),
one can see that the most superb winds or class 8 winds
correspond to the Atlantic and Pacific Ocean while class 7
winds correspond to the northern most section of the Great
Plains (North Dakota and Montana) region as well as along
the western and eastern coastal regions. Correspondingly,
the wind power density is as great as 300 W m−2 over the
Great Plains region and coastal regions. In contrast, the wind
power density is as low as 50 W m−2 over the southeastern
portion of the US. In between these regions and across the
rest of the CONUS, there is an average of 100–200 W m−2 of
wind power density. Although an overall general assessment
of average annual wind speed, wind resource classification,
and average annual wind power density can be made for
current climate from the CCSM3 global model results,
detailed regional features are missing in the global model
results with relatively low grid resolution. That is why it
is important to downscale the CCSM3 global model to a
regional scale in order to get a better representation of the
wind resources across the CONUS region.
Figure 2 gives the annual average wind speed, wind
resource classification, and wind power density in the
CONUS region for the SSDA downscaled CCSM3 20C3M
global model results under current climate (1990–1999). It
does an overall better job at capturing the regional scale
features across the CONUS region as compared to Figure 1,
before the SSDA downscaling was applied. Although the
areas of maxima and minima wind speeds correspond to the
same general locations as in Figure 1(a), Figure 2(a) reveals

the influence of topography and small-scale geographical
features that the SSDA downscaling picks up on in small
subscale regions that the original CCSM3 data cannot. More
specifically, the SSDA downscaled data reveals a more realistic representation of wind speeds over the Rocky Mountains
and Great Lakes Region.
There is as great as a 3 m s−1 difference over these
areas before downscaling takes place as opposed to after. If
downscaling is not applied, the wind speeds will often be
underestimated since the CCSM3 will skip over important
subregions with differing topography. These differences can
also be seen in Figure 2(b) which shows the wind resource
classification. In Figure 1(b), there are nearly no regional
scale topographical features shown whereas in Figure 2(b)
these regional scale features are very clearly displayed. This
is the same case for Figure 2(c) versus Figure 1(c) for average
annual wind power density. Since wind power density is
directly proportional to wind speed, the areas with differences
are the same in this case.
In general, in order to get more realistic near-surface wind
speeds, wind power classification, and wind power density,
the LAM with higher spatial resolution downscaling from a
global to a regional scale will outperform the global model,
due to its better representation of regional characteristics
for topography, land use, and so forth. Besides, the SSDA
approach combines the merits for both the global model
and the LAM, which will also help the LAM produce more
accurate results. In the following comparisons between the
original CCSM3 global results and the SSDA downscaled
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Figure 2: (a) Average annual wind speed (m s−1 ), (b) wind resource classification, and (c) average annual wind power density (W m−2 ) for
SSDA downscaled simulation in the CONUS region for current climate (1990–1999).
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Figure 3: Locations of selected stations across the CONUS region
used in this study for comparison.

regional results against the NARR data, some surface wind
measurements from observation stations were made to show
the benefit of the SSDA regional downscaling.
Comparisons were made among CCSM3 data, SSDA
downscaled CCSM3, and NARR data for current climate
(1990–1999) against 30 stations that were chosen across the
US (see Figure 3 for the locations of the stations) in order to
get an overall assessment of the accuracy of the data sources
in terms of wind energy across the CONUS region. Regions
of both high and low wind energy were selected.
Table 2 shows the actual wind speed of each station
and is compared to the SSDA downscaled values, CCSM3
values, and NARR observational data values. In addition, the

standard error (SE) is shown for each data set. SSDA has the
second largest standard error value (SE = 0.27) out of all 4
data sets, indicating rather large variability of wind speeds at
each station location relative to the mean wind speed value.
SSDA has the greatest standard error value for wind speeds
in excess of 6 m s−1 with a value of 0.29. This indicates even
greater variability of wind speeds at each station location
relative to the mean wind speed value.
The mean absolute error (MAE) of SSDA, CCSM3, and
NARR in comparison to the station wind speed data is also
shown in Table 2. SSDA revealed less MAE than both CCSM3
and NARR data overall. SSDA had an MAE of 1.27 whereas
CCSM3 had an MAE of 1.43 and NARR 1.40, which means
that SSDA showed an overall 11% improvement over CCSM3
and an overall 9% improvement over NARR. Although these
percentages may not look like significant improvements, they
are calculated for a 10-year average time span from 1990 to
1999 over 30 stations.
A closer look at the data reveals that the SSDA downscaled wind speed tends to improve over the global model
simulation most significantly at higher wind speeds. For
stations with high wind speeds (>6 m s−1 ), SSDA appears
to have the most significant improvement over CCSM3 and
NARR. SSDA had an MAE of 1.35, whereas CCSM3 had
an MAE of 1.78 and NARR had an MAE of 1.88, which
means that SSDA showed an overall 24% improvement over
CCSM3 and an overall 29% improvement over NARR. These
improvements are very impressive because improvements
over regions of abundant wind resources are particularly
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Figure 4: Average annual wind speed (m s−1 ) from CCSM3 data for (a) 2040s and (b) 2090s under the A1B climate scenario.
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Figure 5: Average annual wind power density (W m−2 ) from CCSM3 data for (a) 2040s and (b) 2090s under the A1B climate scenario.

significant since these are regions in which wind energy
engineering is most likely to be conducted.

4. Wind Energy Resource Downscaling under
Future Climate
It has already been previously stated that downscaling is
essential in order to capture regional scale features that
GCMs cannot. Again, in this section, a comparison is made
between the CCSM3 data and the SSDA downscaled CCSM3
data for the average annual wind speeds for the 2040s and
2090s. From the original CCSM3 global model projection
results (e.g., Figure 4), it can be seen that the average annual
wind speed distribution for the 2040s and 2090s looks
very similar with maxima occurring over the Great Plains
regions and coastal locations and minima occurring over the
southeastern US. The average annual wind power density
(W m−2 ) for the 2040s also resembles that for the 2090s
(Figure 5). Since the wind power density is proportional to
the wind speed cubed, the average annual wind power density
does a better job of showing the contrast between high and
low wind regions since the colors are more defined between
the areas of maxima and minima wind speed.
However, when looking at the SSDA downscaled results
(Figures 6 and 7), the regional scale features are easily
visible across the CONUS region. Effects of topography
and local-scale features across the US are evident due to
the application of dynamical downscaling with the SSDA

approach, providing a more realistic picture of the wind
energy resources. More specifically, the regions of maxima
and minima wind speed are more defined across the CONUS
region when the regional scale features are able to be picked
up by the SSDA downscaling methodology.
In order to assess the climate change impacts on wind
energy resources, we further compare the SSDA downscaled
wind energy resources under future climate with those under
current climate conditions. Comparing Figures 6 and 7 with
Figure 2, one can notice that the average annual wind speed
experiences an overall shift across the CONUS region when
projecting a few decades ahead into the future by means
of following what is expected in IPCC’s A1B scenario. The
differences of the downscaled annual wind speed and annual
wind power density between the future climate (2040s and
2090s) and the current climate decade (1990s) are shown in
Figure 8, from which one can easily see where the average
annual wind speed is expected to increase or decrease across
the CONUS region.
According to Figure 8(a), over the next three decades,
the average annual wind speed is expected to increase over
the Great Plains, Northern Great Lakes, and Southwestern
United States located southwest of the Rocky Mountains. A
projected 0.1 to 0.2 m s−1 increase in mean wind speed is
expected over these regions. Along the east coast, wind speeds
remain fairly constant from the current climate to the 2040s.
However, there is a slight decrease of up to 0.2–0.4 m s−1
over the Southern Great Lakes region, Rocky Mountains,
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Table 2: Annual mean wind speed comparison of SSDA downscaled CCSM3 data, CCSM3 raw data, and NARR data to station observations
for current climate (1990–1999). Also, the standard error (SE) is shown for the observations, CCSM3, SSDA, and NARR data sets for all 30
stations as well as the 15 selected stations with wind speeds >6 m s−1 . Mean absolute error (MAE) for average annual wind speed for current
climate (1990–1999) between raw CCSM3 data, SSDA data, and NARR data all compared to the station data. Also, the MAE for average annual
wind speed greater than 6 m s−1 is calculated.
State
NC
NC
NC
—
MI
MI
WI
OK
TX
TX
KS
NE
MT
ND
CO
UT
—
CA
FL
VA
GA
TN
NY
NY
NH
ME
—
—
—
—
—
—
—
—

ID number
994040
994160
723060
992220
994200
994090
994190
723544
722670
722620
724517
725520
726798
727676
724699
725720
992380
747020
722020
994020
722190
723270
994100
725030
994270
994060
992760
992790
992420
992730
—
—
—
—

50

Latitude

45
40
35
30
25
20

−130

−120

−110

−100
−90
Longitude
(a)

−80

−70

Lat.
33.483
34.617
35.892
44.3
47.183
48.217
47.083
35.533
33.666
31.831
38.35
40.961
45.698
48.255
39.917
40.778
35.74
36.333
25.791
36.9
33.63
36.119
40.45
40.779
42.967
43.967
42.7
40.5
42.383
32.5
—
—
—
—
8
7
6
5
4
3
2
1
0

Lon.
−77.583
−76.517
−78.782
−82.4
−87.217
−88.367
−90.733
−97.65
−101.823
−104.809
−98.867
−98.314
−110.441
−101.273
−105.117
−111.969
−121.89
−119.95
−80.316
−75.717
−84.442
−86.689
−73.8
−73.88
−70.617
−68.117
−68.3
−69.467
−70.783
−79.1
—
—
—
—

OBS
7.76
5.86
3.08
4.99
8.38
6.73
6.07
5.40
5.55
8.33
5.24
5.04
7.04
5.24
4.88
3.91
6.73
2.67
3.91
7.35
3.91
3.39
7.81
5.29
7.14
7.81
6.68
6.53
6.12
6.58
0.29
0.19
—
—

CCSM3
5.95
5.88
4.10
5.57
5.44
5.29
4.90
5.43
5.34
4.76
6.07
6.22
5.88
6.63
5.84
5.12
5.54
4.74
4.89
5.38
4.08
4.22
5.57
5.18
5.72
6.49
7.79
7.84
5.92
5.72
0.16
0.23
1.43
1.78

SSDA
7.91
7.21
4.12
7.17
7.30
6.63
6.38
6.02
5.28
5.45
6.37
6.25
6.93
6.30
6.72
4.89
6.91
3.86
4.91
8.43
4.49
4.15
5.80
3.91
6.68
8.84
8.95
8.73
6.50
7.51
0.27
0.29
1.27
1.35

50
45
Latitude

Station name and statistics
Frying Pan Shoals
Cape Lookout
Raleigh/Ral-Durham
Env. Buoy 45008
Stannard Rock
Passage Island
Devil’s Island
Oklahoma City/Wiley
Lubbock/Lubbock INT
Pine Springs Guadalupe
Great Bend Muni
Grand Island County
Mission FLD
Minot Intl
Broomfield/Jeffco
Salt Lake City INTL
Env. Buoy 46028
Lemoore NAS
Miami
Chesapeake
Atlanta Hartsfield INTL AP
Nashville/Metropoli
Ambrose Light
New York/La Guardia
Isle of Shoals
MT Desert Rock
Env. Buoy 44005
Env. Buoy 44008
Env. Buoy 44013
Edisto
SE
SE for wind speeds >6 m/s
MAE
MAE for wind speeds >6 m/s

40
35
30
25
20

−130

−120

−110

−100
−90
Longitude

−80

−70

NARR
6.60
6.31
3.71
5.33
5.62
5.01
4.19
5.01
4.59
5.70
4.30
4.28
3.44
4.04
4.40
3.64
7.36
2.99
3.68
5.53
3.61
3.30
5.34
5.01
5.33
5.91
6.79
7.00
5.21
6.28
0.22
0.27
1.40
1.88
8
7
6
5
4
3
2
1
0

(b)

Figure 6: Dynamical downscaled average annual wind speed (m s−1 ) from CCSM3 for (a) 2040s and (b) 2090s under the A1B climate scenario.

8

Advances in Meteorology
300

50

250
200

40

150

35

35

150

30

100
50

100

25

50

25

0

20

−130

−120

−110

−100
−90
Longitude

−80

−70

200

40

30
20

250

45
Latitude

Latitude

45

300

50

−130

−120

−110

(a)

−100
−90
Longitude

−80

−70

0

(b)

Figure 7: Dynamical downscaled average annual wind power density (W m−2 ) from CCSM3 for (a) 2040s and (b) 2090s under the A1B
climate scenario.
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Figure 8: (a) Difference of average annual mean wind speed (m s ) between 2040s and 1990s (current climate) and (b) difference of average
annual mean wind speed (m s−1 ) between 2090s and 1990s (current climate).

and along the southeastern states west of the Appalachian
Mountains including the states of Kentucky, Tennessee,
Alabama, and Mississippi. The southeastern states east of the
Appalachian Mountains remain fairly constant.
When projecting further ahead into the 2090s decade,
by means of following what is expected in IPCC’s A1B
scenario (Figure 8(b)), the average annual wind speed also
experiences an overall shift across the CONUS region as
compared to current climate. There is an overall increase
in the Great Plains region and Southwestern United States
located southwest of the Rockies. However, the mean wind
speed only increases between 0 and 0.1 m s−1 from the current
climate to the 2090s. However, the Northern Great Lakes
region experiences a greater increase in mean wind speed
anywhere from 0.1 to 0.4 m s−1 . Along the east coast, wind
speeds experience a slight decrease of about 0.1 m s−1 . The
Southern Great Lakes region and southeastern states west
of the Appalachians decrease once again but only by 0.1 to
0.2 m s−1 as compared to current climate. Overall, the Rockies
decrease by an average of 0.1 to 0.2 m s−1 . However, there
are a few small spots along the Rockies that experience a
decrease of around 0.3 m s−1 . The southeastern states east of
the Appalachian Mountains remain fairly constant for the
most part, except for a very few areas that experience a slight
decrease anywhere between 0 to 0.1 m s−1 .
Therefore, overall, there is a more significant shift in
wind speeds from the current climate to the 2040s versus the

current climate to the 2090s over the majority of the CONUS
region with only one noticeable exception taking place over
the Northern Great Plains region.
In addition to comparing the future climate decades to
current climate across the CONUS region as a whole, four
subregions are chosen in order to get a closer look at how the
wind speeds are expected to change in these selected regions
throughout time. The four subregions chosen were as follows:
(1) Southeastern US (lon > −90 , lon < −82, lat > 30, and
lat < 38).
(2) Rocky Mountains (lon > −114, lon < −106, lat > 37,
and lat < 45).
(3) North Carolina (lon > −85, lon < −75, lat > 33, and
lat < 37).
(4) Great Plains (lon > −102, lon < −98, lat > 36, and
lat < 40).
Figure 9 shows themean wind speed time series for these
four subregions. As for the Southeastern US region, the
average annual wind speed is plotted for current climate
(1990s) and future climate decades 2040s and 2090s. The
black and white points represent yearly mean wind speeds
and the red points represent the overall 10-year averages for
each decade. Based on the plotted red point, there is an
evident decrease by about 0.1 m s−1 in the 10-year average
wind speed from the 1990s to the 2040s and then the wind
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Figure 9: Mean wind speed (m s−1 ) time series for the (a) southeastern US, (b) Rocky Mountains, (c) North Carolina, and (d) Great Plains
regions. The average annual wind speed is plotted for current climate (1990–1999) and future climate decades 2040s and 2090s. The black and
white points represent yearly mean wind speeds and the red points represent the overall 10-year averages for each decade.

speed remains fairly constant from the 2040s to 2090s. For the
Rocky Mountains region, the wind speed appears to decrease
from around 5.35 to 5.1 m s−1 between the 1990s and 2040s.
There is then a very slight increase of approximately 0.1 m s−1
from the 2040s to the 2090s, but this wind speed value is
still smaller than for current climate. The mean wind speed
time series for the North Carolina region experiences a slight
decrease between the 1990s and the 2040s and then remains
fairly constant from the 2040s to the 2090s with an average
value of around 5 m s−1 . And for the Great Plains region,
the mean wind speed time series reveals a mean wind speed
of approximately 5.9 m s−1 for the 1990s, and then the wind
speed increases to around 6 m s−1 by the 2040s. This indicates
an overall slight increase of approximately 0.1 m s−1 over the
Great Plains region from current climate to the 2040s. Then,
there is then a very slight decrease from the 2040s to the

2090s, but the overall wind speed in the 2090s is still larger
than for current climate.

5. Conclusion
Accurately assessing wind energy resources and predicting
the impacts that climate change has on them are essential in
order to prevent further waste of fossil fuels and encourage
new and improved renewable wind energy projects across
the CONUS region. Regional dynamical downscaling of
global climate models is beneficial due to its higher spatial
resolution and better capturing of the regional scale features
that the global models cannot. Besides, the new dynamical
downscaling approach of scale-selective data assimilation
(SSDA) in addition to the traditional sponge zone relaxation
downscaling approach was introduced in this study for
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wind energy resource downscaling in the CONUS, which
assimilates large-scale information from the global model to
the LAM, combining the merits of both the global and the
regional models.
The SSDA method was utilized to assess wind energy
resources under current climate based on CCSM3 global data
and also was used to project wind energy resources under
future climate for the 2040s and the 2090s by means of
following what is expected in IPCC’s A1B scenario. This SSDA
downscaling approach was demonstrated to make marked
improvements in downscaling wind energy resources under
current climate in the CONUS region. The distribution of the
wind energy resources produced by the SSDA downscaling
approach is more closely depicted to the actual observational
wind energy resource under current climate (1990s) across
the CONUS region, as compared to the other data sets
(including the original global CCSM3 data and the NARR
data) used in this study.
Wind energy resources under future climate were then
compared with those of current climate to assess the climate
change impacts on the evolution of wind energy resources in
the CONUS region. It was found that the average annual wind
speed experiences an overall shift across the CONUS region.
From the current climate to the 2040s, the average annual
wind speed is expected to increase over the Great Plains,
Northern Great Lakes region, and Southwestern United
States located southwest of the Rocky Mountains. A projected
0.1 to 0.2 m s−1 increase in mean wind speed is expected over
these regions. Whereas, when projecting into the 2090s from
current climate, there is an overall increase in the Great Plains
region and Southwestern United States located southwest
of the Rockies with a mean wind speed increase anywhere
between 0 and 0.1 m s−1 from the current climate to the 2090s.
However, the Northern Great Lakes region experiences an
even greater increase from the current climate to the 2090s
than over the first few decades, with a mean wind speed of
anywhere from 0.1 to 0.4 m s−1 .
It was also shown that the regional dynamically downscaled wind speeds tended to improve over the global model
results, specifically at regions with higher wind speeds.
Improvements over these regions of abundant wind resources
are particularly significant since these are regions where
wind energy engineering is most likely to be conducted. The
findings in this study provide the knowledge necessary to
renewable wind energy companies so that they know where to
invest in new wind energy projects and what impacts climate
change could have on the wind energy resources across the
continental United States.
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This paper evaluates the simulated Arctic land snow cover duration, snow water equivalent, snow cover fraction, surface albedo, and
land surface temperature in the regional climate model HIRHAM5 during 2008–2010, compared with various satellite and reanalysis
data and one further regional climate model (COSMO-CLM). HIRHAM5 shows a general agreement in the spatial patterns and
annual course of these variables, although distinct biases for specific regions and months are obvious. The most prominent biases
occur for east Siberian deciduous forest albedo, which is overestimated in the simulation for snow covered conditions in spring. This
may be caused by the simplified albedo parameterization (e.g., nonconsideration of different forest types and neglecting the effect
of fallen leaves and branches on snow for deciduous tree forest). The land surface temperature biases mirror the albedo biases in
their spatial and temporal structures. The snow cover fraction and albedo biases can explain the simulated land surface temperature
bias of ca. −3∘ C over the Siberian forest area in spring.

1. Introduction
The Arctic belongs to the key regions in the global climate system, evidenced by many rapid environmental changes (e.g.,
[1, 2]). In this context, the land surface temperature (LST)
is an important variable, because it reflects the changes in
the surface energy budget, the energy exchange between land
and atmosphere and feedbacks with cryospheric variables like
snow cover and frozen ground.
In addition to vegetation and soil moisture, the snow
cover characteristics have a significant impact on the LST
(e.g., [3, 4]). The isolating snow effect leads to less cooling
of the ground under snow and reduced upward longwave
radiative fluxes and thus to increased cooling of snow surface.
But most important is the snow-albedo feedback mechanism
(e.g., [5, 6]), at least when solar irradiation is present. Overall,
the occurrence of a snow pack manifests in modified sensible
and latent surface heat fluxes.

The processes in spring and autumn are particularly
crucial here. During the transition seasons fast changes of
LST occur, whereby the timing of seasonal warming/cooling
is related to the onset of snow melt/snow fall. A warming
climate is discussed to move the onset of snowmelt and
reduce the overall snow cover duration (SCD) [7]. The
observed decrease in snow cover duration over the Arctic is
largely caused by earlier onset of snow melt in spring [8],
which has a direct impact on air and ground temperatures.
When melting occurs, the snow cover acts as a heat sink
because of the large amounts of energy required for phase
change.
The snow cover characteristics, namely, snow depth (or
snow water equivalent, SWE) and snow cover fraction (SCF),
but also SCD and other characteristics, show distinct regional
heterogeneities. Regional climate models (RCMs) are suitable
tools for simulating these snow characteristics and associated land surface conditions at relatively high horizontal
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resolution. The studies of Shkolnik et al. [9] and Klehmet
et al. [10] demonstrated a reasonable agreement of RCM
simulated Siberian snow characteristics compared against
different reanalysis and satellite data. Further, Klehmet et
al. [10] assessed the added value of their SWE simulations
compared to reanalysis data.
In the present study, we evaluate the simulated LSTs of
the RCM HIRHAM5 against ERA-Interim reanalysis data
with respect to the following questions: is the model able
to reproduce observed LSTs? Can biases in the modeled
LST be explained with biases in snow cover characteristics?
Does the influence of albedo on LST play a key role? To
answer these questions, we analyze the observed and modeled
three snow cover characteristics (SWE, SCF, and SCD). An
accurate simulation of SWE is crucial in terms of hydrological
processes, while SCF and SCD are important for the surface
energy budget via the albedo. Thus, the simulated surface
albedo and LST are simultaneously evaluated.
Different RCMs apply land surface models of quite different complexities. To present a first glimpse about the range
of snow, surface albedo and temperature simulations over
Siberia, some of the HIRHAM5 results have been compared
with simulations from another RCM, namely, the COSMOCLM (CCLM), which has been applied over a Siberian
subdomain recently [10].

2. Observational and Modeled Data
To evaluate monthly results from HIRHAM5 simulations, the
following reference datasets have been used: (1) reanalysesderived snow water equivalent (SWE) from Canadian Meteorological Centre (CMC), ERA-interim and satellite-derived
products from GlobSnow; (2) satellite-derived snow cover
fraction (SCF) from MODIS and GlobSnow; (3) satellitederived surface albedo from MODIS and reanalyses data
from ERA-interim; (4) land surface temperature (LST) from
ERA-interim. A description of these datasets and of the
employed model is given in the following.
2.1. MODIS Satellite-Derived Data. The Moderate Resolution
Imaging Spectroradiometer (MODIS; http://modis.gsfc.nasa
.gov/index.php) is a passive optical and thermal sensor
system aboard the Terra and Aqua satellites. The MODIS
satellites provide global daily coverage. The wider range
of data products derived from MODIS observations are
valuable for evaluating the spatial-temporal results from
model simulations.
2.1.1. MODIS Surface Albedo. The albedo data used here
is the Climate Modeling Grid (CMG) Nadir Bidirectional Reflectance Distribution Function (BRDF) Adjusted
Reflectance (NBAR) Product “MODIS/Terra Nadir BRDFAdjusted Reflectance 16-Day L3 Global 0.05Deg CMG”, which
is derived from white-sky albedo only. Since the white-sky
albedo represents the integration over all zenith angles, the
error of the high quality MODIS operational albedos at 500 m
is well less than 5% at the majority of the validation sites
studied thus far, and even those albedo values with low quality
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flags have been found to be primarily within 10% of the field
data (e.g., [11–13]). Note that along coastlines, the 1 km pixels
that lie over shallow water are averaged into the 0.05 degree
CMG pixels, which may cause biases for these areas. The
albedo data are downloaded from http://modis-atmos.gsfc
.nasa.gov/ALBEDO/. The data are available for every 8 days as
16-day running mean, and we interpolated the corresponding
time intervals to obtain monthly means.

2.1.2. MODIS Snow Cover Fraction (SCF). The “MODIS/
Terra Snow Cover Monthly L3 Global 0.05Deg CMG, Version
5” data used in this study was obtained from the National
Snow and Ice Data Center in Boulder, Colorado, USA ([14];
http://nsidc.org/data/mod10cm.html). The reason why we
selected the Terra data as a primary key for snow detection is
the characteristic of snow to have high visible reflectance and
low reflectance in the near infrared, MODIS band 6 (1.6 𝜇m),
which is fully functional in Terra but only 30% functional in
Aqua. SCF is calculated by using the regression equation of
Salomonson and Appel [15], which is based on the Normalized Difference Snow Index (NDSI) values of each observing
pixel. For more detailed information we refer to the MODIS
snow products user guide [16]. The monthly snow product
was derived from the daily 0.05 degree resolution product.
It has an overall absolute accuracy of about 93%, but with
remaining problems caused by snow/cloud discrimination
[17]. Arsenault et al. [18] evaluated this product with in-situ
measurements collected in Colorado and Washington states
and identify a total SCF bias of about 7–17%. A similar study
from Simic et al. [19] over the Canadian evergreen forests
concludes a total error of about 10–20%.

2.2. CMC Snow Water Equivalent (SWE). The operational
analysis of snow depth data at the Canadian Meteorological
Centre (CMC) is a suitable dataset for evaluating model
simulations [20]. These 24 km horizontal resolution and daily
datasets have been downloaded from http://nsidc.org/data/
docs/daac/nsidc0447 CMC snow depth/. The analysis is
based on station observations and a background snow
depth field, which is generated by a simple snowpack model
forced with European Centre for Medium-Range Weather
Forecasts (ECMWF) precipitation and 2 m air temperature
[20]. Thus, the analysis makes use of precipitation forecasts
and an analysis of screen level temperature to estimate
snowfall and snowmelt. Wherever snow depth observations
are available, these are incorporated using the method of
statistical interpolation, performed every six hours on a
1/3∘ grid. For details we refer to Brasnett [21]. In regions
with relatively good station coverage the dataset is fairly
reliable, while it is considered as reasonable estimate of snow
depth over data-poor Arctic regions [22]. CMC derived the
monthly SWE data from the snow depth using a lookup
table of snow density, which is in turn based on snow course
observations [23]. However, we assumed a constant snow
density of 330 kg/m3 to be consistent with the approach that
is used in the HIRHAM5 model (see Section 2.5).
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2.3. GlobSnow Data. GlobSnow is a satellite-derived snow
products produced within the GlobSnow funded by the
European Space Agency (ESA) [24]. The SCF and SWE data
are based on the aggregation of optical satellites for SCF
and microwave satellites for SWE passing over within a
calendar month, weather station observations of snow depth,
and forward simulations employing a semi-empirical snow
emission model. The 25 km resolution data have been downloaded from http://www.globsnow.info/. This most recent
monthly L3B-product (v2.0) has major improvements over
the heterogeneous landscapes and in regions with significant
lake coverage [25, 26]. Concerning SWE retrieval accuracy, improvements are reported over Tundra and Northern
Boreal forests [26]. The GlobSnow dataset contains satelliteretrieved information on snow extent, SCF, and SWE. The
mapping of SCF is solved from a semiempirical model based
on reflectance observation [27]. A root-mean-square error
(RMSE) of 15% was calculated for the area of drainage
basins when validating the snow cover with snow course
observations [27]. Salminen et al. [28] find an average error of
about 5–7% for boreal forest. The SWE data has been derived
using the fuzzy mutual information (FMI) algorithm [29]
in combination with a time-series melt-detection algorithm
[8] that is based on passive microwave radiometer data and
synoptic station data, which leads to poorer performance
in mountain areas than non-mountain areas [30] due to
strong orographic complexity. Wet snow also contributes to
the difficulties in the retrieval algorithm [30]. Additionally,
vegetation cover affects the accuracy of the data so that dense
forest will for example, result in an underestimation of SWE
[31]. Takala et al. [30] compared GlobSnow SWE with station
data from the former Soviet Union, Finland, and Canada.
The authors found that the RMSE is less than 40 mm in
cases of SWE smaller than 150 mm, while the bias increases
if SWE is larger than 150 mm. Even though, GlobSnow
better represents the large-scale SWE pattern in comparison
with MODIS, because its SWE product combines satellitebased passive microwave measurements with ground-based
observations [30].
2.4. ERA-Interim Data. ERA-interim represents the
ECMWF’s new generation global reanalysis [32] that is based
on the Integrated Forecasting System (IFS) model. This
reanalysis incorporates many important IFS improvements
such as an increased model resolution, improved model
physics, the use of four-dimensional variational (4D-Var)
assimilation, and various other changes in the analysis
methodology [33]. ERA-interim reanalysis data have a
horizontal resolution of T255 (ca. 0.75∘ ). Snow depth and
SWE are first estimated by the forecast model based on
Douville et al. [34] and then updated based on a Cressman
analysis of station observations of snow depth and (when
available) SCF by satellite data [35]. There are two reasons
why the derived snow data are limited [32]: First, the
surface data assimilation system uses a relatively simple data
interpolation scheme and does not generate comprehensive
information about data quality control and usage. Second, the
incorrect introduction of geolocation during the processing
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of the Interactive Multisensor Snow and Ice Mapping System
(IMS) product at ECMWF introduces biases. In the ECMWF
forecast model, the SCF 𝑓sn is linearly related to the SWE 𝑆
in meters [36]:
𝑆
],
𝑆𝑐

𝑓sn = min [1,

(1)

where 𝑆𝑐 = 0.015 m is the threshold of snow thickness in m
water equivalent, above which the grid cell is fully covered
with snow. Then the snow mass budget can be written as
𝜌

𝜕𝑆
= 𝐹 + 𝑓sn (𝐸sn − 𝑀sn ) ,
𝜕𝑡

(2)

where 𝜌 is snow density, 𝐹 is the snow fall, and 𝐸sn and 𝑀sn
are snow sublimation and melting. Snow albedo for forestfree areas is time dependent and parameterized according to
the formulation of Verseghy [37] and Douville et al. [34]. The
snow albedo is separately calculated for melting conditions:
𝑡+1
𝑡
= 𝛼sn
−
𝛼sn

𝜀𝑎 Δ𝑡
𝑇0

(3)

and nonmelting conditions:
𝑡+1
𝑡
𝛼sn
= (𝛼sn
− 𝛼min ) exp (

−𝜀𝑓 Δ𝑡
𝑇0

) + 𝛼min .

(4)

Here, 𝜀𝑎 = 0.008 and 𝜀𝑓 = 0.24 are constants to control
albedo changes and snow melting, respectively, 𝛼min = 0.5
represents the minimum snow albedo, and 𝑇0 = 86400 s
is the length of a day in seconds. If snow fall is larger
than 1 kgm−2 h−1 , the snow albedo is reset to its assumed
maximum value of 𝛼max = 0.85. For boreal forest-covered
grid cells, the snow albedo is restricted to a maximum value
of 0.2. Finally, each grid cell albedo value is a linear relation of
forest and nonforest areas. For full details we refer to Viterbo
and Betts [38].
2.5. HIRHAM5 Model. HIRHAM5 is an atmospheric RCM
that combines the dynamical model core of HIRLAM [39]
and the physical parameterizations of ECHAM5 [40]. The
previous HIRHAM4 version has been applied to a wide range
of Arctic climate studies (e.g., [41, 42]). Its circum-Arctic
integration domain is shown in Figure 1 and has 218 × 200
grid points at a horizontal resolution of 0.25∘ (about 25 km).
There are 40 vertical model levels in the atmosphere, ranging
from approximately 10 m above the surface up to a height of
10 hPa. A Simulation for this domain, driven by ERA-Interim
data, has been carried out for the time period of 2008–2010.
LST is calculated solving the energy balance equation at the
surface, thus linking atmospheric, surface and soil processes.
According to Roeckner et al. [40] the energy balance equation
is used in the form:
𝐶𝐿

𝜕𝑇𝑠
= 𝑅net + 𝐿𝐸 + 𝐻 + 𝐺,
𝜕𝑡

(5)

where 𝐶𝐿 is the heat capacity of the surface layer, 𝐿𝐸 is the
latent surface heat flux, 𝐻 is the sensible surface heat flux, 𝐺
is the ground heat flux, and 𝑅net is the net surface radiation.
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Figure 1: HIRHAM5 integration domain (ocean and glacier are excluded) and applied (a) forest fraction (%) and (b) orography (m). The
black window in (a) indicate the Siberian subdomain.

SWE is estimated by a budget equation that considers
sublimation and deposition, snow fall, and snow melting.
On the basis of SWE, the model derives snow cover fraction
(SCF) as a function of forest fraction, interception capacity of
the canopy, and slope of the terrain given by the subgrid-scale
standard deviation of orography. SCF of a grid cell is given as
𝑓sn 𝑔 = 𝑓for 𝑓snc + (1 − 𝑓for ) 𝑓sn ,

(6)

where 𝑓for is the forest fraction of the grid cell, 𝑓snc is the SCF
on the canopy, and 𝑓sn refers to the SCF of bare ground.
The surface albedo of the land-covered part of a grid cell is
calculated by modifying a background albedo field according
to the calculated SCF. The background albedo is derived from
satellite data allocated to a high-resolution map of major
ecosystem complexes [43]. Over snow-covered land, the grid
mean albedo depends on a number of parameters such as the
fractional forest area, the leaf area index, the bare-soil albedo,
the snow albedo, and SCF of both the ground and the canopy
[44]. Similar to SCF, the surface albedo is derived as
𝛼surf = 𝑓for 𝛼for + (1 − 𝑓for ) 𝛼𝑔 ,

(7)

where 𝛼for is the albedo of forest, which depends on the leaf
area index, snow on canopy and canopy albedo as well as bare
soil albedo, while 𝛼𝑔 is the ground albedo that depends on the
bare soil and snow albedo as well as SCF of the ground.
2.6. CCLM Model. COSMO-CLM (CCLM, http://www.clmcommunity.eu/, [45]) is a nonhydrostatic atmospheric RCM
that is based on the numerical weather prediction model
Consortium for Small-scale Modeling (COSMO) performed
in a Climate Limited-area Modelling (CLM). Recently, it
has been applied for climate studies over Siberia [10]. The
Siberian domain extends from the Laptev and Kara Seas to

Northern Mongolia and from the West Siberian Lowland
to the border of the Sea of Okhotsk. The overlapping area
with the HIRHAM5 domain is indicated by the black lines
in Figure 1. A hindcast simulation has been conducted over
the Siberian domain with 50 km horizontal resolution for the
period 2008–2010 using ERA-interim forcing data.
For the consideration of snow, a multilayer snow model
within the land-surface scheme TERRA-ML is used. The
multilayer snow model is introduced in a preliminary version
by the Deutscher Wetterdienst. In the performed simulation,
two snow layers have been chosen as more layers did
not improve the results in the current setup. Each layer
is described separately by temperature, water content, and
porosity, according to the snow density. Further information
concerning the multilayer snow model is given in Klehmet
et al. [10]. SCF is calculated in CCLM using the following
formula:
𝑓sn = Max [0.01; min (1.0;

SWE
)] ,
𝛿𝑠

(8)

where 𝛿𝑠 = 0.015 m for snow [46].
The surface albedo over land is a mean of bare soil albedo,
vegetation albedo and snow albedo if snow is present. In
the used CCLM version, soil albedo is a function of soiltype and soil water content in the top soil layer. TERRAML distinguishes between seven soil types based on the Digital Soil Map of the World (http://www.fao.org/home/en/).
Vegetation is not explicitly included. Rather an external
dataset of land cover is used and specific plant characteristics
are derived from the dominant land cover and land use
type. These characteristics are fractional area covered by
plants (plant cover), leaf area index, and roughness length.
Deciduous or evergreen forest is considered separately to
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better account for the influence on the snow albedo of forests.
The snow albedo of forests 𝛼sn for is given by
𝛼sn for = 𝛼sn (1 − 𝑓fore −𝑓ford )
+ 𝛼sne 𝑓fore + 𝛼snd 𝑓ford ,

(9)

where 𝛼sn is the snow albedo on bare soil, 𝑓fore and 𝑓ford are the
forest fractions of evergreen or deciduous forest, and 𝛼sne and
𝛼snd the snow albedo of both forest types.
In addition, a time-dependent snow albedo is included by
using an ageing condition. A detailed description of CCLM is
presented by [46].

3. Analysis Methods
All the gridded observational data have been interpolated
onto the HIRHAM5 grid. This allows us to compare the
datasets to one another and to evaluate the HIRHAM5
simulation by reference to these various observations. Further, monthly area-averages over a Siberian domain (see
Section 2.6) have been calculated for all the datasets.
According to the simulation period, the paper discusses
monthly and seasonal (spring-MAM, autumn-SON) SWE,
snow cover duration (SCD), SCF, albedo, and LST averages
over 2008–2010. On the one hand, we present the spatial maps
for spring and autumn and on the other hand, we discuss
the annual cycle of the variables averaged over the Siberian
domain.
As an additional measure for snow evaluation we calculated the SCD from daily CMC data and the HIRHAM5
model. Discussing SCD on a seasonal scale allows a simplified
approach on analyzing earlier onset of snow melt or later
onset of snow fall, as these occur in the transition seasons.
Spring SCD counts the number of days for each grid cell during the period from March 1st to May 31st for which the cell
was snow-covered. Analogous, autumn SCD considers the
period from September 1st to November 30th. In accordance
with other studies (e.g., [47–49]), a threshold of daily 2 cm
SWE was applied to decide if the grid cell is snow-covered or
not. Thus, spring SCD characterizes the snow free start, while
autumn SCD characterizes the timing of snow accumulation
onset after summer and before permanent snow cover occurs.
Snow cover and depth, albedo, and LST are highly dependent on land cover or vegetation type. Therefore, we also
separately discuss them with respect to forest and nonforest
grid cells. Based on a global 1 km-resolution dataset from
Hagemann [43], a threshold of 50% forest fraction has been
applied according to Figure 1.

4. Results and Discussion
4.1. Snow Cover and Albedo
4.1.1. Spatial Patterns in Circum-Arctic Domain
Snow Cover Duration (SCD). The spatial patterns of spring
and autumn SCD are shown in Figure 2. The spring patterns

show a strong zonally symmetric structure, but orographically influenced, as SCD is largely affected by surface temperature during the snow melt period. The shortest SCD is found
over lower latitudes (e.g., over Northern Europe and west
Russia); it ranges there from 10 days to 60 days. The longest
SCD of more than 70 days occurs over the West Siberian
Plains, the Taymir Peninsula, and the Canadian archipelago
and in mountain areas. The timing of snow cover onset in
autumn is temperature and precipitation driven. Therefore,
the autumn SCD spatial patterns are more regionalized than
those in spring. Largest SCD of more than 60 days occur here
over the mountainous regions which experience very early
snow fall.
Generally, the simulated spatial SCD patterns agree with
those from CMC, but biases in absolute numbers occur. In
spring, the model underestimates SCD of up to 25 days.
Thus, the model shows the largest underestimation of up to
40% in the sub-Arctic areas. Smallest differences (of up to
−4 days) are over the regions with the largest SCD (Taymir
Peninsula, Lena river basin area, and Canadian archipelago).
The largest underestimation of SCD in sub-Arctic areas
in spring is caused by an underestimated snow amount,
which might be related to an insufficient cyclone transported
moisture and the localization of precipitation amount [10].
The general underestimation of SCD is further associated
with biased melting onset and melting rate, which could
be caused by the simplified snow parameterizations (such
as the one-layer snow model or nonconsideration of snow
aging) in HIRHAM5. In autumn, the model under- and
overestimates (depending on the region) the SCD compared
to CMC. The differences are of small-scale and manifested
over mountainous regions, where the model tends to show
higher SCD compared to CMC. The reasons could be, on the
one hand, the higher model resolution and associated higher
precipitation and snow depth and, on the other hand, the
lower station density in CMC.
Snow Water Equivalent (SWE). The simulated spatial patterns
of SWE are comparable with those from CMC but show some
disagreement with GlobSnow and ERA-interim (Figures 3
and 4). Largest CMC-derived amount of SWE occur over
the West Siberia plains and the Rocky Mountains, with
SWE of more than 18 cm in spring and more than 4 cm in
autumn. The model tends to overestimate the SWE in those
regions by ca. 20–30% compared to CMC. The model biases
compared to GlobSnow and ERA-interim are larger than
CMC. GlobSnow shows the same large differences relative
to CMC. Particularly, GlobSnow does not show a large
amount of SWE over Alaska, the Canadian archipelago and
the mountain areas. The differences between GlobSnow and
CMC can reach more than 8 cm. This may be due to the sparse
measurements and the simplicity of the retrieval algorithm in
GlobSnow (the algorithm is designed particularly for boreal
forest; [50]).
Snow Cover Fraction (SCF). Spring and autumn SCF spatial
patterns are shown in Figures 5 and 6. For autumn, GlobSnow
has only been averaged over September and October due
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Figure 2: Snow cover duration (days) averaged over 2008–2010 for spring (a) and autumn (b) derived from HIRHAM5, CMC and their
difference “HIRHAM5 minus CMC”.

to lack of optical satellite acquisitions which is caused by
reduced incoming and reflected radiation at high latitudes.
In spring, clear zonally symmetric and orographydependent structures appear, similarly to those seen in SCD.
The largest snow cover in HIRHAM5 is found over the
west Siberian plains and the Taymir Peninsula, the Kolyma
River basin, and the Canadian archipelago. SCF reaches there
up to more than 0.7. Other regions (e.g., Lena river basin,
Northern Europe, and Alaska) show smaller SCF of 0.3–
0.6. MODIS and GlobSnow SCF spring patterns are in good
agreement to each other. Both show high values of SCF
of 0.7–0.9 over the whole Arctic. Compared with MODIS,
HIRHAM5 calculates generally similar spatial patterns but
much smaller amplitudes of SCF within the whole domain in
both seasons. The regionally dependent bias ranges between
−0.4 and −0.1. The modeled spatial SCF patterns follow
closely those of SWE because SCF is derived from SWE
(see Section 2.5). Compared with GlobSnow, the HIRHAM5
biases are quite similar with the comparison against MODIS
in both seasons. However in autumn, the HIRHAM5 bias
compared to GlobSnow shows smaller scale biases of higher
amplitude. This is caused by the lack of GlobSnow data due
to reduced incoming and reflected radiation at high latitudes
in this season.

Surface Albedo. The simulated surface albedo shows biases
in spring and autumn, compared to both ERA-interim and
MODIS (Figure 7). In spring, both “HIRHAM5 minus ERAinterim” and “HIRHAM5 minus MODIS” show a main
feature: HIRHAM5 has a positive albedo bias compared to
both datasets (of up to 0.4 compared with ERA-interim and
of up to 0.3 compared with MODIS) over the areas where
the forest cover fraction is relatively large (see Figure 1) and
forest is mainly comprised of deciduous trees, that is, over
the West Russian Arctic, Lena River basin, and parts of river
basins in Alaska and Canada. In autumn, a similar spatial bias
pattern is obvious in comparison with ERA-interim, while the
bias in comparison with MODIS is largely latitude dependent.
The results indicate that HIRHAM5 overestimates the surface
albedo in these forest areas for both seasons. It is worth noting
that this does not happen in the Scandinavia area where
forest cover fraction is even higher, because the forest type is
different: deciduous tree versus evergreen tree. Also there is
no snow cover in Scandinavia during spring months despite
being at high altitudes. Fallen leaves and branches on snow
coverage, which are not considered in the albedo parameterization, would cause a much darker albedo despite snow
coverage. This could be responsible for the positive bias over
the Siberian region. This result is in agreement with Roesch
and Roeckner [51], even though HIRHAM5 shows shorter
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Figure 3: Snow water equivalent (cm) averaged over 2008–2010 for spring derived from HIRHAM5, CMC, GlobSnow, ERA-Interim and
their corresponding differences “HIRHAM5 minus CMC”, “HIRHAM5 minus GlobSnow”, “HIRHAM5 minus ERA-Interim”.

spring SCD and underestimated SCF. Further, in spring,
there are relatively large differences between the two biases
“HIRHAM5 minus ERA-interim” and “HIRHAM5 minus
MODIS” in specific areas like the Canadian archipelago and
the Kola Peninsula. There HIRHAM5 shows large negative
albedo biases (of up to −0.3) with respect to MODIS, but
only small negative or even positive biases compared to ERAinterim. In autumn, large positive albedo biases (compared
to MODIS) are located over the West Siberia Plain, the
Taymir Peninsula, and the Canadian archipelago, which
may come from the longer autumn SCD (Figure 2). Biases
with respect to ERA-interim derived albedo are a result
of the different parameterizations compared to HIRHAM5.
As for MODIS-derived albedo, cloud cover affection is one
important limitation. On the one hand, satellite observation
is not continuous due to cloud cover; on the other hand, when
there is snow cover, optical satellite products may contain

undetected and unmasked cloud cover for snow and ice land
surface [52].
4.1.2. Annual Cycle over the Siberian Subdomain. As shown,
snow cover and albedo are influenced by the vegetation cover.
Therefore, their annual cycle has been analyzed separately
for forest and nonforest regions. To enable a comparison
with CCLM simulations (see Section 2.6), the evaluation is
restricted here to the Siberian subdomain (see Figure 1). Due
to the difference of forest fraction between HIRHAM5 and
CCLM, we consider the forest cover fraction between 0.5–1.0
in both model as forest area and forest cover fraction between
0–0.5 in both model as nonforest area.
Snow Water Equivalent (SWE). Figure 8 shows significant
differences in the annual cycle of SWE, particularly for forest
areas. Over forest, the observational datasets ERA-interim,
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Figure 4: Snow water equivalent (cm) averaged over 2008–2010 for autumn derived from HIRHAM5, CMC, GlobSnow, ERA-Interim and
their corresponding differences “HIRHAM5 minus CMC”, “HIRHAM5 minus GlobSnow”, “HIRHAM5 minus ERA-Interim”.

CMC, and GlobSnow show differences from November to
May. While CMC and GlobSnow largely agree, ERA-interim
shows systematically higher SWE by ca. 5 cm. For nonforest
areas, the observational data are closer to each other, but
GlobSnow shows smaller SWE compared to CMC and ERAinterim data from February to April.
For both regions, HIRHAM5 tends to underestimate
SWE, but particularly in forest areas. The underestimation
of SWE in the forest region is also presented by CCLM,
but mainly during the winter months. Except for May, both
models are better in reproducing SWE over nonforest areas
than over forest areas. This may be caused by the complexity
of forest vegetation.
Snow Cover Fraction (SCF). Figure 9 shows that for both forest
and nonforest areas, MODIS and GlobSnow-derived SCF

agree well in spring (March–May), but differ significantly in
autumn (October-November). A systematic underestimation
of HIRHAM5-simulated SCF especially in spring has already
been discussed (see Section 4.1.1; Figures 5 and 6), although
the model calculation of SCF considers various surface properties (e.g., orography, surface type, and vegetation cover).
Over both areas, forest and nonforest areas, HIRHAM5
strongly underestimates SCF by 0.2–0.5 in April and May
compared to both MODIS and GlobSnow. In autumn, the
models agreement with the observations is better, particularly
with GlobSnow. Compared to MODIS, the model again
shows an underestimated SCF. In October and November,
HIRHAM5 agrees with GlobSnow, while MODIS shows
higher SCF especially for nonforest areas. Takala et al. [30]
argue that GlobSnow is of better quality than MODIS in
the Russian area. Compared with HIRHAM, CCLM shows
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Figure 5: Snow cover fraction averaged over 2008–2010 for spring derived from HIRHAM5, MODIS, GlobSnow and their corresponding
differences “HIRHAM5 minus MODIS” and “HIRHAM5 minus GlobSnow”.
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Figure 7: Surface albedo differences “HIRHAM5 minus ERA-Interim” and “HIRHAM5 minus MODIS” for spring (a) and autumn (b),
averaged over 2008–2010.

a better simulation of the observed annual cycle of SCF. The
results agree well with MODIS and GlobSnow in spring,
though a small overestimation in autumn compared with
GlobSnow exists. The better CCLM performance could be
connected with the separate consideration of deciduous and
evergreen forest, which better accounts for their influence on
the snow and albedo over forests.
Surface Albedo. Though HIRHAM5 underestimates SWE
and SCF, the surface albedo is largely overestimated for the
Siberian forest region in spring by more than 0.2 (about 60%–
70%), compared to MODIS and ERA-interim (Figure 10).
Over forest regions, the snow-masking effect of fallen leaves
and branches that darkens the snow albedo seems to be an
important factor to affect the surface albedo simulation for
snow covered areas. Note that lack of solar radiation lessens
the importance of the snow-masking effect on the albedo

during the heavy snow season from October to March [52].
However, the snow-masking effect causes a darker observed
albedo. This may play an important role during the transition
months of May and September when solar radiation is available. Over nonforest region, the HIRHAM5 albedo shows
better agreement with MODIS, especially for the period from
April to October. The albedo overestimation in spring is
much smaller than over forest. HIRHAM5 reproduces the
albedo decrease from April to June with the same rate as
MODIS over nonforest. Both for forest and for nonforest
areas, the CCLM albedo shows better agreement with MODIS
than HIRHAM5, associated with the sophisticated, snowdependent albedo scheme in CCLM (Section 2.6).
During the snow-free months from June to September,
the HIRHAM5 and CCLM albedo data agree with the observational data of MODIS and ERA-interim both for forest and
for nonforest areas. During the snow free period, the model
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Figure 8: Annual cycle of snow water equivalent (SWE; cm) for Siberian subdomain derived from HIRHAM5, CMC, ERA-interim, GlobSnow
and CCLM averaged over 2008 to 2010 for forest (a) and nonforest (b) areas.
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Figure 9: Annual cycle of snow cover fraction for Siberian subdomain derived from HIRHAM5, CCLM, MODIS and GlobSnow averaged
over 2008 to 2010 for forest (a) and nonforest (b) areas.

albedo depends only on temperature and forest fraction,
and the results show that the applied parameterizations are
adequate.
It is worth noting that the ERA-interim albedo over the
Siberian forest region shows practically no annual cycle but
is more or less fixed to 0.2. This is due to the snow albedo

scheme in the ECMWF forecast model, which limits the
deep-snow albedo for boreal forest to 0.2 [38].
4.2. Land Surface Temperature (LST). Figure 11 shows the
comparison of HIRHAM5 LST and ERA-Interim LST. The
spring and autumn LST spatial bias patterns (Figure 11)
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Figure 11: Land surface temperature difference “HIRHAM5 minus ERA-Interim” (K) averaged over 2008–2010 for spring (a) and autumn (b).

resemble the albedo bias patterns (Figure 7). In spring,
HIRHAM5 is up to 4 K colder over the Siberian forest region.
The autumn LST bias ranges between −3 K and 3 K and is
obviously not related to the vegetation cover.
By comparing the simulated LST annual cycle with ERAinterim over the Siberian region (Figure 12), we recognize
that both models simulate the LST annual cycle well and
the deviations from March to October are smaller than in

the other months. In winter, the models tend to be warmer
than ERA-interim, particularly CCLM. The LST agreement in
spring and autumn is good, except for HIRHAM5 over forest
areas in March and April. Here, the better SCF and albedo
simulation in CCLM affect the better CCLM LST results.
Though the HIRHAM5 forest albedo is higher for most of the
months, the temperature bias is only limited to March and
April, because the snow albedo affection to LST is obvious
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Figure 12: Annual cycle of land surface temperature (LST; ∘ C) for Siberian subdomain derived from HIRHAM5, CCLM and ERA-interim
for forest (a) and nonforest (b) areas averaged over 2008 to 2010.

when the solar radiation becomes stronger (e.g., March and
April), while the solar radiation (and albedo effect) in winter
is quite small. And this effect will decrease with progressive
snow melting.
At the beginning, we aimed to compare the simulated
LST with the MODIS-derived LST. However, the following
limitations have to be considered such that we decided
not to do so: LST MODIS observational data are only for
clear-sky cases. Thus, it is difficult to compare satellite data
with modeled results for whole time period. Even if the
comparison would be focused on clear-sky LST, due to
different temporal and spatial samplings between satellite
and model, such a comparison is not firm. Also because our
HIRHAM5 simulation is relatively short, if one compares the
two datasets, the sampling of clear-sky versus cloudy-sky data
needs to be considered carefully in order to keep the temporal
uniformity of the comparison. Therefore, we cannot directly
compare LST-derived by MODIS and modeled LST. With the
state of observational data, comparison between model and
satellite data has to be limited to LST-driving parameters like
SCF and SWE. Therefore, the modeled LST is only compared
with ERA-interim data due to limitations of satellite-derived
LST.

5. Summary and Conclusion
In this study, HIRHAM5 modeled Arctic land snow cover;
albedo and LST are evaluated in spring and autumn using various satellite and reanalysis data. In addition, the HIRHAM
data is compared with CCLM as second RCM.

HIRHAM5 can generally capture the main characteristics
of the spatial patterns and the annual evolution of SWE, SCF,
albedo, and LST, although significant biases are detected.
It has been shown that the simulation of snow cover
characteristics (SWE, SCF, and albedo) over forest areas is
difficult for the model, particularly in spring during the snow
melt. The albedo and temperature bias in spring for Siberian
deciduous tree forest is obvious in HIRHAM5. This could
be caused by neglecting the snow-masking effect of fallen
leaves and branches for deciduous tree forest in the SCF
parameterization, since SCF is a key variable to control the
albedo simulation in spring. The effect of improved SCF
and albedo simulations on the improved LST is shown by
the CCLM results. Less snow cover leads to lower albedo,
which causes more solar radiation absorption and this further
accelerates snow melting. This process is a positive feedback
and small biases can be amplified and then reflected in
the LST bias. The implication of this result is that the
simulated spring and autumn LST can be mainly improved
by improving the regional snow cover and thus the surface
albedo.
Our finding of the unsatisfactory nature of the Siberian
forest albedo parameterization is in agreement with Roesch
and Roeckner [51], who pointed out this weakness for the
applied ECHAM5 parameterization. Thus we suggest for the
albedo parameterization a separate consideration of forest
types (e.g., such as in CCLM) and the implementation of the
effect of fallen leaves and branches on snow. The simulated
nonforest SWE, SCF, and albedo are in reasonable agreement
with the observations. The applied temperature and forest
fraction dependent albedo parameterization works well.
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There are also limitations in the use of the selected
datasets. Differences between the different data sets have
been presented. For instance, SWE derived from CMC
and GlobSnow and autumn SCF derived from MODIS and
GlobSnow differ considerably. For such cases it is difficult to
evaluate the model simulations and the comparisons need
to take all available observational data sets into account.
In addition, optical satellite retrievals are difficult for dense
cloud cover and for cloud cover over snow and ice surfaces,
which will cause contamination of data [52].
The evaluation of our study is restricted to only 3 years:
a time span where all data products overlap. However, this
short period is sufficient when looking at mean values and
the evaluation results do not differ when more years are
included (e.g., 10 years is tested). Nevertheless, for further
climate statistics the data of long-term simulations should be
included in future work.
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S. Anttila, S. Metsämäki, J. Pulliainen, and K. Luojus, “From EO
data to snow covered area (SCA) end products using automated
processing system,” in Proceedings of the IEEE International
Geoscience and Remote Sensing Symposium (IGARSS ’05), pp.
1947–1950, Seoul, Republic of Korea, July 2005.
A. Roesch and E. Roeckner, “Assessment of snow cover and
surface albedo in the ECHAM5 general circulation model,”
Journal of Climate, vol. 19, no. 16, pp. 3828–3843, 2006.
Ø. Torbjørn, S. Thomas, and W. Sebastian, Quality Assessment
of MODIS Land Surface Temperatures over an Arctic Ice Cap, vol.
15, EGU, 2013.

Hindawi Publishing Corporation
Advances in Meteorology
Volume 2014, Article ID 516762, 11 pages
http://dx.doi.org/10.1155/2014/516762

Research Article
The Role of the Dominant Modes of Precipitation
Variability over Eastern Africa in Modulating the Hydrology of
Lake Victoria
Kara A. Smith and Fredrick H. M. Semazzi
Department of Marine, Earth and Atmospheric Sciences, North Carolina State University, Raleigh, NC 27695, USA
Correspondence should be addressed to Kara A. Smith; kasmith5@ncsu.edu
Received 18 May 2014; Accepted 4 August 2014; Published 16 September 2014
Academic Editor: Lian Xie
Copyright © 2014 K. A. Smith and F. H. M. Semazzi. This is an open access article distributed under the Creative Commons
Attribution License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is
properly cited.
Previous water budget studies over Lake Victoria basin have shown that there is near balance between rainfall and evaporation and
that the variability of Lake Victoria levels is determined virtually entirely by changes in rainfall since evaporation is nearly constant.
The variability of rainfall over East Africa is dominated by El Niño-Southern Oscillation (ENSO); however, the second and third
most dominant rainfall climate modes also account for significant variability across the region. The relationship between ENSO
and other significant modes of precipitation variability with Lake Victoria levels is nonlinear. This relationship should be studied
to determine which modes need to be accurately modeled in order to accurately model Lake Victoria levels, which are important
to the hydroelectric industry in East Africa. The objective of this analysis is to estimate the relative contributions of the dominant
modes of annual precipitation variability to the modulation of Lake Victoria levels for the present day (1950–2012). The first mode
of annual rainfall variability accounts for most of the variability in Lake Victoria levels, while the effects of the second and third
modes are negligible even though these modes are also significant over the region.

1. Introduction
Lake Victoria is approximately 67,000 km2 in area but shallow
with an average depth of only 40 m. It is territorially administrated by Tanzania, Uganda, and Kenya and is a major source
of income in those countries producing $3-4 billion annually.
The lake basin provides fresh water and hydroelectric power
for over 30 million people who live in the Lake Victoria
basin, as well as supporting agriculture, fisheries, trade, and
tourism. The lake is the primary source of the White Nile
which flows through Lake Kyoga in Uganda and Lake Albert
into Sudan, where it joins with the Blue Nile at Khartoum to
form the Nile River, which supports the livelihood of over 300
million people.
The climate of the lake basin is dominated by the bimodal
signature of the intertropical convergence zone (ITCZ). It
is well known that El Niño-Southern Oscillation (ENSO)
and the Indian Ocean Zonal Mode (IOZM) dominate the
interannnual climate variability of Eastern Africa [1, 2].

Bowden and Semazzi [2] examined the intraseasonal climate
variability over the Greater Horn of Africa during the
October–December rainy season using empirical orthogonal
function (EOF) analysis of pentad data for 1979–2001. The
two dominant modes for that season were found to be
a mixture of El Niño-Southern Oscillation-Indian Ocean
Dipole and a decadal mode. Schreck III and Semazzi [3]
found that the second most significant October–December
regional precipitation EOF mode was significant over this
region. The mode is characterized by decadal variability and
a dipole rainfall loading pattern. Indeje et al. [4] analyzed the
evolution of ENSO throughout the region and found that relatively wet conditions were observed during the March–May
and October–December rainfall seasons of the El Niño years.
The spatial distribution of rainfall over Lake Victoria
basin is complex, consisting of a wave-like dry-wet-dry-wet
climatological rainfall pattern. This climatic pattern, its variability, and associated atmospheric and marine conditions
determine the performance of the primary socioeconomic
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activities across the basin, including agriculture, fisheries,
and hydroelectric power generation. The productivity of
hydroelectric dams along the Nile River is, to a large extent,
determined by the level of Lake Victoria, which is primarily
dictated by the rainfall variability over the Lake Victoria
basin. Because of this, it is important to determine the modes
of variability in precipitation, which dominate the variability
in lake levels.
Many studies [5–8] have utilized water balance models of
Lake Victoria to close the water balance for the lake as well as
to examine the sharp increase in levels from 1961 to 1964 and
the decline afterwards. Yin and Nicholson [9] used observed
lake levels and a water balance model to estimate rainfall over
the lake basin. More recently, studies have been done in order
to attribute the recent decrease in Lake Victoria to droughts
and release from the hydroelectric dams which control the
lake outflow [10–12].
While previous studies in this region have examined
either the dominant modes of climate variability or the
impact of total rainfall on Lake Victoria levels, the primary
objective of this study is to estimate the relative contributions
of the dominant modes of annual precipitation variability
to the modulation of Lake Victoria levels. The relationship
between precipitation over Lake Victoria basin and lake levels
is nonlinear. This relationship should be studied to determine
which modes need to be accurately modeled in order to
accurately model Lake Victoria levels, which are important
to the hydroelectric industry in East Africa.

2. Methods
The primary method of investigation is a water balance
model in combination with application of EOF analysis of the
regional Eastern Africa rainfall using the University of East
Anglia Climate Research Unit (CRU) version 3.21 [13] over
a region covering 10.67∘ S–4.25∘ N and 29.98∘ E–41.9∘ E. The
water balance model employs rainfall at six discrete locations
around the lake to construct Lake Victoria levels. We adopt
the EOF approach to isolate the contribution of individual
significant EOF modes and to reconstruct the lake levels
based on the water balance model. The results are compared
with Lake Victoria levels constructed using the total rainfall.
The time series from the significant seasonal modes are
correlated with NOAA Extended Reconstructed Sea Surface
Temperature (ERSST) v3b global sea surface temperatures
(SSTs) to investigate the physical mechanisms responsible for
each mode.
2.1. Empirical Orthogonal Function (EOF) Analysis. Empirical orthogonal function (EOF) analysis [14] was performed
on precipitation in Eastern Africa in order to examine the
effect of different modes of precipitation variability on rainfall
over the region. We test for significance of the modes using
Kendall’s [15] criterion for distinctly separated EOFs, for
sample size 𝑁, that the sampling error associated with a
given eigenvalue must be smaller than its spacing from the
neighboring eigenvalue. We then relate the spatial patterns to
known physical properties, such as ENSO and IOZM. EOF
analysis is performed on annual precipitation since annual
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precipitation is the input in the water balance model used in
this study. Seasonal modes of variability are also found and
compared to the significant annual modes to determine their
physical properties.
Reconstruction of variables utilizing a systematic inclusion of a subset of eigenmodes which account for most of
the data variability has been utilized to filter out statistical
noise by reconstructing the data using a reduced number of
significant EOF modes. We reconstructed rainfall over the
lake basin with only one significant model of variability at a
time to examine the contributions of the individual modes to
Lake Victoria levels. Since the water balance model used in
this study takes in annual precipitation, precipitation is only
reconstructed for the annual modes of variability. Our data
reconstruction procedure is similar to the approach used in
Weickmann and Chervin [16] and Semazzi et al. [17]. Since
the EOF analysis was calculated based on the normalized
correlation matrix, we first denormalize the data by multiplying the data by the standard deviation for each grid point
and then adding the resulting anomalies to the mean. The
reconstruction was then performed using the equation
𝑀

𝑞𝑗 (𝜆, 𝜙) = 𝑞 (𝜆, 𝜙) + ∑ 𝑔𝑖𝑗 𝑒𝑖 (𝜆, 𝜙) 𝑠 (𝜆, 𝜙) ,

(1)

where 𝑞(𝜆, 𝜙) is the time mean vector, 𝑀 is the number of
the selected set of EOFs used in the reconstruction, 𝑔𝑖𝑗 is the
principal component at time 𝑗 for the eigenvector, 𝑖, 𝑒𝑖 (𝜆, 𝜙)
is the 𝑖th eigenvector, and 𝑠𝑖 (𝜆, 𝜙) is the standard deviation.
The annual mean for the reconstructed data is identical to the
corresponding mean for the reconstructed data, independent
of the number of modes used in the reconstruction of the
percentage of variability covered by the modes.
2.2. Water Balance Model. Tate et al. [8] developed a water
balance model based on those used in previous studies [5–
7, 18] to estimate the level of Lake Victoria at the end of a given
year (𝐿 𝑛 ) by calculating the change in the lake level during the
year (Δ𝐿) and adding it to the projected level for the previous
year (𝐿 𝑛−1(estimated) ).
The change in lake level is calculated as follows:
Δ𝐿 𝑛 = [𝑃 − 𝐸 +

𝑄in − 𝑄out
] ,
𝐴
𝑛

(2)

where 𝑃 and 𝐸 are precipitation and evaporation over the
lake, respectively, 𝑄in is inflow into the lake from tributaries,
𝑄out is outflow from the dams at Jinja, and 𝐴 is the surface
area of Lake Victoria. Evaporation is assumed constant at
1595 mm yr−1 .
Precipitation over the lake, the dominant source of water
for Lake Victoria, is assumed to be a nonlinear function
of the average rain gauge precipitation at six stations (Jinja,
Entebbe, Kisumu, Musoma, Bukoba, and Mwanza) along the
perimeter of the lake (Figure 1). Since station data is not
readily available, CRU TS 3.21 gridded precipitation was used
to investigate the modes of variability in Eastern Africa and
their effects on Lake Victoria levels over the years 1950–2009.
The CRU precipitation is interpolated to the six stations using
WENO interpolation as described in [18]. The interpolated
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Figure 1: Location of stations used in water balance model.
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station precipitation values are then used in place of the
station gauge precipitation. The tributary inflow, 𝑄in , is solved
using the technique of [8], while 𝑄out is found by solving the
equation from [19]. Since Δ𝐿 𝑛 appears on the left-hand side
of the equation, and as part of the equation used to calculate
𝑄out , the equation must be solved iteratively. This procedure
is executed using two iterations, setting Δ𝐿 𝑛 = 0 on the first
iteration.
Lake Victoria levels calculated using the water balance
model are shown as a black line in Figure 2, while observed
lake levels are shown in purple. The Lake Victoria level
observations used in this study are based on a data set of
lake level observations from January 1949 to May 1998 at
a gauge at the main river outlet in Jinja, Uganda, obtained
from an archive at the Ministry of Water Resources in
Uganda [20]. This data set was extended through the present
using TOPEX/POSEIDON and Jason-1 satellite altimetry
data [21]. Since the heights obtained by satellite altimetry are
an average of all topography within the instrument footprint
further averaged in the direction of the satellite motion, these

12.0
11.5
11.0
10.5
1949 1955 1961 1967 1973 1979 1985 1991 1997 2003 2009
Year

Figure 2: Comparison of Lake Victoria levels modeled using CRU
3.21 (black with asterisks) and observed lake levels (purple with
circles).

values differ from traditional gauge measurements which are
at specific points. Therefore, the TOPEX/POSEIDON and
Jason-1 altimetry data is supplied as a lake height variation
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with respect to TOPEX/POSEIDON 10-year mean level. The
climatological mean was found by subtracting the satellite
data from the observations for the time period the two data
sets had in common to determine the difference between the
two. From this, a mean was found and added to the satellite
anomalies. The mean was adjusted until bias and error were
reduced to −4 ∗ 10−4 and 0.0585, respectively [20]. The
remaining satellite altimetry time series was then added to the
resulting mean, creating a combined data set for January 1949
through the present. The first two years of the jump in levels
from 1961 to 1964 are captured, while the modeled lake levels
are slightly lower than observed in 1963-64. The model does
well until the 1980s when it underpredicts lake levels by up
to 0.5 meters in 1983 and then predicts higher than observed
levels in the late 1990s through 2005, overpredicting by as
much as 0.73 m in 2005, which is most likely related to the
overrelease from Nalubaale and Kiira dams found by Kull [11]
and expanded upon in [12].

3. Results
3.1. Annual Rainfall. The first mode of annual variability accounts for 37.7 percent of variability. The loading
(Figure 3(a)) is mostly positive with a time series showing a
high amount of variability but a general drying trend after
1961 (Figure 3(b)). The second mode of annual precipitation
variability, which accounts for 9 percent of variability, has
a positive loading surrounding the lake and to the north
into Uganda and Kenya, with a negative loading to the south
(Figure 3(c)). The time series shows a decadal oscillation
with the largest variation in the late 1970s and early 1980s
(Figure 3(d)). The third mode of variability is also significant
and accounts for just over 7 percent of the variability. The
loading has a positive pattern to the north and south of the
lake basin, with a negative loading to the east (Figure 3(e)).
Over the lake, there is close to neutral negative loading
(Figure 3(f)).
Lake levels calculated using precipitation reconstructed
from individual significant modes of annual precipitation
variability, compared to the level obtained using the total
annual precipitation, are shown in Figure 4. The precipitation
reconstructed from the first significant mode of variability
accounts for the majority of variability in Lake Victoria
levels, while the effects of the second and third modes on
the variability of lake levels are negligible. The increase in
modeled levels from 1949 to 1963 using each of the filtered
precipitation time series occurs as the model adjusts to the
increase in average annual precipitation during that period.
3.2. Seasonal Variability. In order to understand the physical
meaning behind the annual modes of variability, we examine
the significant modes of variability for the short rains of
October through December (OND) and the long rains of
March through May (MAM). We relate these seasonal modes
to the annual modes used above.
3.2.1. Short Rains (OND Season). The first three modes of
variability for the short rains, OND season, are significant and
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account for just over 71% of the variability for this season. We
will examine these modes in detail.
The first mode of OND station precipitation variability
has a loading which is entirely positive (Figure 5(a)). The
time series we obtain for the first mode of variability of
OND station precipitation reproduces the time series found
by [3] for 1961–90. This first mode explains 57.4% of the
variability. Schreck III and Semazzi [3] related their EOF1
to ENSO by correlating their time series with the first
significant EOF mode from global CMAP precipitation. They
found that the first mode from the EOF analysis on regional
precipitation corresponds to a combination of the first global
EOF mode representing ENSO and the second global mode
representing IOZM. The major warm ENSO events for the
period correspond to the high peaks of the time series. In
particular, the ENSO of 1982 is distinctly conspicuous. When
the first mode from OND precipitation is correlated with
SSTs for 1950–2012, an ENSO pattern emerges (Figure 6).
IOZM often occurs simultaneously with ENSO; however, the
difference between the IO ZM positive and negative years
without ENSO for this mode is not statistically significant.
This mode has a high correlation (0.77) with the first annual
mode. Therefore, the first mode of OND variability and the
first annual mode are considered to be ENSO.
Similar to [3], the second mode of variability for station
precipitation is significant. The second mode is a dipole mode
with negative loading to the north and positive loading to
the south, which split the stations used in the water balance
model; the stations to the north of the lake are in an area
of negative loading, while those on the southern coast of
the lake are in a region with a positive loading (Figure 5(c)).
The corresponding time series exhibits both strong interannual variability and low-frequency background variability
(Figure 5(d)). Overall, there is an increasing trend in the time
series of the second mode from 1949 through 1986, followed
by a decreasing trend until 1997, which is then followed by
another increasing trend. Interpretation of the distribution
of loadings and the corresponding time series suggests that
the southern sector of Eastern Africa became wetter during
the period from 1961 to 1990, while the northern section
has been drying up during the same time period. This is
opposite to the dipole described by [3] who claim that the
northern sector has been getting wetter while the southern
sector has been drying up. While our time series is similar
to the time series in [3] over 1961–90, our loadings are the
inverse of theirs. We find that their Gauge-EOF2 loading
must have been inverted. There is no clear signal when this
mode of variability is correlated with global SSTs. This mode
has a −0.40 correlation with the second annual mode, which
suggests that it might be related to the second annual mode.
It has a higher, 0.44 correlation with the third annual mode.
The third mode of OND variability is also shown to be
statistically significant, accounting for 4.1 percent of variability over the region during the OND season. The loading for
this mode shows an East-West dipole, with a positive loading
to the west and a negative loading to the east, which is near
neutral over Lake Victoria but has sharp contrasts over Kenya
(Figure 5(e)); the time series shows high peaks in 1961, 1962,
1999, and 2012, while there are sharp dips in 1967, 1968, 1986,
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Figure 3: EOF loadings and time series for first ((a), (b)), second ((c), (d)), and third ((e), (f)) modes of variability for annual precipitation.
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Figure 4: Results of using individual modes of annual precipitation
variability in the water balance model for Lake Victoria. Levels modeled using the unfiltered CRU 3.21 dataset are in black (asterisks);
levels modeled using precipitation accounted for by the first mode
of annual variability are in blue (triangles); levels modeled using
precipitation accounted for by the second mode of variability are in
red (crosses), while levels modeled using precipitation accounted for
by the third mode of variability are in green (×’s).

and 1997 (Figure 5(f)). This mode is correlated with SSTs in
the Pacific Ocean, off the coast of Mexico (Figure 7). It has
a 0.32 correlation with the second mode of annual rainfall
variability.
3.2.2. Long Rains (MAM Season). The first four modes of
variability for the long rains, MAM season, are significant and
account for just over 51% of the variability for this season. We
will examine these modes in detail.
Approximately 42 percent of the total East African rainfall
is observed during the MAM season [4]. In the MAM season,
there are four significant modes of variability for CRU TS
3.21 precipitation. The first significant mode accounts for
27.5% of the variability for station precipitation. The loading
(Figure 8(a)) is mostly negative over the lake basin and has a
−0.58 correlation with the first mode of annual variability. The
corresponding time series (Figure 8(b)) shows an increasing
trend with less variability in recent years. We investigate
the source of variability for the mode by correlating it with
SST and find a positive correlation with SSTs off the coast
of Africa, between South Africa and Madagascar (Figure 9).
This mode is examined in more detail since it accounts for
a large amount of variability during the MAM season and
has a decreasing trend in rainfall similar to that found in
[22]. The decrease in trend in our study starts earlier than
the abrupt change found in [22]. They relate the decreasing
rainfall during this season starting around 1980 to SST
anomalies in the Pacific. The difference between positive
and negative composites of the time series for this mode
with SST anomalies and 850 mb wind anomalies shows
an ENSO-like signal similar to [23] (Figure 10); however,
the mode is not significantly correlated with ENSO. Song
and Zhang [23] attribute the El Niño-like SST warming to
cloud feedback, further amplified by water vapor feedback.
The corresponding wind anomalies over Eastern and near
equatorial Africa (Figure 10) are consistent with Gill-type
solution [24]. We believe that this is associated with the trend

of reduced midtropospheric diabatic heating associated with
the reduced rainfall over the region.
The second mode is significant and has a −0.64 correlation with the second mode of annual variability. It accounts
for 10.2% of variability in rainfall during the MAM season.
The mode is split over Lake Victoria with slightly positive
loadings near the northern and western shore and slightly
negative loadings over the rest of the lake with stronger
positive loadings to the south of the region (Figure 8(c)).
There are no clear signals when this mode is correlated with
global SSTs. The time series for this mode (Figure 8(d)) is
not correlated with the time series of second mode of OND
precipitation even though their loadings appear similar. More
work needs to be done to identify the physical mechanism
for this mode, although it may be related to the north-south
movement of the Intertropical Convergence Zone (ITCZ) as
it passes over this region during the long rain season.
The third mode, accounting for 8.6% of the variability, has
a 0.53 correlation with the third mode of annual variability.
This mode has a slightly negative loading in the northwest
corner of Lake Victoria but a slightly positive loading over
the remainder of the lake. The strongest negative loadings
are near the coast, while the strongest positive loadings are
in northern Uganda (Figure 8(e)). There are no clear signals
when time series for this mode (Figure 8(f)) is correlated
with global SSTs. This mode may be related to moisture
convergence from the Indian Ocean; however, more work is
needed to identify the physical mechanism.
The fourth mode of variability for the MAM season
is also significant; however, it is not correlated with any
of the significant modes of annual precipitation used in
the water balance model for Lake Victoria. Due to this
lack of correlation, the fourth mode of MAM precipitation
variability is not analyzed in this study.

4. Conclusions
We find that the first EOF mode of annual precipitation
variability, ENSO, has the highest impact on the annual
variability of Lake Victoria level. It has high correlation with
the first modes of variability during the short rain (OND) and
long rain (MAM) seasons. The first mode of variability during
the OND season is found to be a combination of ENSO,
while more work needs to be done to determine the physical
mechanism behind the first mode of variability during the
MAM season, although it is positively correlated with SSTs
near Madagascar, suggesting that it is related to the moisture
flux in that region.
While the second EOF mode of annual variability
accounts for approximately 10 percent of the variability, its
effect on the variability in lake levels is negligible. The second
EOF mode of annual precipitation variability is significantly
correlated with the second and third EOF modes of variability
from the OND season and the second mode from the MAM
seasons. Based on the EOF analysis of OND season rainfall,
the dipoles in the second and third modes are split with very
small values over the lake. The dipole in the MAM season also
has small loadings over the lake. This suggests that the dipole
may have negligible effect on Lake Victoria levels due to the
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Figure 5: Same as Figure 3, but for short rains (OND) precipitation.
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Table 1: Regressions of rainfall for 1956–1990. 𝑃𝑐 is catchment rainfall; 𝑃𝑙 is lake rainfall (from Tate).

Catchment
Nzoia
Yala
Sondu
Awach Kaboun
Kagera

50

0

−50

0

−1.0

50

−0.8

−0.6

Correlation, 𝑅2
0.54
0.61
0.39
0.28
0.60

Regression
𝑃𝑐 = (0.685 ∗ 𝑃𝑙 ) + 154.5
𝑃𝑐 = (0.951 ∗ 𝑃𝑙 ) + 64.7
𝑃𝑐 = (0.666 ∗ 𝑃𝑙 ) + 302.6
𝑃𝑐 = (0.785 ∗ 𝑃𝑙 ) + 337.4
𝑃𝑐 = (0.556 ∗ 𝑃𝑙 ) + 142.8
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Figure 6: Pearson Correlation of the time series for the first mode
of OND season precipitation variability with ERSST sea surface
temperatures.

fact that the loadings for the annual dipole are overall small
since, in the OND and MAM seasons, there is a combination
of positive and negative loadings over the lake that almost
completely cancels out once the rainfall is interpolated to the
six stations and used as input in the water balance model.
The third EOF mode of annual variability accounts for
slightly over 7 percent of the variability over East Africa. It is
correlated with the second mode of OND rainfall variability
and the third mode of MAM variability. Similar to the second
annual mode, it has negligible impact on the levels of Lake
Victoria, most likely because the dipole modes over the lake
are relatively small and may be cancelling each other out
when they are combined.
We have sought to estimate the relative contributions
of the dominant modes of annual precipitation variability
to the modulation of Lake Victoria levels for the present
day (1950–2012). The modes found in this study should be
used to evaluate climate models over this region. Climate
projections should be evaluated to investigate the evolution
of these modes in the future. A change in ENSO, or a shift in
one of the other modes described in this study, could have a
great impact on the levels of Lake Victoria in the future.

Appendix
Calculation of 𝑄in and 𝑄out in Water Balance
Model
50

Inflow, 𝑄in , is calculated as a nonlinear function with precipitation, 𝑃, as the input. Subcatchment rainfall (𝑃𝑐 ) is
estimated for each of five tributaries (Nzoia, Yala, Sondu,
Awach Kaboun, and Kagera) using regressions of annual total
data for the period 1965–1990 (Table 1). The runoff coefficient
for each catchment is then estimated from the subcatchment
rainfall by linear regression derived by [25] as

0

−50

𝑟𝑐 = 0.0002𝑃𝑐 − 0.1386.
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Figure 7: Pearson Correlation of the time series for the third mode
of OND season precipitation variability with ERSST sea surface
temperatures.

(A.1)

The runoff from each subcatchment to Lake Victoria is then
estimated by multiplying each subcatchment’s rainfall by the
runoff coefficient and the subcatchment area. The total inflow
to Lake Victoria, 𝑄in , is estimated as the runoff of Nzoia, Yala,
Sonduuu, and Awach Kaboun scaled up by a factor of 2.7 on
an annual basis, plus the flow of the Kagera increased by 10%
to account for the flow of the Ngono tributary, which joins it
downstream of the gauging station [8].
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Figure 8: Same as Figure 3, but for long rains (MAM) precipitation.
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The outflow, 𝑄out , is calculated from the Agreed Curve
based on the current lake level. We use the estimation of the
Agreed Curve from [19]
𝑄out = 66.3 (𝐿 𝑛 − 7.96)

2.01

,

(A.2)

where 𝐿 𝑛 is the current Lake Victoria level. Since 𝐿 𝑛 is
initially unknown, and as part of the equation to calculate
𝑄out , the water balance model is initially solved setting 𝐿 𝑛
to the previous year’s level to calculate an estimated 𝐿 𝑛 ; the
estimated 𝐿 𝑛 is then used to calculate the outflow in a second
iteration of the model for each year.
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The study examines projected changes in precipitation extremes, aggregated on several time scales (1 hour, 1 day, and 5 days), in
simulations of 12 regional climate models (RCMs) with high spatial resolution (∼25 km). The study area is the Carpathian Basin
(Central and Southeastern Europe) which has a complex topography and encompasses the whole territory of Slovakia and Hungary
as well as major parts of Romania and western Ukraine. We focus on changes in mean seasonal maxima and high quantiles (50-year
return values) projected for the late 21st century (time slice 2070–2099) in comparison to the control period (time slice 1961–1990),
for summer and winter. The 50-year return values are estimated by means of a regional frequency analysis based on the region-ofinfluence method, which reduces random variability and leads to more reliable estimates of high quantiles. In winter, all examined
characteristics of precipitation (seasonal totals, mean seasonal maxima, and 50-year return values for both short-term and multiday aggregations) show similar patterns of projected increases for the late 21st century. In summer, by contrast, drying is projected
for seasonal totals in all RCMs while increases clearly prevail for the 50-year return values. The projected increases are larger for
short-term (hourly) extremes that are more directly related to convective activity than multiday extremes. This suggests that the
probability of occurrence of flash floods may increase more than that of large-scale floods in a warmer climate. The within-ensemble
variability (and associated uncertainty) is, nevertheless, much larger in summer than in winter.

1. Introduction
Heavy precipitation events are of great importance since
they cause soil erosion, landslides, and floods. Precipitation
extremes may result in excessive damage and negative consequences for human society regardless of the time scale of the
events; while heavy short-term precipitation, predominantly
of a duration of a couple of hours and from localized convective systems, may be one of the triggering factors of flash
floods (e.g., [1]), heavy precipitation events, usually of frontal
or cyclonic origin [2] and of a duration of several days, may
lead to devastating large-scale floods (e.g., [3]). In the last two
decades, Central and Southeastern Europe were affected by
a number of severe floods of both major types (see, e.g., [4,

Table 1] and the references therein). Very recently, in midMay 2014, parts of Southeastern Europe, mainly Serbia and
Bosnia and Herzegovina, experienced the worst flooding over
the last 120 years, with enormous damage to infrastructure,
more than 60 victims, and hundreds of thousands people
having been forced to leave their homes (http://en.wikipedia
.org/wiki/2014 Southeast Europe floods). It is therefore of
a particular interest how climate change will affect the
hydrological cycle globally and how it will be manifested on a
regional scale, in different regions of Europe. Warmer atmosphere has enhanced water holding capacity, and, therefore,
it is expected on a theoretical basis that climate change may
also increase severity and/or frequency of heavy precipitation
events [5].

2
Climate change studies focusing on Central and Southeastern Europe generally agree that, by the end of the 21st
century, the region will experience pronounced warming,
however, with seasonal differences in magnitude [6, 7]. While
mean annual precipitation is not projected to change significantly, its intra-annual distribution will likely be affected
considerably: overall drying is expected in the summer
season, while richer precipitation conditions are projected for
winter [8, 9].
Most climate models agree on more intense and more
frequent precipitation extremes in a warmer climate in many
regions of Europe (e.g., [10, 11]). Nevertheless, climate change
scenarios of heavy precipitation that focus on Central Europe
[12–14] are less conclusive, pointing out the role of the
area as a “transition zone” between Northern and Southern Europe and Western and Eastern Europe, respectively
[15].
While there are a number of studies dealing with the
future changes from 1-day to multiday heavy precipitation in
Europe (e.g., [11, 15–17]), the issue of changes in precipitation
extremes on a subdaily scale, relevant for flash floods, has
still been unsatisfactorily explored. This may be due to the
fact that short-term (hourly) precipitation amounts were
made available only recently among the outputs of regional
climate models (RCMs). On the basis of future projections
of a single RCM (HIRHAM4), Larsen et al. [18] report an
overall increasing tendency of heavy 1-hour precipitation,
with larger increases in Northern and Central Europe compared to southern parts of the continent. Furthermore, most
studies are consistent in projecting larger increases in hourly
precipitation extremes than in extremes of daily or multiday
precipitation [18–20]. Nevertheless, Hanel and Buishand [21]
point out that convective processes may not be properly
represented in some RCMs, and, therefore, hourly maxima
may often be underestimated.
Possible future regime of heavy precipitation is very often
examined by means of precipitation indices on the basis of
recommendation of Frich et al. [22] (e.g., [6, 7, 23]). However,
in these studies, statistics are usually estimated purely on
the basis of grid box data samples. Even though these grid
box statistics are often spatially smoothed, the results may
still be affected by large sampling variability, which may
question their reliability. The issue of reducing random spatial
variability becomes particularly important towards tails of
distributions of extremes (which are mainly relevant for
impacts and/or engineering design) as well as with increasing
spatial resolution of climate models.
As the present study aims at studying also such high
quantiles of distributions of precipitation extremes (50-year
return values), we adopt a regional frequency analysis for
the estimation of parameters of the distributions of extremes,
namely, the region-of-influence (ROI) method [24]. It pools
regionally weighted information on precipitation extremes
from a certain number of neighboring (similar) grid boxes
(more details in Methods Section), which may also be viewed
as a form of spatial smoothing of the grid box data. Due to
the regional pooling, the estimates of high quantiles in each
grid box become less influenced by random variations. Kyselý
et al. [15] already adopted the ROI method for the analysis of
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RCM outputs with respect to precipitation extremes in a part
of Central Europe (the Czech Republic).
The current study sets focus on central to southeastern
parts of Europe that were affected by several severe flood
events recently (cf. [4, Table 1]), including the massive
flooding in mid-May 2014 (see above). The target region
seems to be overlooked among similar flood and/or heavy
precipitation risk studies in Europe that have been mainly
focused on the United Kingdom, Western Europe, Central
Europe, or the Mediterranean.
In addition to daily and multiday amounts, we examine
also projected changes in extremes of very short-term (1hour) duration in summer which are usually related to
convective processes and may lead to extreme flash floods.
In order to reduce uncertainties stemming from the use of a
single RCM, outputs of an ensemble of high-resolution RCM
simulations are examined.

2. Data and Methods
2.1. Data. We examine outputs of 12 RCM simulations from
the EU-FP6 project ENSEMBLES [25]. The ensemble consists
of 6 RCMs driven by 4 different GCMs. An overview of
the RCM simulations is given in Table 1; further details on
the particular RCMs may be found in the references given
therein. The RCM simulations cover the whole European
area. Data in two time slices are examined: 1961–1990 (representing control climate) and 2070–2099 (climate change
scenario under the SRES A1B emission scenario [5]). Driving
GCMs for the RCM simulations (control ones as well as
scenarios) are the Max Planck Institute ECHAM5 model
[26], the Bergen Climate Model BCM [27], Arpege developed
in Météo-France [28], and Hadley Centre coupled model
HadCM3 [29].
All RCMs have high spatial resolution that corresponds
to a grid size of approximately 25 km. The study area is the
Carpathian Basin (delimited by grid boxes between 17.0–
28.0∘ E and 44.5–50.5∘ N), which covers the whole territory
of Slovakia and Hungary, a major part of Romania, and
minor parts of their neighboring countries (Austria, the
Czech Republic, Poland, Ukraine, Moldova, Serbia, Bosnia
and Herzegovina, and Croatia; Figure 1). The region consists
of 926 grid boxes, representing an area of ∼580 thousand km2 .
Abilities of the RCMs to reproduce observed heavy
precipitation patterns over Europe and their applicability into
constructing climate change scenarios have been assessed
in some previous studies [10, 21, 30–32]. Many observed
characteristics of extremes are well simulated by the RCMs,
although differences in the models’ performance exist [25].
The RCMs are also able to reproduce main features of
atmospheric circulation and its links to precipitation in
Central Europe [33].
2.2. Climate Change Scenarios and Precipitation Characteristics. Climate change scenarios are evaluated for the late 21st
century (2070–2099) with respect to the control period (1961–
1990). The only exception is the CLM model in which, due
to errors and missing data, the period 2091–2099 had to be

Advances in Meteorology

3
Altitude (m a.s.l)

50

>1500
1500
1350
1200
1050
900
750
600
450
300
150
<150

Latitude (∘ N)

49
48
47
46
45

18

20

22

24

26

28

Longitude (∘ E)

Figure 1: Carpathian Basin: the area under study (17–28∘ E, 44.5–50.5∘ N). Orography is taken from model RCA3.

Table 1: Regional climate model simulations used and their basic
characteristics.
RCM

Driving GCM

Description in

SMHI, Rossby
Centre

RCA

BCM
ECHAM5
HadCM3Q3
HadCM3Q16

[62]

MetOffice,
Hadley Centre

HadRM3

HadCM3Q0
HadCM3Q3
HadCM3Q16

[63]

DMI

HIRHAM

ARPEGE
ECHAM5

[64]

KNMI

RACMO

ECHAM5

[65]

REMO

ECHAM5

[66]

CLM

HadCM3Q0

[67]

Institute

MPI
ETHZ

omitted; thus only the remaining 21-year period was taken
for the future scenario. In all computations, the projected
climate change is expressed as the percent change relative to
the control period. All scenarios are taken from transient runs
under the SRES A1B emission scenario [5].
We focus on precipitation extremes that occur on different time scales:
(i) hourly precipitation (1 h) in summer, extremes of
which are usually associated with severe convective
phenomena (cf. [34]) and may lead to flash floods,
(ii) daily precipitation (1 d) in winter, examined as a counterpart to 1 h precipitation in summer to represent
short-term extremes,
(iii) 5-day precipitation (5 d) in both summer and winter,
which represents multiday extremes that are often
considered proxies for large-scale floods (cf. [17, 35–
39]).
The seasons are defined in a standard way as JJA (summer)
and DJF (winter). The choice of the short-term precipitation

duration differs between summer and winter due to climatology of precipitation in the studied region: extremes are often
of convective origin in summer and duration of these rainfall
events is typically up to a few hours, while the proportion
of convective precipitation in winter is negligible in Central
Europe [40] and winter extremes are usually associated with
longer-lasting stratiform frontal precipitation.
Projected changes in mean seasonal maxima of the given
characteristics and their 50-year return values (estimated by
the ROI method described in the following section) are examined. The 50-year return level is chosen to represent severe
high-impact extremes, which cannot be reliably estimated
from local (at-site) data, and the level is also related to the
planning horizon for engineering system design, which is
typically about ∼20–100 years [41].
2.3. Methods. In a regional frequency analysis, data from
different sites (grid boxes in our application) are pooled, in
order to supplement the sample of extremes at the target grid
box and to obtain more reliable estimates (e.g., [42]). The
criterion of regional homogeneity, that is, that the samples at
different sites (grid boxes) have the same distribution except
for a scaling factor, is verified by statistical tests (e.g., [43]). In
the present study, the test of Lu and Stedinger [44] is adopted.
The region-of-influence (ROI) approach is applied as a
pooling scheme (note that the term “pooling” refers to a
regional frequency analysis procedure that may result in a
pooling group whose units are scattered in the geographical
space but are close to each other in some attribute space [45]).
The method was originally designed for flood frequency
estimation [24, 46]. Later, Gaál et al. [47] and Gaál and
Kyselý [48] extended its use to precipitation extremes, and,
more specifically, the ROI method was adjusted to frequency
estimation of precipitation extremes in a regular grid of
RCMs [15]. Therefore, we confine the description of the
methodology to its key features; more details can be found
in [15]. Among advantages of the ROI method compared
to regional frequency analysis based on fixed regions is that
subjective decisions are reduced, and the method may easily
be applied into large datasets (such as grids of RCMs).
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In the first step, a unique pooling group is identified for
each target site using a dissimilarity measure based on geographical proximity between pairs of grid boxes. According
to a simulation study [49], this measure outperforms others
that involve also climatological characteristics in terms of
root mean square error of estimated quantiles. Homogeneous
pooling groups are identified in an automated way, according
to the following algorithm. The homogeneity of the pooling
group that consists of all 𝑁min grid boxes within the minimum radius 𝑅min from the target grid box is tested. If the
given pooling group is homogeneous, 𝑁min defines its size.
Otherwise, the next closest grid box is added to the temporary
pooling group, and the regional homogeneity is checked
again. This procedure is repeated until either a homogeneous
composition is obtained or the maximum radius 𝑅max from
the target grid box is reached. The latter case yields a failure
of the build-up phase and the algorithm returns to its initial
stage with 𝑁min . At this point, a similar procedure starts in an
opposite way: grid boxes are step by step removed from the
temporary pooling group, again until either a homogeneous
composition of the pooling group is found or there are no
more grid boxes to remove from the pooling group. In the
latter case, the iterative procedure quits; the pooling group
of the target grid box consists of nothing but itself, which
corresponds to at-site frequency estimation.
Parameter 𝑅min , the minimum radius around the target
grid box within which homogeneous pooling group is preferably looked for, is set to 100 km. Considering that the grid box
size is ∼25 × 25 km, the minimum size of the initial pooling
group 𝑁min , corresponding to 𝑅min , is then 50. The value of
𝑁min = 50 implies, given 30 years of data, 1500 station-years of
data for each grid box, which is a sufficiently robust basis for
the estimation of high quantiles. 𝑅max , the maximum radius
distance, is set to 500 km, which is compatible with the size of
the region. Note that the algorithm of building homogeneous
pooling groups is applied into the whole European grid, and
the areal mask of the Carpathian Basin is adopted only after
all computations were carried out. This step ensures that no
boundary limitations appear since the target region is located
sufficiently far from the edges of the European grid of the
RCMs.
As soon as the composition of a particular pooling group
is known, the regional information is transferred to the target
grid box. At each grid box within the pooling group, sample
L-moments are estimated. L-moments are statistical characteristics analogous to conventional (product) moments:
they describe the scale and shape properties of a sample or
a probability distribution (for the definition and a detailed
description of L-moments, see, e.g., [42]). The L-moments
at the target grid box are then obtained as the weighted
regional (pooled) averages of the corresponding L-moments
from the grid boxes of the pooling group, while the weights
are proportional to the inverse of the distance between the
individual grid boxes and the target one. Parameters of
the generalized extreme value (GEV) distribution [50] of
seasonal maxima are estimated, and quantiles corresponding
to the 50-year return values are set. The procedure is carried
out independently in each RCM, for each time slice and
precipitation characteristic (1 h and 5 d maxima in summer;
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1 d and 5 d maxima in winter). Performance of the ROI
method is evaluated in Results Section.
Uncertainty of the estimates (confidence intervals, CIs)
can only be obtained in the regional frequency analysis using
bootstrap resampling techniques [42]. However, due to a
large number of grid boxes and high demands on computing
time (the simulations would have to be carried out for each
RCM, grid box, season, precipitation characteristic, and time
slice separately), we confine to analytical formulae based
on asymptotic approximations [51]. They are based on atsite data, so the width of the estimated CIs represents an
upper limit for true CIs from the regional analysis and their
application cannot falsely indicate statistical significance.
Note also that the focus of the present study is on ensemble
mean patterns and not results from individual RCMs.
The present study deals with a topic and methodology
similar to [15], but there are important differences between
the two papers in addition to different regions studied. While
Kyselý et al. [15] worked with grid cells within the (small)
target area only, which may have resulted in asymmetrical
shape of pooling groups towards boundaries of the region,
the regional estimates are carried out for the entire European
grid in the present paper and the mask of the Carpathian
region is adopted after all computations. This allows avoiding
asymmetry in the shape of the pooling groups due to
boundary limitations. Variables of interest also differ between
the two studies; while Kyselý et al. [15] analyzed return values
of daily precipitation only, a range of temporal aggregation
scales of precipitation (from 1 hour to 5 days) is analyzed in
the present paper.

3. Results
3.1. Performance of the Regional Frequency Analysis. The
performance of the regional frequency estimation is evaluated through statistics of the size of the pooling groups
(Table 2). If averaged over all RCMs and all combinations
of seasons, precipitation aggregations and time slices (96
different datasets), the initial size of the pooling group
with 𝑁min was found homogeneous in almost 3/4 of the
cases. The building (reducing) procedure of construction of
homogeneous pooling groups ended successfully in 4% (22%)
of the cases, while the at-site analysis is found to be the only
acceptable model in a very small fraction of grid boxes (∼1%).
A higher percentage of single-site regions is identified for 1 h
precipitation (2.7%) compared to 1 d and 5 d precipitation (≤
0.5%, Table 2), which is related to more random nature and
higher variability in spatial fields of 1 h precipitation extremes.
This can be explained in two ways: (i) the outlying values of
the coefficient of variation and/or shape parameter at some
grid boxes made the homogeneity testing impossible or (ii)
the grid box represented an outlier for which no similar grid
boxes could be found. However, the percentage of such cases
is small, and standard at-site estimation is applied in those
grid boxes.
If the evaluation is only constrained to “mountain”
(higher-elevated) grid boxes with elevation exceeding 800 m
a.s.l., we obtain slightly different results (Table 2), with (i)
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Table 2: Statistics of the size of the pooling groups, averaged across 12 RCMs and two time slices (1961–1990, 2070–2099). For the definition
of “mountain” grid boxes, see text.

All
All 1 h
All 1 d
All 5 d
Mountain
Mountain 1 h
Mountain 1 d
Mountain 5 d

Number of
datasets

Mean number
of grid boxes

𝑁 = 𝑁min
(%)

𝑁 > 𝑁min
(%)

1 < 𝑁 < 𝑁min
(%)

𝑁=1
(%)

Mean
(𝑁)

96
24
24
48
96
24
24
48

926.0
926.0
926.0
926.0
88.8
88.8
88.8
88.8

73.5
65.5
73.9
77.3
51.2
49.8
48.4
53.3

4.0
5.8
4.1
3.1
5.0
7.5
3.9
4.3

21.5
26.0
21.7
19.1
41.5
38.1
46.0
40.9

1.0
2.7
0.3
0.5
2.3
4.6
1.7
1.4

48.6
52.0
46.3
48.1
44.8
59.7
35.1
42.1

lower percentage of grid boxes that are homogeneous at the
initial size 𝑁min , (ii) higher percentage of smaller pooling
groups, and (iii) higher percentage of single-site regions.
(Note that, as different RCMs use different orography, the
number of “mountain” grid boxes in the studied area differs
among the RCMs and ranges from 82 to 109.) However,
even in such areas and for all aggregations including 1 h
precipitation extremes, the percentage of grid boxes in which
a local analysis had to be performed is less than 5%.
3.2. Climate Change Scenarios of Precipitation Extremes. As
already mentioned we focus on ensemble mean patterns and
not results of individual RCMs. This is possible since the
RCMs share almost identical grid. However, the spread of
patterns as simulated by the RCMs and differences among the
RCMs are important for characterizing and understanding
uncertainty. An example of spatial patterns of the projected
changes simulated by the RCMs is shown in Figure 2, while
ensemble mean patterns across all 12 RCMs and the spread
among the individual RCMs, characterized by the 75% and
25% quantiles of the distribution of projected changes of a
given characteristic in each grid box, are shown in Figure 3.
The general structure of each figure composition in
Figures 2 and 3 is similar. Each figure shows projected relative
changes (in %) of selected precipitation characteristics for the
late 21st century (2070–2099) in comparison with the control
period (1961–1990). Individual panels depict seasonal precipitation characteristics for winter (DJF, top) and summer (JJA,
bottom), from left to right:
(i) mean seasonal precipitation,
(ii) mean seasonal maxima of 1-day (DJF) or 1-hour (JJA)
precipitation,
(iii) mean seasonal maxima of 5-day precipitation,
(iv) 50-year return values of seasonal maxima of 1-day
(DJF) or 1-hour (JJA) precipitation,
(v) 50-year return values of seasonal maxima of 5-day
precipitation.
Table 3 summarizes the results for all RCMs in terms of the
areal (grid box) averages of relative changes (in %) for the
whole target domain. Table 4 then shows a similar overview
corresponding to Figure 3.

3.3. Winter Season (DJF)
Seasonal Precipitation. With the exception of the
HIRHAM/ARPEGE model, all RCMs agree on increases
in winter precipitation totals if averaged over the area
(Table 3). Q75 and the ensemble mean are clearly positive
(Figure 3), with an average of 25% and 17% over the study
area, respectively (Table 4). Q25 is still positive on average
(9%); however, a minor meridional gradient can be seen in
its spatial distribution (Figure 3), with slightly larger change
to wetter conditions in the northern and central parts of the
area compared to indifferent changes south of Hungary and
from central Romania southward (Figure 3).
Mean Seasonal Maxima. A high degree of consistency among
RCMs is also found in changes of the mean seasonal maxima in winter. All RCMs project increases, on average by
about 10% for both precipitation durations (Table 3). The
differences between RCMs are, rather surprisingly, somewhat
smaller than those for seasonal precipitation. By contrast to
seasonal means, larger areas with small or indifferent changes
appear for both precipitation durations, particularly in the
map of the lower ensemble quantile Q25 (Figure 3).
Precipitation Extremes. Projected changes in the 50-year
return values are in agreement with the changes in seasonal
precipitation totals and seasonal maxima: all RCMs project
considerable increases for both durations. The spatially averaged increases exceed 20% in most RCMs and reach 45%
for HadRM3 and 1-day maxima (Table 3, Figure 2). There are
no important differences between the two durations when
examining the spatial distribution of the statistics in ensemble
maps (Figure 3) and their spatial averages (Table 4). The main
features are
(i) uniformly positive changes for Q75 in the whole
target area (around 35%);
(ii) uniformly positive changes for ensemble mean
(almost 25%), with large degree of consistency
among the models in the sign of change, indicated by
the density of the “+” signs (Figure 3);
(iii) prevalence of areas with positive changes also for Q25
(nevertheless, smaller areas with indifferent or even
slightly negative changes appear, mostly in Romania;
they, however, do not form contiguous units).
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Figure 2: Projected relative changes (in %) for the late 21st century (2070–2099) in comparison with the control period (1961–1990) of mean
seasonal precipitation, mean seasonal maxima, and 50-year return values of 1-hour/1-day and 5-day precipitation assessed by the pooling
(ROI) approach, for 3 selected RCMs. Large (small) “+/−” signs denote grid boxes where the estimated 90% (80%) CIs of the 50-year return
values do not overlap. For further details and explanation, see text.

3.4. Summer Season (JJA)
Seasonal Precipitation. Summer precipitation totals are projected to decrease by the end of the 21st century in all RCMs.
The spatially averaged reduction exceeds 20% in most models
and reaches 40% in HadRM3 (Table 3, Figure 2). Only two
RCM simulations project moderate decreases (below 10%),
including HIRHAM driven by ECHAM5 (Figure 2). This fact
is also reflected on the maps of ensemble statistics (Figure 3):
Q25 and the ensemble mean are clearly negative in the entire
target area (on average −36% and −23%, resp., Table 4), while
in the spatial distribution of Q75, a slight meridional gradient

is observed, with less dry conditions in the northern regions
than in the south (Figure 3).
Mean Seasonal Maxima. For mean seasonal maxima in
summer, a high degree of inconsistency can be noticed among
the RCMs (manifested also in Figure 2), since the regional
averages of the projected changes vary in a wide range around
zero (both increases and decreases of the magnitude of 10–
15% appear; Table 3). This is also reflected on the maps of
the ensemble statistics: for both durations, negative (positive)
changes dominate for Q25 (Q75), while grid boxes with
indifferent changes prevail on the map of the ensemble mean
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Figure 3: Ensemble mean and ensemble quantiles (Q25 and Q75) of the projected relative changes (in %) for the late 21st century (2070–
2099) in comparison with the control period (1961–1990) of mean seasonal precipitation, mean seasonal maxima of 1-hour/1-day and 5-day
precipitation, and 50-year return values of 1-hour/1-day and 5-day precipitation assessed by the pooling (ROI) approach. Large (small) “+/−”
signs indicate grid boxes where at least 10 (8) of the 12 RCMs agree on the sign of change for the given precipitation characteristic. For further
details and explanation, see text.

(Figure 3). Nevertheless, all the RCMs indicate drier future
conditions for multiday (5 d) than short-term (1 h) maxima,
for which increases tend to prevail (Table 3).
Precipitation Extremes. In contrast to the overall drying in
summer, high quantiles (50-yr return values) in this season

are generally projected to increase. Nevertheless, Table 3
indicates a lower consistency among the individual RCMs
compared to winter. Some RCMs project enhanced increases
(even by >30% on average for 1 h precipitation and >20%
for 5 d precipitation), but, in 2 (3) RCMs for the 1 h (5 d)
extremes, the spatial averages of the projected changes are
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Table 3: Average relative changes (in %) of mean seasonal precipitation totals, mean seasonal maxima, and 50-year return values of 1-hour/1day and 5-day precipitation amounts in the Carpathian Basin (lon. 17–28 E, lat. 44.5–50.5 N) between 2070–2099 and 1961–1990.
DJF
RCM

Driving GCM

Mean seasonal
precipitation

Mean seasonal
maxima of 1 d
precipitation

HadRM3

HadCM3Q0
HadCM3Q3
HadCM3Q16

24.0
10.4
10.5

16.2
7.4
12.1

13.3
5.7
8.3

21.0
20.9
44.6

19.7
27.0
26.1

HIRHAM

ARPEGE
ECHAM5

−2.4
24.4

3.3
11.7

1.7
10.0

8.4
20.1

11.1
18.9

CLM

HadCM3Q0

24.0

12.7

13.8

25.2

27.6

RCA

BCM
ECHAM5
HadCM3Q3
HadCM3Q16

14.9
27.9
8.1
17.0

6.7
9.0
7.8
11.8

3.2
9.7
8.8
11.2

10.3
31.3
14.1
34.0

9.8
23.9
15.2
35.2

RACMO

ECHAM5

24.5

10.0

8.0

37.3

30.9

REMO

ECHAM5

16.2

8.9

8.7

28.7

23.5

Mean seasonal
maxima of 5 d
precipitation

50-year return value
of 1 d precipitation

50-year return value
of 5 d precipitation

JJA
RCM

Driving GCM

Mean seasonal
precipitation

Mean seasonal
maxima of 1 h
precipitation

Mean seasonal
maxima of 5 d
precipitation

50-year return value
of 1 h precipitation

50-year return value
of 5 d precipitation

HadRM3

HadCM3Q0
HadCM3Q3
HadCM3Q16

−32.1
−43.2
−41.1

0.2
−16.1
−10.1

−3.5
−17.5
−12.4

7.0
−5.7
−9.1

−5.0
−8.8
0.7

HIRHAM

ARPEGE
ECHAM5

−34.1
−3.3

5.3
17.1

1.0
15.8

31.6
44.4

4.6
25.5

CLM

HadCM3Q0

−35.2

−2.0

−6.1

5.4

5.8

RCA

BCM
ECHAM5
HadCM3Q3
HadCM3Q16

−9.0
−18.3
−11.4
−16.0

12.1
9.1
4.8
11.2

3.7
0.6
−4.1
7.8

19.9
20.5
29.4
25.2

12.1
−0.7
20.3
22.2

RACMO

ECHAM5

−24.5

8.2

−3.4

27.4

2.3

REMO

ECHAM5

−20.4

5.4

−2.4

33.4

7.5

Table 4: Ensemble mean and ensemble quantiles (25% and 75%; Q25 and Q75, resp.) of relative changes (in %) in mean seasonal precipitation
totals, mean seasonal maxima, and 50-year return values of 1-hour/1-day and 5-day precipitation amounts in the Carpathian Basin between
2070–2099 and 1961–1990.

Ensemble mean
Q25
Q75

Ensemble mean
Q25
Q75

Mean seasonal
precipitation

Mean seasonal
maxima of 1 d
precipitation

16.6
9.0
24.9

9.8
4.1
15.1

Mean seasonal
precipitation

Mean seasonal
maxima of 1 h
precipitation

−23.4
−36.1
−12.4

3.8
−4.6
13.1

DJF
Mean seasonal
maxima of 5 d
precipitation
8.5
3.1
13.4
JJA
Mean seasonal
maxima of 5 d
precipitation
−1.7
−10.1
6.3

50-year return value
of 1 d precipitation

50-year return value
of 5 d precipitation

24.7
9.5
37.8

22.4
9.2
33.4

50-year return value
of 1 h precipitation

50-year return value
of 5 d precipitation

19.1
−1.4
38.7

7.2
−9.4
21.5
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negative (Table 3). These negative values are mostly related to
model HadRM3. Individual RCMs show enhanced variability
in the spatial distribution of increases and decreases, particularly for the 5 d precipitation quantiles (Figure 2).
The maps of the ensemble statistics (Figure 3) further
demonstrate the low degree of consistency among the RCMs
in precipitation extremes in summer: while negative changes
prevail on the maps of Q25, the maps of Q75 show uniformly
positive changes in the entire region. There is a lesser degree
of consistency among the RCMs when considering the sign
of the changes on the maps of the ensemble means and
particularly so for multiday extremes: while, in the case of
1 h precipitation, small “+” signs clearly dominate, mostly in
the northern and western parts of the area, for the longer
duration (5 d), there is only one larger contiguous region (in
western Ukraine and surrounding area) where at least 8 of the
12 RCMs agree on the sign of the projected change.

4. Discussion
4.1. Differences within the Carpathian Basin. Even though
the target region is relatively small from the global point of
view, one may observe regional differences in the projected
changes of precipitation characteristics, particularly when
comparing two opposite corners of the Carpathian Basin,
the northwestern (NW) versus southeastern (SE) parts. The
former covers the easternmost part of the Czech Republic,
southern Poland, and northwestern parts of Slovakia, while
the latter is located in southeastern Romania, relatively close
to the delta of the Danube River at the Black Sea.
There are virtually no differences between the two subregions when examining precipitation statistics during winter:
judged on the basis of the ensemble mean, all statistics are
projected to increase, regardless of the aggregation time.
Slight differences only appear in the magnitude of this change;
for instance, less wet winters are projected in the SE compared
to the NW. In the case of winter maxima, lower magnitudes
of positive changes in Romania may be related to the effect
of the Carpathian mountain range. The agreement between
the individual RCMs is reasonably good, with the exception
of the area of the highest elevations of the Carpathians in
Romania (cf. Figure 1).
The summer season, however, yields a different picture
for the two subregions. The same sign of change appears for
two statistics only: mean summer precipitation is projected
to decrease, with greater tendency to drier summers in the
SE compared to the NW, and short-term (hourly) extremes
are projected to increase in both subregions. Nevertheless,
for the rest of the statistics (extremes of 5 d precipitation and
seasonal maxima of both short-term and multiday aggregations), the two subregions behave differently. A kind of
diagonal gradient from the NW to the SE is found (Figure 3),
represented by decreasing values of the projected change.
This means that if increases dominate in the NW, indifferent
changes or decreases appear in the SE. Such a diagonal
gradient may be recognized not only for the ensemble means
but also for the ensemble quantiles (Figure 3).
The differences in projected changes between the NW
and SE subregions point to the fact that Central Europe

9
represents a transition zone between different parts of the
European continent. The SE part of the Carpathian Basin,
where continental and Mediterranean influences dominate,
is more vulnerable to drying in summer and less prone to
increases in precipitation extremes, while in the NW region,
where Atlantic influences play more important role, there is
a stronger tendency to increases in extremes and a weaker
tendency to overall drying in summer in a warmer climate.
4.2. Dependence on Driving GCM Data. Figure 4 shows that
the projected changes in precipitation characteristics depend
also on the driving GCM data. Summer drying (declines in
mean seasonal precipitation) is most pronounced in RCMs
driven by HadCM3 while its magnitude is smaller in the
rest of the RCMs (driven by ECHAM5, BCM, or ARPEGE),
especially in the northern part of the Carpathian Basin.
Analogous differences are found for precipitation extremes in
summer: while RCMs driven by HadCM3 project decreases
in mean summer maxima and spatially incoherent changes
in 50-year return values increases clearly prevail in the rest of
the RCMs, particularly for short-term (1 h) extremes.
The differences between RCMs driven by HadCM3 and
ECHAM5 are smaller in winter when these RCM simulations
tend to agree on rather uniform positive changes in all
characteristics across the region (Figure 4). However, the
other two RCM simulations driven by BCM and ARPEGE
project much smaller increases, which is also reported in
Table 3 for spatial averages (smallest increases of winter
precipitation maxima in the whole set of the 12 RCMs).
This suggests that the overall picture of relatively large and
uniform changes to wetter conditions in winter may be
somewhat biased by the driving data: if more simulations
with BCM and ARPEGE (and possibly other GCMs) were
available, the overall ensemble mean picture could change.
This also points to the importance of having the RCM-GCM
matrix as complete as possible in climate change studies.
Note that, in most of the RCMs in summer, the spatially
averaged relative changes for the short duration (1 h) rainfall
are more pronounced than for the longer (5 d) durations;
this is particularly true for both HIRHAM simulations and
are rather generally valid for the RCMs driven by ECHAM5
(Table 2). Since multiday extremes of precipitation are more
closely associated with typical synoptic-scale circulation patterns than hourly extremes, the difference between shortterm and longer durations may be related to projected
declines in frequency of these circulation patterns in a
warmer climate. The topic of links between circulation patterns conducive to precipitation extremes and their changes
in a future climate is an important one and deserves further
investigation.
Another interesting feature is that results for a single
RCM for which runs with multiple GCMs were available
(i.e., HadRM and RCA) are rather similar in summer and
depend a little on the driving GCM, particularly in comparison to winter (Table 3). This suggests that the role of
boundary conditions taken from GCMs is relatively minor
while small-scale processes and their parameterizations in
RCMs are much more important for simulated precipitation
characteristics in summer.
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Figure 4: Ensemble mean of the projected relative changes (in %) for the late 21st century (2070–2099) in comparison with the control period
(1961–1990), for different driving GCMs: 6 RCMs driven by HadCM3 (top), 4 RCMs driven by ECHAM5 (middle), and 2 RCMs driven by
BCM and ARPEGE (bottom). Same variables as in the case of the two previous figures are displayed, that is, the mean seasonal precipitation,
mean seasonal maxima of 1-hour/1-day and 5-day precipitation, and 50-year return values of 1-hour/1-day and 5-day precipitation assessed
by the pooling (ROI) approach. Signs “+/−” in the case of HadCM3 (ECHAM5) ensemble indicate grid boxes where at least 5 (3) of the 6 (4)
RCMs agree on the sign of change for the given precipitation characteristic. For further details and explanation, see text.
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4.3. Comparison with Other Studies. The results presented
in the previous chapters are in good agreement with other
studies evaluating projected changes in precipitation characteristics in RCMs, regardless of whether they deal with the
whole European continent or focus on a particular region or
country. This is not surprising given the fact that the majority
of the recent studies were based on outputs of one or more
RCMs that were also included in the ensemble from the
PRUDENCE [52] or ENSEMBLES [25] projects.
The coherence of these studies is particularly high for
mean annual (or seasonal) precipitation, which is most
often examined in the context of climate change studies.
By the end of the 21st century, wetter winters are projected
throughout the European continent, while, in summer, the
projected change is regionally differentiated, with wetter
(drier) summers in Northern (Southern) Europe (e.g., [10,
11, 53]). Based on an ensemble of 16 global climate models,
similar conclusions were formulated for the Carpathian Basin
by Bartholy and Pongrácz [8]: mean monthly precipitation
amounts are very likely to increase (decrease) in winter and
spring (summer and autumn), with smaller changes in the
transition seasons.
Beniston et al. [12] reported that winter extremes (characterized by return levels of maximum 5-day precipitation)
are likely to increase in Central and Northern Europe while
decreases are expected in the south, and the results did not
particularly depend on the parameterization of the RCMs
used. On the other hand, projected increases in summer
extremes (as measured by the return values of the maximum
1-day precipitation) were found over parts of Central and
Eastern Europe in spite of the decrease in the mean seasonal
precipitation; however, different RCMs showed a smaller
degree of agreement in both the sign and the magnitude of
the change. In a more recent study, Rajczak et al. [11] arrived
at similar conclusions. Winter extremes (supported by strong
model agreement) are projected to intensify across most areas
of Central Europe. For summer extremes, the model agreement is weak, and Central Europe acts as a transition zone
between the north (increased return values) and the south,
mainly the Mediterranean (decreased return values). Both
regional patterns of the changes in precipitation extremes
and the variability among the RCMs as a consequence of the
parameterization of the rainfall-generating processes in the
RCMs were confirmed in our study by ensemble means and
variability among individual RCMs (Figure 3).
Only a small number of studies examined changes in
precipitation extremes in the Carpathian Basin in a more
focused regional scope. Kržič et al. [7] studied changes in
temperature and precipitation extremes in Serbia, however,
based on a single RCM only. They concluded that the number
of heavy rain days (measured as the number of days per
year with daily precipitation exceeding 10 mm) will increase
significantly during winter in the whole country. Similar
indices were analyzed by Bartholy et al. [6] for Hungary. They
found that the number of days with higher daily precipitation
amounts (10 or 20 mm) tended to increase by the end of
the 21st century, for all seasons except summer. Rajczak et
al. [11] categorized rainfall statistics into three classes: basic,
intense, and extreme diagnostics. From this point of view,
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precipitation indices adopted in [6, 7] and seasonal maxima
of precipitation analyzed in our study can be considered
intense diagnostics. As such, they show a similar behavior.
Although Kyselý et al. [15] concentrated on a different
region (Central Europe with the Czech Republic in the main
focus), their study is particularly worth comparison since
they evaluated projected changes in precipitation extremes
by means of a similar methodology. They reported (i)
widespread increases both in precipitation extremes and
in seasonal totals in winter, (ii) weaker and spatially less
coherent increases in precipitation extremes in summer,
accompanied by a general decrease in seasonal totals, and
(iii) larger increases in summer extremes in western parts of
their target region compared to the eastern parts. The present
study confirms these findings in a larger neighboring region,
except for the fact that the contrast in the magnitude of the
projected changes is expressed primarily along the NW-SE
diagonal across the Carpathian Basin.
4.4. Hydrological Implications. The main climatic drivers
controlling water resources are precipitation and potential
evaporation. Therefore, the issue of climate change impacts
on hydrological processes is important, especially in relation
to changes in extremes including both floods and droughts.
Possible changes in runoff regime due to climate change are
currently one of the main sources of uncertainty in flood
protection and the long-term planning of water resources.
Floods in Central and Southeastern Europe caused deaths
and widespread property damage across many countries
recently [4], and such events are likely to increase in Europe
for several reasons, including climate change, according to
recent assessments from the European Environment Agency
(EEA).
Detected trends in runoff are generally consistent with
observed regional changes in precipitation and air temperature. Due to limited evidence there is low confidence that
climate change has affected the frequency and magnitude
of floods at the global scale [54], but recent detection of
trends in extreme precipitation and discharges in river basins
implies greater risks of flooding at the regional scale. More
locations show increases in heavy precipitation and flood
damage costs worldwide have been increasing since the 1970s
[55]. Hattermann et al. [56] identified parallel trends in
precipitation extremes and flooding in Germany.
The impacts of climate change on hydrological processes
are often estimated by hydrological models to develop scenarios that apply projected changes in climate characteristics
derived from outputs of GCMs or RCMs. Most hydrological
studies applied a small number of climate scenarios but
recently an increasing number of studies have used larger
ensembles of regional or global models (e.g., [57–59]). Since
large differences between projections from individual climate
models exist, as shown also in the present study, this is an
important step forward in characterizing uncertainty. Some
studies also express combined results from multiple climate
projections and different emission scenarios by probability
distributions of future impacts.
Dankers and Feyen [57] examined future changes in flood
risk on the basis of a combination of different GCMs, RCMs,
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and emission scenarios. They found that although on the level
of particular catchments significant differences in projections
of extreme discharges may appear, at the continental scale,
the results show similar patterns. This is illustrated by the
example of NE Europe where flood hazards tend to decrease,
and this fact is largely influenced by the balance between the
reduction in the length of the snow season and the increase in
winter precipitation (see also [60]). In this context, Dankers
and Feyen [57] also discuss mountain areas of Europe such as
the Alps and the Carpathians, but with no clear conclusions
(“[⋅ ⋅ ⋅ ] here the situation is more complicated as extreme
orographic rainfall events may play role as well,” [57], p. 14).
Future changes in flood hazards are mostly expressed
in terms of the peak discharge corresponding to the return
period of 100 years. Nevertheless, estimates of the 100year flood, although necessary in engineering hydrology
and infrastructure design, cannot reveal further information
on the spatial and/or temporal scale of floods. To our
knowledge, there are no comprehensive studies focusing on
future changes in flood hazards related to different types of
floods, for example, flash floods versus large-scale floods.
This is an important issue and results of our study show
that climatological and hydrological extremes need to be
examined on a multitude of time scales. Different behavior
of precipitation extremes on different aggregation levels is
projected by the RCMs, which implies that future changes of
flood risk are likely to depend on both spatial and temporal
scales considered.

5. Conclusions
In winter, all examined characteristics of precipitation (seasonal totals, mean seasonal maxima, and 50-year return
values for both daily and multiday aggregations) show similar
patterns of projected increases in the Carpathian Basin for the
late 21st century compared to the recent climate. Differences
only appear in the magnitude: the most marked changes, by
22–25% if averaged over the RCMs and the study area, are
associated with the 50-year return values of precipitation.
Individual RCMs generally show a high degree of agreement
in the magnitude and the sign of the changes, with relatively
low spread among the models. No single RCM projects
declines of precipitation extremes in winter if averaged over
the Carpathian Basin.
In summer, by contrast, drying is projected for seasonal
totals in all RCMs. For mean seasonal maxima of shortterm (hourly) and 5-day amounts, however, there is no clear
pattern of prevailing increases or declines, and, for high
quantiles (high-impact events, represented by 50-year return
values in the present study), increases clearly prevail. They are
larger for short-term extremes that are more directly related
to convective activity than multiday extremes. This suggests
that the frequency of flash floods may increase more than
the occurrence of large-scale floods in a warmer climate. The
within-ensemble variability (and associated uncertainty) is,
nevertheless, much larger in summer than in winter.
As far as we know, no climate change studies exist in
relation to precipitation extremes of the subdaily scale which
are specifically targeted to Central and Southeastern Europe,
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although this is a region where flash floods often occur in
warm half year and cause major damage [49]. Since flash
floods are usually related to severe convective phenomena
(e.g., [1, 26, 61]), subdaily amounts are probably better proxies
for such events than more often examined daily amounts.
On the other hand, heavy 5-day precipitation is considered
a measure of the occurrence of large-scale floods in climate
model studies (e.g., [17, 35–39]), and its possible changes in
a warmer climate are widely studied. We show that there
are important differences between scenarios of short-term
(1-hour) and multiday (5-day) rainfall extremes in summer,
so future studies should pay larger attention to the subdaily
precipitation extremes as well. The present analysis suggests
that if climate change effects on precipitation extremes are
assessed from daily and multiday amounts only, possible
increases due to climate change and associated risks might
be underestimated.
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[6] J. Bartholy, L. Bozó, and L. Haszpra, Eds., Klı́maváltozás 2011—
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By using a coupled atmosphere-lake model, which consists of the Weather Research and Forecasting (WRF) model and the
Princeton Ocean Model (POM), the present study generated realistic lake surface temperature (LST) over Lake Victoria and revealed
the prime importance of LST on the precipitation pattern over the Lake Victoria Basin (LVB). A suite of sensitivity experiments
was conducted for the selection of an optimal combination of physics options including cumulus, microphysics, and planetary
boundary layer schemes for simulating precipitation over the LVB. The WRF-POM coupled system made a great performance on
simulating the expected LST, which is featured with eastward temperature gradient as in the real bathymetry of the lake. Under
thorough examination of diagnostic analysis, a distinguished diurnal phenomenon has been unveiled. The precipitation mainly
occurs during the nocturnal peak between midnight and early in the morning, which is associated with the strong land breeze
circulation, when the lake temperature is warmer than the adjacent land. Further exploration of vertical velocity, surface divergence
pattern, and maximum radar reflectivity confirms such conjecture. The time-longitude analysis of maximum radar reflectivity over
the entire lake also shows a noticeable pattern of dominating westward propagation.

1. Introduction
Lake Victoria, along with Lake Tanganyika and Lake
Malawi, located in Eastern Africa, together form a favorable
environment for the interactions between local and largescale circulations. Lake Victoria is the largest tropical lake
in the world and economically supports over sixty million
inhabitants over surrounding areas. The lake is affected by
several dominant seasonal and interannual factors, such as
Intertropical Convergence Zone (ITCZ), El Nino/Southern
Oscillation (ENSO), complex orographic forcing, and
anomaly Indian Ocean zonal temperature gradient.
The atmosphere and its underlying water bodies (including oceans and lakes) constitute an intimately coupled system
on the Earth. The two components are complexly linked
to each other and are responsible for Earth’s weather and

climate. The pioneer attempts of coupling the atmospheric
and oceanic models can be traced back to the late 1960s and
early 1970s [1–3]. Since then, coupled atmosphere-ocean (or
lake) models have been continuously modified and improved
in order to understand and predict climatic variability and
climate change.
Song et al. [4] employed a fully coupled threedimensional atmospheric-lake modeling system, which consists
of the second-generation regional climate modeling system
(RegCM2) and the lake version of the Princeton Ocean
Model (POM), to explore the catchment-scale and regional
climate around the Lake Victoria Basin (LVB). They abandoned the traditional modeling approach that neglects the
importance of hydrodynamics and bases the formulation
entirely on the thermodynamics alone; however, taking both
hydrodynamics and thermodynamics into account, brought
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satisfactory results when applyied to the LVB. And through
the coupled process, the lake surface temperature (LST) field
was successfully produced with an eastward gradient pattern,
in which warmer water is located over the shallower region of
the western sector of the lake, while colder water is contained
in the relatively deeper eastern part. Besides, the asymmetric
LST pattern impacts the overlying wind field and, in turn,
modifies the cloud cover and overlake rainfall intensity. In
the subsequentyears, RegCM3, which is an improved and
augmented version of RegCM2, was adopted and coupled
to the POM, an oceanic model, developed by Anyah [5] in
order to further study the features and physical mechanisms
associated with Lake Victoria’s climatic variability. In particular, the significant influence of large-scale transported
moisture via the lateral boundary was verified on the remarkable enhancement/suppression of simulated rainfall over the
targeted lake region. In addition, there are also studies [6,
7] introducing other lake models in applications of nearby
tropical lakes. Thiery and coauthors [7] presented the results
of the Lake Model Intercomparison Project (LakeMIP) for
Lake Kivu, which involved seven one-dimensional lake
models.
Recently, a fully coupled atmosphere-wave-ocean modeling system (CAWOMS) was established by a series of
studies [8–10]. The CAWOMS consists of a new-generation
atmospheric model, the Weather Research and Forecasting
(WRF) model, an oceanic circulation model, the POM model,
and a third generation wave model, called the Simulating
Waves Nearshore (SWAN) model. The CAWOMS has been
applied to several tropical cyclone studies in order to investigate the impact of atmosphere-wave-ocean interaction and
coupling on tropical cyclone systems. In this study, we aim
to establish an atmosphere-lake coupled model for the LVB
by modifying the atmosphere-ocean coupling component
of the CAWOMS and then demonstrate its capability in
producing realistic lake surface temperature (LST), thus
resulting in better simulation of precipitation over the LVB.
Through a series of sensitivity simulations of the precipitation
over the LVB, it has been demonstrated that the LST has
a detrimental impact on the rainfall over the LVB [11].
However, given the failure of existing global models in
providing realistic LSTs for the LVB, while also considering
the lack of lake observational data over this region, the
coupled atmosphere-lake model, which takes into account
the air-lake interaction processes, is expected to obtain a
realistic lake circulation including its LST pattern. Besides,
one of the merits of this study is coupling a three-dimensional
(3-D) lake model modified from the POM ocean model
to a state-of-the-art regional atmospheric model, the WRF
model.
The rest of this study is organized into the following
sections. Detailed description of the three-dimensional fully
coupled atmosphere-lake model will be introduced in Section 2, along with the model settings and experimental
design. Analyses of the simulation results of overlake precipitation under various LST patterns over Lake Victoria
will be briefly reviewed in Section 3, together with the
findings and examinations about rainfall simulation with
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Figure 1: The schematic illustration of the coupled atmosphere-lake
system.

the coupled model. Section 4 will present the summary and
conclusions.

2. The Coupled Atmosphere-Lake Model and
Experimental Design
2.1. Description of Coupled Atmosphere-Lake Model. The
coupled atmosphere-lake model is constructed based on the
atmosphere-ocean coupling system of the CAWOMS, which
is a fully coupled atmosphere-wave-ocean model developed
by Xie et al. [8], Liu et al. [9], and Liu et al. [10]. It
consists of an atmospheric regional version of the Weather
Research and Forecasting (WRF) model, Version 3.2 [12],
and the Princeton Ocean Model (POM) [13], which is an
ocean circulation model. The POM model is configured to
conduct lake circulation simulation. The model components
are connected to each other through the Model Coupling
Toolkit [14, 15] which is a set of open source software
tools written by Fortran90 and works with Message Passing
Interface (MPI) communication protocol. It was previously
employed as the basis for the Community Climate System
Model coupler [16] as well as the Regional Ocean Modeling
System [17].
Figure 1 illustrates the interaction within the coupled
atmosphere-lake model. The procedure generally depicts that
the atmospheric model component drives the lake circulation
model component through various atmospheric forcings
including surface wind stress, longwave and shortwave radiation, latent and sensible heat flux, and atmospheric sea
level pressure. In turn, the lake circulation model component provides time-dependent LST to the atmospheric
model component to calculate heat fluxes at the air-lake
interface. Moreover, the lake circulation model component
contributes to the lake surface current in order to estimate
the relative wind speed for the computation of surface
wind stress. Variables are exchanged between two model
components at certain time intervals determined beforehand.
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Figure 3: Initial vertical temperature profile for Lake Victoria.
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Figure 2: The bathymetry of Lake Victoria.

More detailed information about the model components,
coupled procedure, and the parameterization of atmospherelake interaction processes are referred to in Liu et al. [9].
There are several simplifications that need to be taken into
consideration in terms of applying the coupled model to the
Lake Victoria basin. Given the fact that the main striking
feature making freshwater lakes distinguished from coastal
ocean is the salinity effects, salinity for the lake circulation
model component in this study is set to a constant value of
0.2 PSU, which has been examined as a suitable estimate [18]
when applying POM to the simulations of the Lake Victoria
region. Also, tides are not taken into consideration for the
lake model. In addition, the lake model domain is completely
enclosed by the land so that the open boundary conditions
are ruled out. We also neglect the effects of evaporation,
precipitation, and river runoff on the elevation of the lake,
which is supported by the diagnostic analysis conducted
by Yin and Nicholson [19]. They confirmed that the river
inflow and discharge are relatively much smaller than the
contributions of evaporation and rainfall in the hydrological
budget of Lake Victoria. The real bathymetry (Figure 2) of
Lake Victoria is employed, which has a significantly steeper
coastal vertical slope on the eastern side of the lake than that
on the western side. The maximum depth of the lake is 74 m,
and the minimum depth for the lake model component is
set to 10 m. The initial temperature vertical profile is shown
in Figure 3. The climatological surface temperature of 24∘ C
is prescribed for the upper 20 m of the lake, and then the
temperature decreases gradually with depth for the following
20 m layer until it reaches the isothermal condition, once
again, where it maintains the same constant temperature
value all the way down to the bottom of the boundary layer.
The temperature profile adopted here is consistent with the
one in Anyah [5].

2.2. Design of Numerical Experiments. The response of precipitation distribution to the change of LST was investigated
in a previous study [11], in which the first-order role of LST
was isolated and demonstrated to have a critical influence
on precipitation over the LVB through various sensitivity
simulations. However, due to the relatively coarse resolution
of the global model, which has difficulty resolving the lake
and the relatively poor observation system over the LVB,
a relatively realistic LST pattern over LVB is currently not
available from global models. Failure to provide a realistic
LST pattern over LVB will thus lead to unfavorable simulation of the precipitation pattern. Therefore, we employed
the coupled atmospheric-lake model with sufficient spin-up
processes in advance and real-time exchanges of different
atmospheric forcings to generate lake temperature structure
and circulation fields of Lake Victoria. Once the expected LST
pattern was reproduced by using the coupled atmospherelake system, diurnal features were thereupon examined and
analyzed based on the simulation results.
All the simulations conducted in this study are during
the short rainy season of Eastern Africa, in 1999, which
is a normal or neutral climate year, meaning that there is
neither a La Nina nor an El Nino happening. Furthermore,
in accordance with previous LST sensitivity experiments
in Sun et al. [11], the exploration of the LST pattern and
subsequent analyses are focused on a five-day short case
as well. The model domains for the atmospheric model
component include a nested 4 km spatial resolution grid
within a 12 km grid. The inner domain is approximately
centered at 33∘ E, 1.4∘ S, and the whole lake is covered by
the 121 × 121 grid meshes. The model domains are on the
Mercator map projection and have 30 vertical levels with
the top of the atmosphere placed at 50 hPa. The time step
is fixed at 60 seconds for the parent domain and model
outputs are archived every 3 hours during the simulation
period. The physical schemes including Eta microphysics
[20], improved Grell-3D cumulus [21], and ACM2 planetary
boundary layer scheme [22, 23], along with MM5 similarity
surface layer scheme [24] and Noah land surface model [25]
are selected based on previous sensitivity simulations [26, 27]
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3. Results and Discussions
3.1. Sensitivity Experiments for the Physics Options of the
Atmospheric Model. Davis et al. [28] presented a particular view of customizing the rainfall processes over the
tropical regions of eastern Africa and the Indian Ocean
using the RegCM3 model. Since precipitation has been
such an important research topic in many areas throughout
the world, proper customization and representation of its
amount and distribution would be of the utmost importance
before further exploring the related processes and predicting
the variability. Therefore, sensitivity experiments were first
conducted to determine the optimal settings of the physics
options of the WRF model in simulating the precipitation
over the LVB. Among all the available physics options,
we selected and compared the planetary boundary layer,
microphysics, and cumulus schemes in terms of their critical
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and experiments described as follows. Correspondingly, the
lake circulation model component uses the same horizontal
grid meshes as the nested 4 km atmospheric inner model
domain. POM model consists of 12 sigma vertical layers and
the external and internal time steps are 15 and 450 seconds,
respectively.
The lake circulation model component was first integrated 60 days independently using the 6-hourly NCEP
Reanalysis data for model spin-up, during which, timedependent forcings from October to November of 1999 were
adopted to drive the lake circulation model. Considering
the lake’s depth and large surface area, such a long time
is helpful for the lake to respond well to the atmospheric
forcings. Since the large-scale prevailing flow over Eastern
Africa is dominated by the easterly trade winds most of
the year, the surface wind stress was fixed as a constant
easterly flow during the simulation period. Thereafter, the
results from the oceanic spin-up process were used as the
initial conditions for the POM component in the two-month
coupled process. On the other hand, NCEP Climate Forecast
System Reanalysis (CFSR) data, which consists of higher
spatial resolution and superior quality, provided the initial
and boundary conditions for the stand-alone atmospheric
model component. Since the target is to produce realistic
lake temperature patterns, the model coupling is currently
configured for the model domain with a 4 km grid resolution.
The outputs of the outer atmospheric model with coarser-grid
resolutions were used to generate the initial and boundary
conditions for the inner 4 km atmospheric model domain.
And eventually, the generated LST pattern from the coupled
model was reinterpolated into the outer coarse atmospheric
model domain to replace the original LST, in order to
accomplish the five-day simulation and avoid inconsistency
in the physics and dynamics of the two atmospheric model
domains. As mentioned above, we still chose the same fiveday time period as an extension of our previous study and also
to testify that a proper description of LST would really help to
improve the simulation of precipitation and that the coupled
system is a feasible way to employ in the further studies over
the LVB region.
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Experiment #
PBL1 PBL2 PBL3 PBL1 PBL2 PBL3 PBL1 PBL2 PBL3
Cu1 (KF)

Cu2 (BMJ)

Cu3 (Grell-3D)

Microphysical
Convective

Figure 4: The area-averaged microphysical (red) and cumulus
(blue) rainfall over the entire nested domain from 36 combinations
of physical parameterization schemes together with the TRMM data
(green).

effects on the formation of model precipitation. The cumulus
scheme is primary in a way that it exerts an influence on
producing the convective rainfall, which dominates over
the tropical regions [29, 30]. The choice of the planetary
boundary layer (PBL) scheme will directly affect the temperature and moisture profile in the lower troposphere and
the turbulent mixing of all levels as well, which can pull the
trigger on convective activity. In addition, the microphysics
scheme is responsible for heat exchanges taking place inside
the clouds and indirectly influencing the radiation budget
at the surface and at the top of the atmosphere [31, 32]. A
suite of 36 simulations was executed for the five-day case,
corresponding to all the possible combinations among four
microphysics, three PBL, and three cumulus schemes. Table 1
summarizes the selected schemes and their main characteristics. They all share the same parameters of other physical
schemes, including the shortwave and longwave parameterization schemes by Dudhia [33] and Mlawer (RRTM, [34]),
respectively, and Noah Land Surface Model [25] for the land
surface scheme. The land use was prescribed by a set of
land-surface categories provided by the Moderate Resolution
Imaging Spectroradiometer (MODIS, 20 classes: [35]). The
simulated rainfall was compared to the interpolated TRMM
data with the main focus being over the lake region during
five-day period.
In general, different physical options generate rainfall
with varied intensities and patterns in both the parent and
nesting domains. Figure 4 provides the area-averaged fiveday total rainfall and separate cumulus and microphysical
rainfall over the entire nesting domain from each simulation
compared with observational data. Every four simulations
share the same PBL scheme in Figure 4, with the microphysics
schemes in sequence using WSM6, Morrison, Lin, and Eta.
The MP and PBL physical schemes appear to exert relatively
less influence than the Cu scheme on the produced rainfall
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Table 1: Summary of cumulus, planetary boundary layer, and microphysics parameterization schemes used in this study.
(a) Cumulus schemes

KF:
Kain-Fritsch scheme

BMJ:
Betts-Miller-Janjic scheme

Grell-3D:
Improved Grell-Devenyi (GD)
ensemble scheme

Low-level control convective
scheme and entraining-detraining
mass flux scheme

Convective adjustment scheme:
instability is eliminated by nudging
environmental profiles of
temperature and specific humidity
empirically derived reference
profiles

An improved version of GD
scheme that may also be used on
high resolution if subsidence
spreading is turned on

(b) Planetary boundary layer schemes

YSU:
Yonsei University scheme

MYJ/TKE:
Mellor-Yamada-Janjic scheme

ACM2:
Asymmetric Convective Model
version 2

First-order nonlocal scheme

2.5 turbulent closure modified
Mellor and Yamada scheme based
on Turbulent Kinetic Energy (TKE)

Nonlocal closure scheme with
eddy diffusion

(c) Microphysics schemes

WSM6:
WRF Single-Moment
6-class scheme

Extension of the WSM5
scheme including graupel
and associated processes

Morrison:
Morrison double-moment
scheme
Scheme including vapor, cloud
droplets, cloud ice, rain, snow,
and graupel/hail. Prediction of
two-moment (number of
concentration and mixing ratio)
allowing for a more robust
treatment of the particle size
distributions

intensity. As a consequence, computed statistical errors over
the nesting region mainly vary according to the Cu scheme,
with lower (higher) values being found with the Grell-3D
(KF) scheme. The microphysics scheme seems to exert slight,
but still not negligible, influence on the short-term rainfall,
unlike the little impact from the PBL schemes. Experiments
with Eta and WSM6 MP schemes generate the least rainfall
bias against satellite observed rainfall data. To be more
specific, the Grell-3D scheme contributes to more of the
convective precipitation, given its percentage in the total
rainfall, while the KF and BMJ scheme evenly match one
another. In addition, the effect of combinations between
the convective and microphysics schemes is more or less
additive; in other words, the largest rainfall amounts are
obtained when the KF scheme is combined with the Morrison/Lin MP scheme, while the driest amounts are obtained
when the Grell-3D scheme is combined with the WSM6/Eta
scheme.
Each experiment produces various precipitation patterns
which are not shown here. However, compared with the
TRMM data, none of the simulations give the two-rainfall
maxima, which are featured in the observation and all fail
to capture the western rainfall maximum, which is up to
209.5 mm in the observation. Additionally, the precipitation
is mainly concentrated over the adjacent land, especially over

Lin:
Lin et al. scheme

Eta:
Eta microphysics for fine
resolution

Hydrometeors including water
vapor, cloud water, rain, cloud ice,
snow, and graupel and scheme is
taken from Purdue cloud model
and details can be found in [37]

Operational scheme in
NCEP models with
diagnostic mixed-phase
processes

the eastern coastal areas. It is now the meaningful point where
we realize the deficient capability of the regional model on
simulating rainfall over the Lake Victoria basin and the point
where we start to explore the underlying reasons. In spite
of the very fact that Grell-3D makes a good performance
in both domains, the impact of the domain size and lateral
boundaries shows their importance with the domain center
changing, as earlier studies suggested. As indicated by statistical analysis, WSM6 MP in combination with the MYJ
PBL scheme works well for the parent domain, while Eta
MP coupled with the ACM2 PBL scheme is associated with
the least rainfall bias shown here, however, under insufficient
amounts of rainfall.
To sum up, the comparisons of both the precipitation
patterns and the intensity demonstrate that the combined
use of the Eta microphysics scheme with an improved Grell3D cumulus scheme as well as an Asymmetric Convective
Model (ACM2) planetary boundary layer scheme, along with
the MM5 similarity surface layer scheme, yields the most
satisfactory distribution over the lake and adjoining land
areas in the present study.
3.2. The Importance of LST on Rainfall over LVB. It is well
known that the precipitation over Eastern Africa is strongly
influenced by the progression of the ITCZ twice a year,
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control the precipitation field as suggested by the ever-present
rainfall concentration over the eastern sector of the lake,
which will be discussed later.
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Figure 5: Rainfall (in mm) during November from the TRMM data.

leading to a remarkable bimodal rainfall feature. Figure 5
gives the total rainfall belt during the month of November
of the simulation year from an observation that coincides
with the annual mean location of the ITCZ over the areas
of Africa and the Indian Ocean. In Sun et al. [11], a set of
rainfall patterns under various LST forcings is presented in
Figure 6. The comparisons between the top two figures show
the incapability of the regional model, with insufficient LSTs,
in producing the rainfall variability over the LVB once again.
The control run clearly fails to simulate the remarkable tworainfall maxima feature observed in the TRMM data. The
rainfall is less intense under default settings, with an areaaveraged temperature value being only 20∘ C. However, there
is an apparent intensification/weakening of rainfall over and
in the vicinity of the lake occurring with temperature being
increased/decreased for the asymmetric LST distribution as
shown in Figures 6(c), 6(d), and 6(e). It is worth noting
that the relation between rainfall anomalies and the LST
variations is nonlinear. When the lake is warmer by 1.5∘ C,
there is only a slight increment and the two-rainfall maxima
are starting to show. Nevertheless, it disappears with areaaveraged temperature being 25.5∘ C and is replaced by a
single rainfall concentration over the middle of the lake. We
postulate that the primary physical mechanism switches from
the temperature gradient-driven between the lake and land
into the convection-driven over the lake. It seems that in the
current case, the area-averaged temperature is maintained
around 24∘ C and is the prerequisite for obtaining a better
rainfall pattern.
Besides, we found that the bias in area-averaged LST
from about 24∘ C is more detrimental for the simulation of
rainfall over the lake basin than the sensitivity on the general
LST distribution, although the latter is also important which
is shown in Figure 6(f) case. We adopted the LST pattern
from Anyah [5], which is characterized by the eastward
temperature gradient as dictated by the lake bathymetry.
The corresponding rainfall field showed the two-rainfall
maxima pattern with the highest amount located over the
western sector of the lake for the first time, which is the
most consistent simulation with observation among all the
experiments. We only care about the role of the LST in the
overlake rainfall; however, there are other factors that might

3.3. Hydrodynamic Characteristics of Lake from Coupled
Model. The basic wind structure associated with the LVB is
predominated by the northeasterly monsoon flow during the
North Hemisphere winter and the southeasterly flow during
the North Hemisphere summer. Given the uncertainties
of variable distribution of existing available datasets and
inaccessibility of reliable gauge data, the stand-alone lake
circulation model component is integrated by adopting a
prescribed uniform surface temperature of 24∘ C and an idealized constant easterly flow along with CFSR time-dependent
atmospheric forcings for the model spin-up. With the constraint of constant surface temperature, the lake stratification
would become more stable with continuous mixing due to
downwelling and upwelling. The surface water current after
two-month integration is presented in Figure 7. The surface
circulation is basically barotropic, where the Coriolis effect
is nearly negligible. One small gyre circulation is formed
centering in the middle of the lake. The mass continuity
dynamic law indicates that upwelling is initiated along the
eastern coastline and downwelling motion exists along the
western boundary of the lake, resulting in divergence and
convergence at the water surface, respectively.
Such a theory is again verified in the evolution of lake
surface temperature pattern at the beginning of the coupling
process. After 10 days of model integration (Figure 8(a)), the
strong upwelling brings colder water from the bottom of the
lake to the surface and results in a temperature decrease.
In addition, intense upwelling occurs all across the eastern
sector of the lake, with the maximum upwelling being located
at the northeastern part of the lake. However, the surface
temperature over the western sector is still as warm as
the initial temperature setting, which is in good agreement
with the downwelling motion underneath. The lake reaches
equilibrium at around 40 days of simulation and starts to heat
up over the whole lake. Figure 8(b) shows the lake surface
temperature pattern after the two-month integration through
the coupled model. The western part of the lake heats up
much faster than the rest of the lake during the day, as dictated
by the real bathymetry, with the shallower region located
over the western sector of the lake. The area-averaged LST
approaches 25.12∘ C. The eastward temperature gradient is
well simulated with higher temperatures over the northwestern sector of the lake. The general structure of the lake temperature is in accordance with the LST pattern from Anyah
[5], but is feeding with real-time dependent forcings from the
regional atmospheric model. Consequently, compared with
LST pattern under simple idealized easterly wind stress in
their study, Figure 8(b) displays a more complex temperature distribution with a more intense temperature gradient
concentrated over the western part of the lake and over the
eastern cold tongue-extending into the middle of the lake.
3.4. Diagnostic Analysis of Diurnal Feature of Lake. We
extracted the LST pattern shown in Figure 8(b) from the
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Figure 6: Total rainfall pattern during the five-day period from (a) the control run, (b) the TRMM data, (c, d, e) the experiments with
area-averaged LST being 22.5∘ C, 24∘ C, and 25.5∘ C, and (f) the experiments with LST pattern from Anyah [5].
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Figure 7: Simulated lake surface current (in m s−1 ) after two-month
integration under the forcing of uniform wind stress.

CFSR-coupled run and then fed it into the stand-alone
atmospheric model to accomplish the five-day total precipitation simulation. One modification that needs to be
emphatically pointed out is the fact that the adopted LSTs
at every lake point were subtracted by 1∘ C so that the areaaveraged value approached 24∘ C, which is the prerequisite
in the current case study to generate a consistent rainfall
pattern with observation from previous discussion. The total
rainfall distribution is exhibited in Figure 9 compared with
the observation. Apparently, the two-rainfall maxima pattern
is successfully reproduced with the highest rainfall amount
located over western sector of the lake. The maximum
western and eastern precipitation amounts reach 219.4 mm
and 205.3 mm, respectively. The rainfall is concentrated over
the coastal regions and the exact locations of the two maxima
are getting closer to the TRMM data with only being slightly
different in latitude. It further substantiates the performance
of the coupled model in simulating the actual LST pattern.
The investigation of hourly wind fields and corresponding
rainfall evolution reveals an obvious and active diurnal phenomenon. Figure 10(a) presents the mean 850 hPa circulation
pattern at 0600 LST (Local Standard Time) during the fiveday period, which are overlaid by the associated lake-land
breeze driven rainfall. The circulation pattern over the lake
basin is characterized by the flow convergence over the northwestern sector of the lake where most of the rainfall occurred.
The lake thus provided more water vapor along with the
rising motion, which is related to the intriguing land breeze
circulation, when the lake surface temperature is warmer
than the adjacent land during the nighttime (Figure 10(b)).
During the day, the thermal difference reverses and moves
the cooler air inland, which gives rise to the divergence
pattern in the lower troposphere over the lake. Nevertheless,
such corresponding relation at 1500 LST is not quite evident
here, although the model indeed captures divergence over
the lake when the lake circulation is assumed to be fully

developed. The simulated lake breeze circulation is relatively
weaker than the land branch. Consequently, a significant
amount of precipitation is produced over the lake region
in the early morning with a land breeze dominating, while
outside the lake surfaceand over the land in the afternoon.
The simulated diurnal rainfall variability over four quadrants of the lake surface also verifies such land-lake breeze
related features. The four quadrants are 1∘ × 1∘ square boxes
(∼10,000 km2 ) over the lake surface and are designated as
the northwest quadrant (NW: 0∘ -1∘ S, 32∘ -33∘ E), southwest
quadrant (SW: 1∘ -2∘ S, 32∘ -33∘ E), northeast quadrant (NE: 0∘ 1∘ S, 33∘ -34∘ E), and southeast quadrant (SE: 1∘ -2∘ S, 33∘ -34∘ E)
as in Anyah [5]. Three-hourly total rainfall data were used
to derive diurnal cycles over each quadrant (Figure 11). The
diurnal feature is noticeably illustrated and the diurnal cycle
of rainfall is characterized by the nocturnal peak (midnight to
early morning hours), and then rainfall intensity dramatically
diminishes over the entire lake, thereafter, which is consistent
with precious studies. The intense rainfall occurrence is concentrated over the western hemisphere. This is in accordance
with the two-rainfall maxima pattern from observation, with
the western and eastern sectors sharing similar features of the
rainfall evolution at a 3-hour interval.
On the other hand, the cross-section of the vertical
velocity along the two-rainfall maxima also confirmed the
strong upward motion over the lake associated with land
breeze circulation during nocturnal time. Figure 12 displays
very strong ascending motion over the western sector of
the lake, with maximum vertical velocity reaching 0.22 ms−1
and centering at 32.6∘ E, which coincides with the maximum
rainfall at 0600 LST. The western branch of the upward
motion extends from 850 hPa to the limited height and is
associated with the deep convection, which can easily explain
the significant rainfall over the western sector of the lake.
Moreover, the upward motion over the eastern sector is not as
strong as the western branch and the net subsidence mainly
occupies near the lake surface. However, the entire lake
surface is dominated by the descending motion at 1500 LST,
while the ascending motion is primarily located over the
surrounding land, which is related to the land rainfall. Such
profiles are in accordance with the expected diurnal circulation and rainfall variability over the lake surface associated
with the lake-land breeze circulation. When we look into
the convergence/divergence pattern over the lake basin at the
corresponding time, the characteristics are consistent with
the diurnal feature captured from the vertical velocity flow
pattern. There is strong convergence over the western sector
of the lake early in the morning (Figure 13(a)), leading to
intense upward motion along with the sufficient water vapor
needed to bring about a significant amount of rainfall. The
most active center of the convergence is located at around
850 hPa, which is in great agreement with the mean 850 hPa
circulation pattern shown above. Conversely, the afternoon
pattern (Figure 13(b)) shows weaker divergence over the lake
basin, constraining at a relatively lower height and relatively
strong convergence over the adjoining land.
Radar reflectivity diagnosed from the model output
is very useful to present mesoscale fields and, thus, to
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Figure 8: The lake surface temperature (in ∘ C) after (a) 10 days and (b) two months of integration.
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Figure 9: Total precipitation distribution from (a) the experiment with the lake surface temperature pattern from the coupled model and (b)
the TRMM data.

help understand relevant mesoscale processes from highresolution numerical models. The radar reflectivity used
below is extracted and derived by a NCAR command language (NCL) function, which is computed from the simulated mixing ratios of grid-resolved hydrometeor species,
assuming scattering by spherical particles of known constant
density with an exponential size distribution [36]. Therefore,

we tracked the radar reflectivity at a cross-section and
observed a maximum radar reflectivity at a 3-hourly interval
and obtained a pronounced relationship between lake precipitation and itself. Figure 14(a) shows strong radar reflectivity
over the western sector of the lake, whose location is in
great accordance with the maximum ascending motion and
intense convergence zone. However, during the afternoon, it
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Figure 10: The 850 hPa mean flow (arrows) overlaid on precipitation (a, b) and the 2 m air temperature (c, d) over the LVB at 0600 LST (a, c)
and 1500 LST (b, d).

appears that there are only negative values over the eastern
lake region, which means only very tiny hydrometeors are
detected. The result expectedly coincides with the fact that
little precipitation occurred over the lake. When we look into
the maximum radar reflectivity (Figure 15), its extent and
concentrated location also serve as a mirror to the generated
precipitation. The greater the intensity of maximum radar
reflectivity, the larger the amount of rainfall over the lake

and adjacent land area. In addition, it seems that the area
of maximum radar reflectivity moves from east to west from
the evolution of 3-hourly reflectivity. To allow for more direct
viewing, the lake is divided into two parts between the equator and 2.25∘ S. Then, the time-longitude change of maximum
radar reflectivity is computed for each part. The diurnal
feature is more distinctly represented in this way. Figure 14
gives clear patterns of dominating westward propagation
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Figure 11: Time series of 3-hourly total rainfall over four quadrants of the lake.

over the entire lake. There are five apparent wavelengths
over the simulated area and correspondingly, the period of
wave motion is just one day, which in turn, fully verifies
the diurnal characteristic of rainfall variability. Overall, the
precipitation appears to be more intense and substantial over
the lake during simulation period. The precipitation mainly
occurs between midnight and the early morning hours (0006 LST), which is representative of the nocturnal peak and is
consistent with our foregoing discussions. Furthermore, the
occurrence of domain precipitation is primarily centralized
on the first day and the last two days and is shown over
both parts of the lake. Nevertheless, there is an ever-present
precipitation concentration over the eastern coast under

the default setting and various lake surface temperature
forcings. Since the simulation period falls into the short rainy
season of Eastern Africa, we postulate that the southward
progression of the ITCZ exerts a certain impact on such a
persistent rainfall area.

4. Summary and Conclusions
Critical influence of lake surface temperature on the distribution of rainfall over Lake Victoria was demonstrated in a
previous study. However, the current accessible datasets are
lacking trustable gauge resources of variables over the lake.
A coupled atmosphere-lake model was therefore introduced
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Figure 12: Cross-sections of vertical velocity at (a) 0600 LST and (b) 1500 LST along the two-rainfall maxima.
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in order to produce realistic lake circulation, including its
LST pattern, by taking into account air-lake interaction
processes. The coupled atmosphere-lake model considers full
exchange of time-dependent variables between atmosphere
and lake in their interface and allows the mixings of energy
in both vertical and horizontal directions in the lake. Results
show that the produced LST pattern was characteristic of
an eastward temperature gradient, as dictated by the lake
bathymetry, with a shallower region over the western sector
of the lake and a deeper area over the eastern part. The
numerical simulation with a produced LST pattern obtained
a better rainfall distribution compared with the observational
data.
There was distinguished diurnal phenomenon detected
during the succeeding examination and diagnostic analysis.
The intense precipitation occurrence fell into the nocturnal
peak between midnight and the early morning hours, which
coincided with the strong land breeze circulation when
the lake was warmer during the nighttime. However, the
other branch was relatively weaker during the daytime and
the lake was predominantly occupied by the descending
motion, leading to divergence and less precipitation. It is
consistent with the apparent features in vertical velocity and
radar reflectivity patterns along rainfall maxima over the
eastern and western lake hemispheres. In addition, the timelongitude analysis of the maximum radar reflectivity over
both the northern and southern sections of the lake presented
a remarkable westward propagation wave with a one-day
period which, in turn, confirmed such diurnal features.
Besides, we selected ten physical schemes from cumulus,
microphysical, and planetary boundary layer schemes to
compare the total 36 possible combinations and obtain
the optimal settings for the current short-term case. The
primary findings were in great agreement with the previous
studies that the MP and PBL appeared to exert relatively
less influence than the Cu scheme on the simulated rainfall.

The impacts of the domain size and lateral boundary conditions also showed their importance with domain center
altering.
However, the real bathymetry data used in this study
is crude and lacking other comparable variables, together
resulting in insufficient and incomprehensive examination
of the coupled simulations. The focus of this study is on
the short-term rainfall over the lake region. The effect of
atmosphere-lake interaction may take weeks and months to
fully manifest itself. Therefore, short and long-term climatic
simulations are needed to examine the effect and processes
coupling the lake and the atmosphere over Lake Victoria in
more depth and with greater certainty.

Conflict of Interests
The authors declare that there is no conflict of interests
regarding the publication of this paper.

Acknowledgments
The authors are grateful to Ms. Katie Costa for the English
proofreading. This study is supported by the National Science
Foundation through Grant no. 553210.

References
[1] K. Bryan, S. Manabe, and R. C. Pacanowski, “A global oceanatmosphere climate model. Part II. The oceanic circulation,”
Journal of Physical Oceanography, vol. 5, pp. 30–46, 1975.
[2] S. Manabe and K. Bryan, “Climate calculations with a combined
ocean-atmosphere model,” Journal of the Atmospheric Sciences,
vol. 26, pp. 786–789, 1969.
[3] S. Manabe, K. Bryan, and M. J. Spelman, “A global oceanatmosphere climate model. Part I. The atmospheric circulation,”
Journal of Physical Oceanography, vol. 5, pp. 3–29, 1975.

14
[4] Y. Song, F. H. M. Semazzi, L. Xie, and L. J. Ogallo, “A coupled
regional climate model for the Lake Victoria Basin of East
Africa,” International Journal of Climatology, vol. 24, no. 1, pp.
57–75, 2004.
[5] R. O. Anyah, Modeling the variability of the climate system over
Lake Victoria Basin [Ph.D. dissertation], North Carolina State
University, 2006.
[6] W. Thiery, A. Martynov, F. Darchambeau et al., “Understanding
the performance of the FLake model over two African Great
Lakes,” Geoscientific Model Development, vol. 7, pp. 317–337,
2014.
[7] W. Thiery, “LakeMIP Kivu: evaluating the representation of
a large, deep tropical lake by a set of one-dimensional lake
models,” Tellus A, vol. 66, Article ID 21390, 2014.
[8] L. Xie, B. Liu, H. Liu, and C. Guan, “Numerical simulation
of tropical cyclone intensity using an air–sea–wave coupled
prediction system,” Advanced Geosciences, vol. 18, pp. 19–43,
2010.
[9] B. Liu, H. Liu, L. Xie, C. Guan, and D. Zhao, “A Coupled
atmosphere-wave-ocean modeling system: simulation of the
intensity of an idealized tropical cyclone,” Monthly Weather
Review, vol. 139, no. 1, pp. 132–152, 2011.
[10] H. Liu, B. L. Liu, L. Xie, and K. Zhang, “Simulation of ocean
responses to an idealized landfalling tropical cyclone using
a coupled atmosphere-wave-ocean modeling system,” Tropical
Cyclone Research and Review, vol. 1, no. 3, pp. 373–389, 2012.
[11] X. Sun, L. Xie, F. H. M. Semazzi, and B. Liu, “Effect of lake
surface temperature on the spatial distribution and intensity of
the precipitation over Lake Victoria Basin,” Monthly Weather
Review, In reviews.
[12] W. C. Skamarock, J. B. Klemp, J. Dudhia et al., “A description
of the advanced research WRF version 2,” NCAR Tech. Note
NCAR/TN-4681STR, 2007.
[13] G. L. Mellor and A. F. Blumberg, “Modeling vertical and
horizontal diffusivities with the sigma coordinate system,”
Monthly Weather Review, vol. 113, pp. 1380–1383, 1985.
[14] R. Jacob, J. Larson, and E. Ong, “M—×—N communication
and parallel interpolation in community climate system model
version 3 using the model coupling toolkit,” International
Journal of High Performance Computing Applications, vol. 19, no.
3, pp. 293–307, 2005.
[15] J. Larson, R. Jacob, and E. Ong, “The model coupling toolkit:
a new Fortran90 toolkit for building multiphysics parallel
coupled models,” International Journal of High Performance
Computing Applications, vol. 19, no. 3, pp. 277–292, 2005.
[16] A. P. Craig, R. Jacob, B. Kauffman et al., “Cpl6: The new
extensible, high performance parallel coupler for the community climate system model,” International Journal of High
Performance Computing Applications, vol. 19, no. 3, pp. 309–328,
2005.
[17] J. C. Warner, C. R. Sherwood, R. P. Signell, C. K. Harris, and
H. G. Arango, “Development of a three-dimensional, regional,
coupled wave, current, and sediment-transport model,” Computers and Geosciences, vol. 34, no. 10, pp. 1284–1306, 2008.
[18] W. P. O’Connor and D. J. Schwab, “Sensitivity of great lakes
forecasting system nowcasts to meteorological fields and model
parameters,” in Proceedings of the 3rd International Conference
on Estaurine and Coastal Modeling, M. L. Spaulding, K. Bedford,
A. Blumberg, R. Cheng, and C. Swanson, Eds., pp. 149–157,
American Society of Civil Engineers, Oak Brook, Ill, USA, 1994.
[19] X. Yin and S. E. Nicholson, “The water balance of Lake Victoria,”
Hydrological Sciences Journal, vol. 43, no. 5, pp. 789–812, 1998.

Advances in Meteorology
[20] NOAA, “National Oceanic and Atmospheric Administration
Changes to the NCEP Meso Eta Analysis and Forecast System:
increase in resolution, new cloud microphysics, modified precipitation assimilation, modified 3DVAR analysis,” 2001.
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This study establishes a methodology for the application of downscaled GCM data in a mountainous area having large spatial
variations of rainfall and attempts to estimate the change of rainfall characteristics in the future under climate change. The Namhan
river basin, which is in the mountainous area of the Korean peninsula, has been chosen as the study area. neural network-simple
kriging with varying local means (ANN-SKlm) has been built by combining the artificial neural network, which is one of the
general downscaling techniques, with the SKlm regionalization technique, which can reflect the geomorphologic characteristics.
The ANN-SKlm technique was compared with the Thiessen technique and the ordinary kriging (OK) technique in the study area
and the SKlm technique showed the best results. Future rainfall levels have been predicted by downscaling the data from CNRMCM3 climate model, which was simulated under the A1B scenario. According to the results of future annual average rainfall by each
regionalization technique, the Thiessen and OK techniques underestimated the future rainfall when compared to the ANN-SKlm
technique. Therefore this methodology will be very useful for the prediction of future rainfall levels under climate change, most
notably in a mountainous area.

1. Introduction
Climate change can affect the spatial and temporal distributions of water resources as well as the intensities and frequencies of extreme hydrological events [1]. Climate change causes
temperature increases over a long period of time, change in
rainfall amounts and patterns, dry spells, and a rise in sea
levels. There are many ongoing studies on the evaluation of
climate change impacts on water resources such as river flow
quantity, water-quality, ecology, groundwater, agriculture,
snowmelt, and hydroelectric power generation. The results
of these studies are integrated and published by the IPCC in
assessment reports [2–6].
One of the important issues for the analysis of climate
change impact is the part related to the downscaling of
GCM (general circulation model) data. Many researchers

are focusing their efforts on suggesting and improving
various downscaling techniques. The studies on downscaling
techniques had arisen from the issue on the resolution of
GCM. Therefore, the studies on utilizing GCM data from
the perspective of hydrology can be largely classified into
dynamical and statistical downscaling techniques.
The dynamical downscaling technique is a numerical
model based on a computer program that provides variables and fluxes on weather and climate by meteorological
equations. Regional climate models (RCMs) and limited area
models (LAMs) are the quintessential examples. It is a process
of creating weather scenarios through a physical circulation
process while having a GCM as the boundary condition
[7, 8]. Since RCMs can simulate the study area in high
resolution, many studies utilized RCMs [9–13]. Many projects
that evaluated the impact of climate change and vulnerability
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to climate change in limited regions, such as the UK Climate
Impacts Programme [14], the Prudence [15–17], the North
American Project NARCCAP, and CRES [18], used dynamical downscaling technique.
Statistical downscaling techniques use the statistical correlation between low resolution GCM and local observed data
[19, 20]. Hanssen-Bauer and Førland [21], Hellström et al.
[22], and Fowler et al. [10] applied a statistical downscaling
technique that used the relationship between atmospheric
hydrometeorological variables and rainfall/temperature of
the ground surface. Cubasch et al. [23], Kidson and Thompson [24], Hanssen-Bauer et al. [25], and Chu et al. [26]
also used statistical downscaling techniques by drawing the
main components of pressure fields or geographical-potential
heights. There are also studies that applied statistical downscaling techniques, such as the studies using artificial neural
networks (ANN), which is mainly used in nonlinear forecasting [27–30], and the studies that applied canonical correlation
analysis (CCA) [31–37]. Kyoung et al. [38] applied K-nearest
neighbors (KNN) as a statistical downscaling technique.
Recently, there are also the comparison studies of dynamical downscaling techniques and statistical downscaling techniques [39–42]. It is possible to understand the strengths and
weaknesses of each technique from these papers. Although
both statistical and dynamical downscaling methods have
their own merits, statistical downscaling is more widely
adopted in hydrological studies because it is less computationally demanding [43]. There are some specific reasons why
hydrologists have used statistical downscaling for GCM data
with the transfer function method. One reason is that it is
difficult to directly utilize RCM data on hydrologic analysis
without calibrating RCM data. Another reason is that there
is a limitation that all information required for future water
resources impact evaluation cannot be easily obtained from
RCM data. However, when GCM data is used, there is an
issue caused by the resolution of GCM. A GCM for which
one grid is 300–500 km represents the Korean peninsula by
2–4 grids. Most of the Korean peninsula (about 70%) is
mountainous area, which has fairly large spatial deviations
in weather phenomena and is strongly affected by geomorphologic characteristics; therefore, geomorphologic characteristics should be considered when applying downscaling
and regionalizing techniques in mountainous areas. It can
be said that general downscaling techniques that downscale
GCM data to the locations of weather stations in a basin
cannot properly reproduce the weather characteristics of the
basin.
Therefore, this study intends to improve the spatial limitation of the statistically downscaled GCM data using a regionalization method, which should precede the climate change
impact evaluation on water resources in a mountainous area.
For this purpose, a methodology accommodating geomorphologic characteristics will be suggested for the downscaling
and regionalization. It will then be analyzed and compared
with existing methodologies. Lastly, the change in rainfall
characteristics caused by climate change will be examined
by forecasting future rainfall, which will be downscaled and
regionalized from future weather data by the methodology
suggested in this study.
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2. Data Used and Methodology
2.1. Climatic Datasets
2.1.1. Observed Climate Data. The Namhan river basin in
Korea has been chosen as the study area because it represents
the meteorological and geomorphologic characteristics of the
Korean peninsula fairly well and good quality data with a
sufficiently long historical period was available. The total area
of the Namhan river basin is 12,577 km2 and the length of
the river is 375 km. The upstream of the basin belongs to
highland with altitudes in the 500 m to 1,700 m range, while
the downstream belongs to a hilly area with altitudes ranging
from 40 m to 500 m. The data from fifteen weather stations
under the jurisdiction of the Korea Meteorological Administration (KMA) in the Namhan river basin will be used for this
study (Figure 1). In addition, the information from 26 rainfall
stations in the Namhan river basin under the jurisdiction of
the Ministry of Land, Infrastructure, and Transport (MLIT)
is collected to examine the applicability of downscaling
techniques suggested by this study (Figure 1). In other
words, we use rainfall data obtained from fifteen stations of
KMA for the evaluation of the SKlm downscaling technique
suggested in this study. For the comparison of the SKlm
technique with Thiessen and OK techniques, the rainfall data
from 26 rainfall stations of MLIT are used. Here the rainfall
stations are more densely distributed than the other fifteen
weather stations and so spatial accuracy of rainfall by the
SKlm technique can be evaluated by the rainfall data from
the 26 stations in the basin.
2.1.2. NCEP-NACAR Reanalysis Data. The National Oceanic
and Atmospheric Administration (NOAA), Earth System
Research Laboratory (ESRL), Physical Sciences Division
(PSD) provides the observed data of 29 global units, including
NCEP reanalysis data from their homepage. The NCEP
reanalysis data, which is mainly used in studies related to climate change, includes temperature, relative humidity, specific
humidity, sea level pressure, evaporation, U-wind, and Vwind observations from January 1, 1948, until now for the
time scales of month, day, and every four hours. The monthly
NCEP data from 1973 to 2008 for the Korean peninsula was
downloaded and is utilized in this study.
2.1.3. Climate Model and Scenario. Kyoung [44] had chosen
the BCM2, CNRM-CM3, FGOLS, and MIHR models, which
simulate the Korean peninsula as land, not ocean, out of 24
GCM models given by the IPCC Data Distribution Centre
(IPCC DDC) on higher priority and examined the applicability on the Korean peninsula. He finally suggested that
the CNRM-CM3 model is the most appropriate model for
the Korean peninsula. Therefore, this study adopted CNRMCM3 model by referring to the results of Kyoung [44]. This
study also selected the A1B scenario suggested by IPCC AR4
[5] because A1B is closest to reality, considering the whole
world is trying to maximize energy resource efficiency and
find alternative energy sources. There is a paper by Kwon et al.
[45] in which the investigators performed their analysis using
the A1B scenario.
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Figure 1: Study area and the location of weather and rainfall stations.

2.2. Methods. This study examines the artificial neural network (ANN) and simple kriging with varying local means
(SKlm) technique as a spatial downscaling technique.
Recently, many studies suggested the ANN technique, which
is a nonlinear model of the data series, and ANN is better than
other techniques by way of systematic evaluation of various
techniques [27, 28, 46]. Therefore, this study also applies
ANN, which is judged to have superior applicability in the
simulation of nonlinear characteristics of weather data series.
For the spatial distribution of monthly rainfall series in the
application of downscaling technique, the kriging technique,
which is applied in various areas for a spatial interpolation,
is considered. The SKlm technique has been applied as a
downscaling technique because it is an improved version of
the simple kriging technique, which is capable of spatial interpolation using geomorphologic characteristics as secondary
data.
2.2.1. Spatial Downscaling Technique Using ANN. ANN is a
model of neurotransmission by a neuron, which is a nerve
cell in the human brain. ANN is an empirical pattern search
technique that enables the consideration of a nonlinear relationship between input variables and output variables. ANN
is used in various areas because of its unique applicability
[47, 48]. This includes the field of climate science, where its
applicability is proven [49, 50].

In this study, an ANN model is suggested to apply
the downscaling technique through GCM data. The spatial
downscaling procedure using the ANN model is summarized
as shown in Figure 2.
(1) Select the common factors that can generate desired
output values by collecting GCM data, NCEP data,
and weather data at weather stations. Create input
data for the ANN.
(2) Create hidden layer considering both the input
data (NCEP) and output data. Build a network by
connected weights and build multilayer perceptron
model.
(3) Create objective function from output data and comparable observed values at weather stations.
(4) Create output data from the connected weights of
random seed. Compare it with observed values using
the objective function.
(5) Complete the learning by making most optimum
connected weights by way of repetitive adjustment
of connected weights using error backpropagation
algorithm.
(6) Simulate future weather phenomena series by using
learned ANN and GCM data as input data.
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Figure 2: Downscaling technique using ANN.

2.2.2. Considering the Influence of Geomorphologic Characteristics on Downscaled Rainfall. Kriging is a generic name
adopted by geostatisticians for a family of generalized leastsquares regression algorithms. The simple kriging (SK) estimate of 𝑧(𝑢) is
𝑛(𝑢)

∗
𝑧sk
(𝑢) − 𝑚 = ∑ 𝜆sk
𝛼 (𝑢) [𝑧 (𝑢𝛼 ) − 𝑚] ,

(1)

𝛼=1

where 𝑚 is the stationary mean of 𝑧(𝑢) and 𝜆sk
𝛼 is the weight
assigned to datum 𝑧(𝑢𝛼 ).
Simple kriging with varying local means (SKlm) amounts
to replacing the known stationary mean in the SK estimate (1)
∗
(𝑢) derived from the secondary
by known varying means 𝑚sk
information [51]. It may be written as
𝑛(𝑢)

∗
∗
∗
𝑍sk
(𝑢) − 𝑚sk
(𝑢) = ∑ 𝜆sk
𝛼 (𝑢) [𝑍 (𝑢𝛼 ) − 𝑚sk (𝑢)] .

(2)

𝛼=1

The characteristic of SKlm is that the local mean (𝑢) of
∗
primary data is replaced by the 𝑚sk
(𝑢) of secondary data.
This methodology can be applied through the following
procedures.
(1) Calculate the local means by a regression relationship
between the primary data and the secondary data.
(2) Calculate the residuals using the relationship between
observed value and local mean.
(3) Make a variogram on the residuals.
(4) Estimate residuals for ungauged locations by performing kriging on the residuals.
(5) Obtain the estimated values for ungauged locations by
adding residuals to the local mean.

3.1. ANN Model. In order to construct the ANN model by
spatial downscaling of GCM weather data, this study set
the average temperature, specific humidity, wind speed, and
average atmospheric pressure at sea level as the input layer
and the monthly rainfall as the output layer. As seen in
Figure 4, a multilayered ANN model consisting of one input
layer, two hidden layers, and one output layer has been built.
Monthly NCEP data from 1973 to 2008 (36 years) had
been used for the learning period. For the forecast period,
data from 2011 to 2100 (90 years) had been used based on
CNRM-CM3 weather data (Table 1). Five years from the
learning period (2004 to 2008) were set up as examination
periods and the applicability of the constructed ANN model
was reviewed by comparing it to observed data.
The output results of the 60-month (five-year) period
for six weather stations were examined in the Namhan river
basin. The result was that though they could not reproduce
the extreme values of observed monthly rainfall, they simulated the observed values fairly well. The verification of the
ANN model for rainfall series is shown in Figure 5.
In order to examine the applicability of the ANN model
constructed in this study, a comparison with the results of the
statistical downscaling model (SDSM) [52] was done. SDSM
can be considered a general statistical downscaling technique
based on multiple regression analysis. According to the model
validation measures, such as the coefficient of correlation
(CC), coefficient of determination (R2 ), model efficiency
(ME), root mean squared error (RMSE), and prediction error
variance (PEV), ANN was better overall. The better results are
shown in bold in Table 2.
3.2. SKlm. SKlm is a technique that can utilize secondary data
when performing spatial interpolation. This study used the
Digital Elevation Model (DEM) as the secondary data for the
spatial interpolation required for the downscaling technique.
The relationship between elevation and monthly rainfall
was analyzed for each month using the monthly averages of
fifteen weather stations in the Namhan river basin. Figure 6
depicts the regression analysis results for March, June,
September, and December. It was discovered that the elevation and monthly rainfall have strong correlation with R2
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Table 1: Input data of ANN.
Learning
NCEP
1973∼2008 (36 years)
1973∼2003 (31 years)
2004∼2008 (5 years)

Data
Data period
Learning (calibration) period
Verification period

Prediction
CNRM-CM3
2011∼2100 (90 years)
—
—

Time scale
Monthly data
Monthly data
Monthly data

GCM data
( SRES A1B, CNRM-CM3 model)
Future (2011–2100)

Past (1973–2008)

Downscaling
NCEP data
(NOAA)
Weather data
(KMA)

ANN
(artificial neural network)
Learning
(1973–2003)

Verification
(2004–2008)

Regionalization
DEM
(50 × 50 m)

SKlm (simple kriging
with varying local means)
OK (ordinary
kriging)

Rainfall data
(MLIT)

Prediction
( ANN )

Rainfall estimation
(SKlm, OK, and Thiessen)

Thiessen
polygon

Comparison of methods

Assessment of
estimated rainfall

Figure 3: Flowchart of the study.

Input layer

Hidden layer
FHL-1

SHL-1

FHL-2

SHL-2

..
.

..
.

FHL-8

SHL-8

FHL-9

SHL-9

Output layer

Mean
temperature

Specific
humidity

Monthly
rainfall

Wind
speed
Sea
level
pressure

Figure 4: Construction of ANN model.

between 0.62 and 0.86. The residuals of rainfall in each
weather station were calculated using this primary regression
relationship, and the SKlm technique was applied.

In order to examine the applicability of the SKlm technique on 26 weather stations, this study applied and compared the Thiessen method and ordinary kriging (OK)
method, which are general techniques in spatial interpolation.
The results of each method created by using fifteen
weather stations are shown in Figure 7. Here the result of the
Thiessen polygon method was expressed as fifteen values representing fifteen stations. The result of OK was expressed as
spatial-interpolated values by the distances of fifteen stations.
The result of SKlm was expressed as spatial-interpolated
values by DEM and the distances of fifteen stations.
The spatial-interpolated data on two chosen weather
stations with different elevations (Dukam (EL. 720 m) and
Yeoju (EL. 45 m)) by applying Thiessen, OK, and SKlm
techniques in sequence were compared with observed data
and suggested in Figure 8. The rainfall of Dukam station,
which is located at a high elevation, was estimated differently
by each method. However the rainfall of Yeojoo station,
which is located at a low elevation, was estimated similarly
by each method.
According to the results of spatial interpolation from
Figure 9 and Table 3, it was found that the SKlm technique
reflects the geomorphologic characteristics (elevation) fairly
well. CC and R2 on the forecasted values and observed
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Table 2: Comparison of CC, 𝑅2 , ME, RMSE, and PEV of ANN and SDSM.

CC
𝑅2
ME
RMSE
PEV

Wonju
0.851
0.802
0.724
0.643
0.958
0.945
1.769
2.619
0.029
0.026

Chungju
0.886
0.801
0.786
0.642
0.77
0.604
13.395
14.951
0.402
0.63

1,200

1,200

1,000

1,000

Monthly rainfall (mm)

Monthly rainfall (mm)

Daegoanrung
0.689
0.642
0.475
0.412
0.963
0.962
2.208
2.879
0.043
0.015

ANN
SDSM
ANN
SDSM
ANN
SDSM
ANN
SDSM
ANN
SDSM

800
600
400
200

Yangpyeong
0.863
0.798
0.745
0.638
0.034
0.064
8.503
11.659
0.468
0.82

0

800
600
400
200

10

20

30
40
Time (month)

50

0

60

10

(a) Daegoanrung

20

30
40
Time (month)

50

60

50

60

50

60

(b) Wonju

1,200

1,200

1,000

1,000

Monthly rainfall (mm)

Monthly rainfall (mm)

Jecheon
0.834
0.745
0.696
0.556
0.86
0.797
1.747
4.43
0.511
0.86

0

0

800
600
400
200
0

800
600
400
200
0

0

10

20

30
40
Time (month)

50

60

0

10

(c) Chungju

20

30
40
Time (month)

(d) Yangpyeong

1,200

1,200

1,000

1,000

Monthly rainfall (mm)

Monthly rainfall (mm)

Icheon
0.854
0.798
0.729
0.637
0.581
0.853
0.552
3.661
0.582
0.765

800
600
400
200

800
600
400
200
0

0
0

10

20

40
30
Time (month)

OBS
ANN

50

60

0

10

20

30
40
Time (month)

OBS
ANN
(e) Icheon

(f) Jecheon

Figure 5: Comparison of rainfall series for the verification period in the Namhan river basin.
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Figure 6: Relation between elevation and monthly rainfall.

0–50
51–71

71–91
91–110
(a) Thiessen

111–130
131–150

20

60

80

140

20

(b) OK

60

80

140

(c) SKlm

Figure 7: Spatial interpolation results by each technique (unit: mm).

values on each technique were calculated for quantitative
analysis. Consequently, it was found that the SKlm technique
has the best applicability, with CC = 0.788 and R2 = 0.622.
Characteristics of techniques had been reviewed and it has
been found that the SKlm technique had the best result, when

weather stations are located at a high elevation. However,
when weather station elevation was low, there was no large
deviation among weather stations. The Thiessen and OK
techniques were judged as having poor applicability because
they could not consider the elevation factor.
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Figure 8: Examination results by technique dependent on elevation difference.
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Table 3: Comparison of spatial interpolation techniques.

Code

Rainfall station
Bangrim
Imge
Sinrim
Anheunh
Yeonduk
Pyungchang
Sabook
Dukam
Goangdong
Chundang
Danyang
Hadong
Gebang
Hoingsung
Daehoa
Jooam
Yeojoo
Munmak
Sulsung
Samjuk
Mokge
Eumsung
Dalcheon
Duksan
Chungchun
Average

CC
OK
0.730
0.801
0.773
0.800
0.802
0.806
0.730
0.743
0.804
0.791
0.798
0.721
0.695
0.812
0.739
0.817
0.815
0.816
0.803
0.803
0.795
0.812
0.703
0.766
0.739
0.777

Thiessen
0.697
0.781
0.801
0.790
0.791
0.812
0.702
0.750
0.780
0.790
0.766
0.709
0.679
0.812
0.688
0.803
0.811
0.821
0.796
0.802
0.806
0.823
0.664
0.773
0.772
0.769

SKlm
0.806
0.799
0.796
0.821
0.801
0.814
0.730
0.813
0.802
0.792
0.796
0.787
0.694
0.814
0.762
0.818
0.816
0.820
0.801
0.801
0.794
0.823
0.681
0.765
0.753
0.788

Thiessen
0.486
0.611
0.641
0.624
0.625
0.660
0.492
0.563
0.608
0.624
0.586
0.502
0.461
0.660
0.473
0.645
0.659
0.675
0.634
0.644
0.649
0.678
0.441
0.598
0.596
0.593

1,800

0.8
0.7

Annual rainfall (mm)

Coefficient of determination

10024060
10014140
10024240
10024230
10024260
10024200
10014150
10014240
10014100
10064100
10034100
10034180
10024160
10064020
10024210
10074100
10074030
10064060
10074090
10074080
10054020
10044150
10044130
10034160
10044010

Elevation
(m)
480
498
460
480
360
295
790
720
760
290
265
800
700
130
500
300
45
65
100
110
80
490
100
350
180

0.6
0.5
0.4
0

100

200

Thiessen
Trend (thiessen)

300
400
500
Elevation (m)
OK
Trend (OK)

600

700

800

SKlm
Trend (SKlm)

Figure 9: Trend of R2 dependent on elevation.

SKlm
0.649
0.638
0.634
0.675
0.642
0.663
0.533
0.661
0.644
0.628
0.633
0.620
0.481
0.663
0.581
0.669
0.665
0.672
0.642
0.641
0.630
0.678
0.463
0.585
0.567
0.622

y = 2.7509x − 4478

1,600
1,400
1,200

𝑅2
OK
0.533
0.642
0.598
0.640
0.644
0.650
0.533
0.552
0.646
0.626
0.637
0.519
0.483
0.660
0.546
0.668
0.664
0.667
0.645
0.645
0.632
0.660
0.494
0.586
0.546
0.605

1,230

1,231
1,072

1,000
800
600
2010 2020 2030 2040 2050 2060 2070 2080 2090 2100
Year
Estimated rainfall
Trend

Figure 10: Forecast of future annual rainfall levels using climate
change scenario data.

When these characteristics were considered, it was judged
that the SKlm technique will have better applicability in the
Korean peninsula, which has relatively smaller density in the
number of weather stations in the area with high elevation.
In addition, it is expected that the SKlm technique will be
quite useful as a downscaling technique, as it considers the
geomorphologic characteristics of the Korean peninsula.

3.3. Forecast of Future Monthly Rainfall under Climate Change.
In order to use the climate change scenario data in the
scale of a basin, this study applied spatial downscaling
techniques combining the ANN and SKlm techniques, which
are believed to have better applicability, to the Namhan river
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Table 4: Change of monthly rainfall in each target period.
Reference
Rainfall (mm)
26
20
9
26
69
199
302
195
90
52
25
24

January
February
March
April
May
June
July
August
September
October
November
December

2011–2040
Rainfall (mm)
Increase (%)
28
8
19
−4
12
29
36
38
87
26
248
25
290
−4
153
−21
96
6
61
17
20
−21
22
−9

2041–2070
Rainfall (mm)
Increase (%)
25
−2
15
−23
12
34
41
60
109
57
244
23
378
25
175
−10
119
32
64
24
27
9
21
−16
100
80

300

Rate of increase (%)

Monthly rainfall (mm)

400

2071–2100
Rainfall (mm)
Increase (%)
21
−16
17
−13
14
54
40
56
128
85
262
32
379
25
151
−23
111
23
61
17
26
4
20
−18

200
100

60
40
20
0
−20

0
1

2

3

4

Reference
2011–2040

5

6
7
Month

8

9

10

11

12

2041–2070
2071–2100

1

2

3

4

5

6 7
Month

8

9

10 11 12

−40
2011–2040
2041–2070
2071–2100

(a) Rainfall depth (mm)

(b) Increase rates (%)

Figure 11: Change of monthly rainfall in each target period.

basin. The monthly average rainfall of the Namhan river
basin until the year 2100 had been forecasted by getting the
average of results downscaled to the spatial resolution of 50 ×
50 m. The change of annual average rainfall levels, which
had been prepared based on the aforementioned results, is in
Figure 10. According to the results of a primary regression,
the annual rainfall is in an increasing trend. When the
averages of forecasted rainfalls were calculated by segmenting
those to 30-year target periods each, the result suggested that
the rainfall after the later part of the 21st century will show
a converging trend. It is believed that this result reflects the
characteristics of the A1B climate change scenario, which
reflects human effort to reduce carbon gas emission.
In order to examine the impact of climate change on
the Namhan river basin in more detail, the changes in the
characteristics of monthly runoffs from 2011 to 2100 were
divided into three target periods (reference period, 2011–
2040, 2041–2070, and 2071–2100). The analysis results forecasted that rainfall will increase during the rainy season
(June and July) and decrease in the dry season (December,
January, and February) in Figure 11 and Table 4. The results

also suggested that the big increase of rainfall during the
rainy season will cause the future annual rainfall to increase
(Figure 11(a)). According to the analysis results of monthly
increasing ratios, the rainfall increasing ratios in spring
(March, April, and May) will be bigger (Figure 11(b)). The
reason for this is believed to be the earlier arrival of the rainy
season relative to years past. In other words, the change in
the temporal aspect will be an important factor along with
the increase in the quantitative aspect.

4. Discussions
When GCM data was used for the impact evaluation of
climate change, the downscaling technique was typically
applied. However, existing downscaling techniques have limitations in reproducing the rainfall characteristics that have
large spatial variability in mountainous areas. As a methodology to address this issue, the ANN and SKlm techniques, both
of which can use secondary data when performing spatial
interpolation, were applied together and the results were
compared to the Thiessen and ordinary kriging techniques,
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Table 5: Geomorphologic characteristics of the Namhan river basin.

Elevation (El. m)
From

To

1

201
401
601
801
1,001
∑

Area (km2 )

Rate (%)

Remark
Cheonan (21.3 m), Donghae (39.5 m),
Yangpyeong (47.4 m), Cheongju (56.4),
Icheon (90 m), Andong (140.7 m),
Hongcheon (146.2), Moonkyung (170.8),
Chungju (113.7 m), Wonju (150.7 m)
Jecheon (263.1 m), Bonghoa (320.9 m)

200

3,136.4

25.3

400
600
800
1000
1,600

3,462.8
2,236.6
1,897.1
1,159.9
506.8

27.9
18.0
15.3
9.4
4.1

Taebaek (714.2), Daegoanrung (772.4 m)

100.0

(i) Min: 40.0 m
(ii) Max: 1,551.7 m
(iii) Mean: 438.4 m
(iv) Std. dev.: 289.7 m

12,399.6

which are general downscaling techniques. According to the
results (Figure 8 and Table 3), the SKlm technique using the
elevation data (DEM data) in the basin performed better
than existing techniques. The reason for this is that rainfall
deviations at different elevations have a significant impact
on the results, and the Namhan river basin is located in
a mountainous area. The elevations of the Namhan river
basin were at minimum elevation of 40 m and at maximum
elevation of 1551.7 m, where the difference is more than
1,000 m (Table 5). The average elevation is 438.4 m and the
standard deviation is 289.7 m, which means that the elevation
deviations are significantly large. Therefore, the estimated
values could have poor accuracy if existing planar spatial
interpolation techniques are applied. In general, it is known
that elevation and rainfall have a strong positive correlation.
Most of the weather stations in the Namhan river basin are
located in a low elevation area (less than elevation of 300 m),
excluding the Daegwanryeong weather station, which is at an
elevation of 772.4 m. The weather stations are located in such
a low elevation area because the station management and
maintenance convenience were put on a higher priority than
obtaining accurate data. Since most of the Korean peninsula
is mountainous, it was judged that this issue was causing an
underestimation of rainfall levels.
Based on the above results, the Thiessen, OK, and SKlm
techniques were combined in the forecasting and comparison
of future aerial average rainfalls of the Namhan river basin
(Table 6). Consequently, the SKlm technique produced the
biggest average rainfall for the Namhan river basin and the
Thiessen technique produced the smallest average rainfall.
The difference between the SKlm technique and the Thiessen
technique was 70 mm during the reference period and 91 mm
for the period of 2071 to 2100. In other words, it was observed
that the deviation gets bigger as the time frame progresses
into the future.
Based on the results of Section 3.2, if the SKlm technique
was the best technique in representing the rainfall spatial
distribution characteristics of the Namhan river basin, it can

Table 6: Average rainfall from each spatial interpolation technique
in the basin (mm).

Reference
2011–2040
2041–2070
2071–2100

Thiessen
(A)

OK
(B)

SKlm
(C)

959
994
1,144
1,139

974
1,015
1,153
1,146

1,029
1,072
1,231
1,230

(C)−(A) (C)−(B)
70
78
87
91

55
57
78
84

be said that the existing spatial interpolation techniques for
climate change impact evaluation were seriously underforecasting rainfall. Given the rapid increase of rainfall in the
future rainy season as seen in the monthly analysis results
(Figure 10, Table 3), if the plans to respond and adapt to
climate change are established on the basis of the results
produced by existing techniques, there will likely be many
issues during the flood seasons in the future.
It can be said that rainfall in a basin may be affected by
various complex elements such as meteorological characteristics, geomorphologic characteristics, and land coverage characteristics. This is especially the case for the Korean peninsula, where rainfall events under the impact of the monsoon
are usually dominant; however, extreme weather phenomena
are heavily impacted by tropical cyclones, such as typhoons.
It is also true that there are large deviations between regions
due to the geomorphologic characteristics of a mountainous
area. These issues are causing many difficulties in the accurate
estimation of rainfall in basins when evaluating the impact of
climate change.
This study focused on the influence of geomorphologic
characteristics of a basin in order to produce more accurate
rainfall data using future weather data from GCMs. Among
these geomorphologic characteristics, the impact of elevation
data was examined as a factor and was found to have the
biggest impact on rainfall variability. However, it was believed
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that examination on the slope and aspect of basin, which had
been made by river flow, was also required for considering
the characteristics of the Korean peninsula, which is affected
by the monsoon and tropical cyclones. The accuracy of aerial
rainfall estimation in the basin would be effectively enhanced
if these impacts are comprehensively reflected.

5. Conclusions
By themselves, general downscaling techniques that downscale GCM data to a location in a basin cannot properly
reproduce the weather characteristics of the region, especially
in a mountainous area. In order to address this issue, this
study suggested a downscaling and regionalization technique,
which is needed for the climate change impact evaluation
using GCM data in a basin or region, and examined the
changes in the future rainfall characteristics. A methodology
which applied the technique considering the basin geomorphologic characteristics and which combined the ANN and
SKlm techniques was suggested. It was found that the SKlm
technique had better applicability in mountainous areas like
the Korean peninsula than the existing techniques such as the
Thiessen polygon method or ordinary kriging.
The methodology suggested in this study was applied on
the CNRM-CM3 model results, which was a simulation of
the SRES A1B scenario. The future monthly average rainfall
was forecasted for the Namhan river basin. According to the
forecasted results of the monthly average rainfall in the basin,
the total rainfall will continuously increase in the future.
There were also notable trends, such as the increasing rainfall
trend during the rainy season and the decreasing rainfall
trend during the dry season. Furthermore, it was discovered
that the arrival of the rainy season will shift to an earlier point
in time.
By comparing the results generated by our novel approach
against the future annual average rainfall forecasted by existing methodologies, we found that there were substantially
large deviations that were dependent on the techniques used.
It was discovered that the choice of methodology was a
significant factor in the success or failure of future water
resources planning. Therefore, the methodology suggested
by this study, which was found to have good applicability
to mountainous areas, could contribute to the establishment
of successful water resources planning in the future. It may
also provide some information that helps us overcome the
limitations that statistical downscaling techniques suffer in
low spatial resolutions when compared to their dynamical
downscaling counterparts.
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Downscaling future temperature projections to mountainous regions is vital for many applications, including ecological and water
resource management. In this study, we demonstrate a method to downscale maximum temperatures to subkilometer resolutions
using the Parameter-elevation Regression on Independent Slopes Model (PRISM). We evaluate the downscaling method with
observations from a network of temperature sensors deployed along western and eastern slopes of Virginia’s Shenandoah National
Park in the southern Appalachian Mountains. We find that the method overestimates mean July maximum temperatures by about
2∘ C (4∘ C) along the western (eastern) slopes. Based on this knowledge, we introduce corrections to generate maps of current and
future maximum temperatures in the Shenandoah National Park.

1. Introduction
General circulation models (GCMs) predict changing temperature and moisture patterns in many regions of the
world due to increases in atmospheric carbon dioxide (CO2 )
concentration [1]. The most significant changes are expected
at high elevations [2, 3] which include the habitats of many
endangered species [4, 5]. One example is the Shenandoah
salamander, Plethodon shenandoah (P. shenandoah) whose
habitats are located in a 6 km2 area along ridgetops in
the Shenandoah National Park (SNP) [6]. There is large
uncertainty in how climate change will affect the local climate
in these habitats partly because the grid spacing of GCMs,
on the order of a few hundred kilometers, cannot resolve
the impacts of climate change at local to regional scales [2].
Even regional climate models (RCMs) with resolutions of
a few tens of kilometers are still too coarse to assess the
effects of climate change on the scale of local habitats. For
example, a 50 km grid spacing typical of RCMs [7, 8] averages
the elevation changes across the grid, thereby smoothing
the topography in mountainous regions [9] including the
Blue Ridge Mountains in and around SNP. This topographic
smoothing makes it very difficult to understand projected
climate changes in these mountainous regions.

To reduce the uncertainty of climate change projections
in mountainous regions, RCMs must be further downscaled
which is done using either dynamical and/or statistical techniques [10, 11]. Dynamical downscaling techniques use highresolution meteorological models which are computationally
intensive and can have difficulties resolving atmospheric
processes in complex terrain at subkilometer resolutions
[12]. Statistical downscaling techniques include regression
techniques and stochastic modeling [13]. Many statistical
downscaling techniques assume a constant lapse rate to
downscale temperatures to spatial scales on the order of
20 km [14]. Assuming a constant lapse rate is not justified
for many regions [15] because lapse rates exhibit significant
spatial variability that are a function of season [16, 17],
slope position (i.e., leeward versus windward) [15], and slope
azimuth [18, 19].
On the other hand, gridded climate data sets at high
resolution (on the scale of 1–4 km) have been developed
from which spatially and temporally varying lapse rates can
be derived. Two widely known examples of these gridded
climate data sets that are based on networks of surface
observations are the Parameter-elevation Regression on
Independent Slopes Model (PRISM) [20, 21] and the Daily
Surface Weather and Climatological Summary (DAYMET)
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[22] which have been used in, for example, ecological
applications [23] and climate studies [24].
To obtain accurate temperature projections at subkilometer scales, statistical downscaling methods could use
the spatially and temporally varying lapse rates that can
be derived from high-resolution gridded data sets. In this
study, we develop such a downscaling method and use this
method to downscale near-surface temperatures maps at
the high elevation habitats of P. shenandoah in SNP under
current and future climate conditions. We limit ourselves
to a demonstration of our downscaling method for July
maximum temperatures motivated by the importance of
changes in summer maximum temperatures to the survival
of P. shenandoah.

2. Methods
2.1. Site Description. SNP is located along the crest of the
Virginia Blue Ridge Mountains on the eastern flank of
the southern Appalachians in the eastern US. The park is
oriented southwest-northeast and extends 115 km from near
Waynesboro, Virginia, to Front Royal, Virginia. Elevations
in SNP range from 200 m above mean sea level (msl) in the
valleys to 1000–1200 m msl along the ridgeline. East of SNP is
the Virginia Piedmont, and the Shenandoah Valley is west of
SNP. The climate of SNP ranges from humid subtropical at the
lower elevations to humid continental along the ridgetops.
2.2. Downscaling Method. Our downscaling method uses
the gridded temperature data sets from PRISM. PRISM
assimilates observations of temperature (precipitation) from
approximately 10,000 (13,000) surface stations in the conterminous US and linearly interpolates these observations to
high spatial resolutions using elevation, ocean proximity, and
topographic facet [20, 25]. PRISM outputs two data sets: (1)
mean monthly maximum and minimum temperature and
total precipitation from 1895 through 2013 at a 4 km resolution and (2) 30-year monthly climate means for maximum
and minimum temperature and total precipitation averaged
over 1971–2000 (and, as of 2014, 1981–2010) at 800 m spatial
resolution [20, 21]. PRISM gridded data sets are available
online from http://prism.oregonstate.edu/.
The 4 km and 800 m spatial resolutions of the PRISM data
sets are too coarse to resolve temperature variability across
the habitats of P. shenandoah, and thus further downscaling
is required. In our downscaling method (Figure 1), we downscale the 4 km PRISM mean monthly maximum temperature
to a 15 m resolution digital elevation model (DEM), which
is the highest-resolution DEM available for the region, using
spatially and temporally varying lapse rates. These lapse rates
represent the line of best fit between elevation and the 30year, 800 m mean monthly maximum temperature for the
25 elevation-temperature pairs within each 4 km grid cell.
Throughout SNP, this relationship is high (𝑟 > 0.98, 𝑃 <
0.001). Thus, the downscaled maximum temperature can be
written as follows:
𝑇Downscaled = 𝑇4 km + (𝑍4 km − 𝑍DEM ) ⋅ LR0.8 km ,

(1)

PRISM mean
monthly maximum
temperature (4 km
resolution)
T4 km , Z4 km

PRISM 30-year
monthly climate
means for maximum
temperature
(800 m resolution)
LR0.8 km

Digital elevation
model (15 m
resolution)
ZDEM

Downscaled PRISM temperatures
(15 m resolution)
Tdownscaled = T4 km + (Z4 km − ZDEM ) · LR0.8 km

Correction factor
from slope
measurements

Corrected PRISM temperatures
(15 m resolution)

Figure 1: Summary of our downscaling method in which we
downscale the monthly 4 km mean monthly maximum PRISM
temperature (𝑇4 km ) to a 15 m resolution DEM based on the lapse
rates derived from the 800 m PRISM 30-year monthly climate means
for maximum temperature over the period 1971–2000 (LR0.8 km )
and the difference between the mean elevation of the 4 km grid
box (𝑍4 km ) and elevation of each 15 m grid cell (𝑍DEM ) to obtain
downscaled PRISM (𝑇Downscaled ) at a 15 m resolution. We then
apply a correction to 𝑇Downscaled based on the slope temperature
measurements to obtain more realistic, high-resolution estimates of
temperature in Shenandoah National Park.

where 𝑇Downscaled is the PRISM mean monthly maximum
temperature downscaled to a 15 m resolution DEM, 𝑇4 km
is the 4 km PRISM mean monthly maximum temperature,
𝑍4 km is the mean elevation of the 4 km grid box, 𝑍DEM is
the elevation of each 15 m grid cell, and LR0.8 km is the lapse
rate based on the 800 m PRISM 30-year monthly climate
means for maximum temperature, where a positive lapse
rate indicates a decrease in temperature with height. This
downscaling method is evaluated using observations from
a network of temperature sensors, discussed in the next
section.
2.3. Slope Measurements. The observations which we use to
evaluate our downscaling method come from a network of
temperature sensors deployed in SNP. We use Onset HOBO
Pro V2 temperature-relative humidity sensors which have
a manufacturer-state accuracy of ±0.21∘ C over the range 0∘
to 50∘ C for temperature and ±2.5% from 10% to 90% for
relative humidity. These sensors have been tested and used
successfully in many applications to investigate near-surface
temperature variations [26, 27].
In April, 2011, we deployed 37 sensors along 3 transects in
SNP. The transect east of the ridgeline included 18 sensors,
and the transects west of the ridgeline included 19 sensors
(Figure 2). For all transects, sensors were deployed along a
line extending from near the ridgeline (about 1000 m msl) to
about 600 m msl. Of the 19 sensors along the west side of the
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Table 1: Mean bias error between downscaled PRISM and the
observations along the west and east slope of SNP in July 2011, 2012,
and 2013.

N

Month
July, 2011
July, 2012
July, 2013

38∘ 36 0 N

38∘ 34 0 N
N

38∘ 32 0 N

78∘ 26 0 W 78∘ 24 0 W 78∘ 22 0 W 78∘ 20 0 W
(km)
Sensors
0 0.5 1
2
3

4

>1100

1000-1100

900-1000

800-900

700-800

600-700

500-600

400-500

300-400

<300

SNP boundary

Elevation (m)

Figure 2: Location of experimental site within Virginia (black box
in the inset map) and map of the study area. The red triangles and
yellow line indicate the locations of the temperature sensors and the
Shenandoah National Park boundary, respectively. The two ridgetop
climate monitoring stations, Big Meadows and Pinnacles, are labeled
and shown with a black triangle. Shading indicates elevation.

ridgeline, 14 were deployed along one transect and 5 were
deployed along another transect 6 km to the north. Along the
transect east of the ridgeline, we deployed sensors in pairs at
nine different elevations to assess the impact of different slope
azimuths on the temperature measurements. Sensors were
deployed approximately 50 m apart at each elevation so that
the effect of slope azimuth on temperature could be assessed.
We deployed all sensors adjacent to hiking trails for ease
of access and to minimize disturbances to the area. They
were attached to a fence post, installed 1.5 m above ground
level (agl), and enclosed within a radiation shield (type RS3 from the Onset Corporation) to reduce radiation errors.
All sensors were visited approximately every 2-3 months to
download data. 60 min means from 10 min samples were
computed, and the daily maximum temperature was determined from the 60 min means. The mean monthly 𝑇max is the
mean of all daily maximum temperatures during one month.
Our analyses in this study are based on data collected between
July 2011 and July 2013. The data set for this period is mostly
complete, but there are occasional gaps in the record due
to various factors such as water short-circuiting the sensor
electronics, damage by wildlife, and difficulties downloading
data from the sensor.

West slope MBE (∘ C)
2.21
1.91
1.34

East slope MBE (∘ C)
4.66
3.50
3.85

2.4. Long-Term Climate Stations. In addition to evaluating
our downscaling method using slope temperature measurements, we use 2 m air temperature data from two longterm monitoring sites along the ridgetop of SNP: Big Meadows (38.53 N, 78.44 W, 1079 m msl) and Pinnacles (38.62 N,
78.35 W, 1017 m msl). The monitoring site at Big Meadows is
located in an enclosed grassy field approximately 15 m from a
mixed deciduous forest canopy. Observations of daily maximum and minimum temperature, as well as precipitation,
began in 1935 and are obtained from the National Climate
Data Center (NCDC). Hourly meteorological observations
began in 1988 as part of the Environmental Protection Agency
(EPA) Clean Air Status and Trends (CASTNET) network.
Beginning in 2008, half hour meteorological measurements
began at Pinnacles along a 17 m walkup tower located in
a forest with a mean height of approximately 14 m [28].
Temperature data from a HOBO Pro V2 sensor installed 40 m
north of the tower in a small grassy field at 1.5 m agl are also
used.
2.5. Regional Climate Models. We apply our downscaling
method to RCM output from the North American Regional
Climate Change Assessment Program (NARCCAP). NARCCAP uses 4 GCMs that provide boundary conditions for 6
different RCMs [7, 8]. Because not all GCM-RCM combinations are available, we use output from 7 GCM-RCM combinations in this study. All GCM-RCM combinations that
comprise NARCCAP have a 50 × 50 km2 spatial resolution
over North America and are run for the past (1971–2000) and
future (2041–2070) using the Special Report on Emissions
Scenarios (SRES) A2 emissions scenario [7]. The A2 scenario
assumes rapid population growth and slow economic growth
which result in greater anthropogenic CO2 emissions than in
the other scenarios used by the Intergovernmental Panel on
Climate Change (IPCC) [29].

3. Results and Discussion
3.1. Evaluation of the Downscaling Method. When we apply
the downscaling method discussed in Section 2.2, we find
that downscaled PRISM consistently overestimates mean
monthly 𝑇max in July 2011, 2012, and 2013 (Table 1). The largest
overestimates occur along the east slope of SNP, where the
mean bias error (MBE) between downscaled PRISM and
the slope observations of mean 𝑇max is 3.5–4.7∘ C (Figure 3).
Along the west slope of SNP, the warm bias is smaller, but
downscaled PRISM still overestimates mean July 𝑇max by 1.3–
2.2∘ C.
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Figure 3: Comparison between observed mean July 𝑇max from the sensor network and downscaled PRISM for July, 2011 (a), July, 2012 (b),
and July, 2013 (c) using PRISM-derived lapse rates. Open circles indicate comparisons along the west slope; filled circles indicate comparisons
along the east slope; “+” and “X” denote Big Meadows and Pinnacles, respectively. Black dotted line is the 1 : 1 line. Note that Big Meadows
measurements are unavailable in 2013. Also note the same range but different scales on the 𝑥-axis and 𝑦-axis in panel (c).

There are also differences in mean July 𝑇max between
the sensor pairs deployed at different azimuths along the
east slope, with mean July 𝑇max along the southeast-facing
slopes on average 0.5∘ C higher than the northeast-facing
slopes. These differences are lower than those reported in

previous studies by, for example, Bolstad et al. [19] in the
Smoky Mountains, where mean daily 𝑇max was 1.4∘ C higher
along south-facing slopes than along northwest-facing slopes
regardless of season. The larger differences in the Bolstad et
al. study occur because neither of the slopes on which our
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Table 2: 4 km PRISM mean elevation, 4 km PRISM lapse rate based on 800 m PRISM climate means, and July 2011, 2012, and 2013 4 km
PRISM mean July 𝑇max for the locations at which temperature sensors were deployed along the west slope and east slope of SNP.
PRISM variable
4 km mean elevation from PRISM (m)
4 km PRISM lapse rate based on 800 m PRISM climate means (∘ C km−1 )
2011 mean July 𝑇max from PRISM (∘ C)
2012 mean July 𝑇max from PRISM (∘ C)
2013 mean July 𝑇max from PRISM (∘ C)

sensors were deployed was oriented either directly north or
directly south and because the sensors in the Bolstad et al.
study were installed above the forest canopy.
3.2. Causes for Differences between Maximum Temperatures from the Downscaling Method and Observations. The
observed differences between mean July 𝑇max from the measured slope temperatures and downscaled PRISM highlight
some of the challenges that arise when using PRISM in
mountainous regions. Differences can occur because of errors
in PRISM and/or observational errors. The warm bias in
downscaled PRISM can arise because of the interpolation
of climatological data in data-sparse regions. PRISM interpolates data from climate stations by calculating a linear
relationship (lapse rate in the case of temperature) between
elevation and the variable of interest, which is linearly
extrapolated in locations where there are no high-elevation
stations [21, 25]. Thus, in regions with nearby observation
stations at similar elevations, PRISM performs well. At SNP
Headquarters in Luray, VA (38.67 N, 78.37 W, 359 m msl),
which is the nearest low elevation station to SNP and is
located about 5 km northwest of the transect of sensors
along the west slope, downscaled PRISM and observed mean
July 𝑇max agree to within about 0.5∘ C. The warm bias in
downscaled PRISM may occur because the mean monthly
4 km PRISM July 𝑇max grids are based on temperatures made
at relatively low elevation stations. We note that the lapse rates
of 7-8∘ C km−1 based on the 30-year climate means (Table 2)
are comparable to the mean July 𝑇max lapse rates observed
along the slope. The overestimates in the 4 km July 𝑇max
PRISM grids are most evident in July 2011 and July 2012 when
the largest warm bias exists. In July 2013 when the 4 km July
𝑇max is about 3∘ C lower, there is better agreement along the
west slope but slightly worse agreement along the east slope.
We suspect that the warm bias in downscaled PRISM is partly
caused by the lack of high elevation stations in the region that
can help constrain temperature estimates along the slopes of
SNP.
A warm bias in downscaled PRISM may also occur
because of canopy cover differences between the low elevation sites (used in PRISM) and the mountain slopes of SNP.
All of the locations along the slopes at which we deployed
temperature sensors have canopy cover >60% based on
ArcGIS analyses and on our own observations. Deployment
in locations with dense canopies helped to minimize radiation errors that can occur in the naturally ventilated radiation
shields used in this study [30]. However, many of the climate

West slope
646.69
7.84
30.87
30.08
27.46

East slope
888.89
7.80
28.72
28.19
25.61

stations used in PRISM are not located in forests but instead
located in grassy fields, which typically have higher daytime
maximum temperatures [31, 32]. At Pinnacles, mean July
𝑇max measured 2 m agl within the forest canopy is on average
2∘ C cooler than the temperature in the open, grassy field
40 m from the tower. Because of this difference, the July
𝑇max MBE is much smaller between downscaled PRISM and
the measurements from the grassy field at Pinnacles than
between downscaled PRISM and the measurements from
within the forest canopy at Pinnacles. Similarly, downscaled
PRISM agrees well with temperature observations from Big
Meadows (c.f. Figure 3), which is a monitoring station more
typical of the stations used to generate the PRISM data sets.
Differences in slope azimuth angle may also explain some
of the bias between downscaled PRISM and the observations. The west slope has greater afternoon exposure and
thus higher average near-surface incoming solar radiation
[33] than the east slope, resulting in higher mean monthly
𝑇max than the east slope and thus better agreement with
downscaled PRISM.
Thus, we conclude that the warm bias in downscaled
PRISM is due to a combination of factors, including a lack of
high elevation stations in the region to constrain temperature
estimates along the slopes of SNP, and differences in canopy
cover and slope azimuth. To further investigate the potential
effect of canopy cover and slope azimuth, we apply our downscaling method to January when these factors exert a smaller
influence on temperature. In January, the overestimates in
downscaled PRISM temperature are smaller than in July, on
the order of 1.0–1.5∘ C, and the biases along the eastern and
western slope are comparable to each other. Furthermore,
the differences in mean January 𝑇max between the sensor
1.5 m agl along the tower at Pinnacles and the sensor in the
adjacent field are negligible and are within the manufacturer’s
stated accuracy of the sensors. Because downscaled PRISM
agrees better with the observations in the winter when the
effects of canopy cover and azimuth are reduced, we suspect
that PRISM’s warm bias in mean July 𝑇max along the slopes
in SNP occurs because (1) the stations used to generate the
monthly 4 km PRISM grids in and around SNP are located
at low elevation, nonforested sites and (2) there is a lack of
surface monitoring stations at high elevations to constrain
temperature estimates.
3.3. Corrections to Downscaled PRISM for SNP. To summarize, the monthly 4 km PRISM mean July 𝑇max (Figure 4(a))
does not account for the fine-scale temperature variations at
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Figure 4: Maps of mean 𝑇max for July 2012 resulting from the different steps in our downscaling method. Panel (a) shows 4 km PRISM output;
panel (b) shows PRISM downscaled to 15 m in SNP using the 30-year PRISM lapse rates and without any corrections applied; panel (c) shows
PRISM downscaled to 15 m in SNP with our corrections from Table 1 applied to each 15 m grid box; panel (d) shows estimated mean 𝑇max
in SNP assuming a temperature increase of 3.3∘ C (average projected temperature increase from NARCCAP RCMs for SNP) applied to July,
2012 mean 𝑇max . Thin black lines denote elevation contours at 100 m spacing, with contour lines labeled; solid black line indicates the SNP
boundary; black triangles mark temperature sensors; and the two ridgetop climate monitoring stations, Big Meadows and Pinnacles, are
labeled. Note that the downscaling method is only applied to a 15 m DEM inside the SNP boundary (panels (b)–(d)).

high elevation habitats in the region. Downscaling using lapse
rates based on the 30-year climate means (Figure 4(b)) yields
temperature estimates that have a warm bias and thus do
not agree well with the observations. Therefore, we introduce
corrections to the downscaled PRISM to provide more

accurate estimates of present-day mean monthly 𝑇max in SNP.
The corrections that we apply are a function of (1) location
relative to the ridgeline, which we define using catchment
delineation in ArcGIS, and (2) slope azimuth obtained from
a 15 m DEM. The corrections are thus the MBE between the
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Table 3: Summary of empirical corrections applied to downscaled PRISM mean July 𝑇max .

West slope in SNP
East slope in SNP

Correction applied to downscaled PRISM
mean July 𝑇max along south-facing slopes
(∘ C)

Correction applied to downscaled PRISM
mean July 𝑇max along non-south-facing
slopes (∘ C)

1.32
3.50

1.82
4.00

observations and downscaled PRISM averaged over July, 2011,
July 2012, and July, 2013 (Table 3). Therefore, locations west
(east) of the ridgeline and locations that are south-facing (not
south-facing) have a smaller (larger) correction. The use of
these corrections enables us to produce high-resolution maps
of present-day mean monthly 𝑇max in SNP (Figure 4(c)) that
are more accurate than the maps shown in Figures 4(a) and
4(b).
3.4. Climate Change Projections for SNP Using RCMs. The
corrected fine-scale present-day maps of mean monthly 𝑇max
from Figure 4(c) can be used to estimate future temperatures
in the habitat of P. shenandoah and in SNP using a temperature change obtained from the NARCCAP RCMs. To
provide confidence in the NARCCAP RCMs, we compare
observed monthly 𝑇max from the Big Meadows NCDC data
set with NARCCAP output over the period 1971–2000. Due to
the coarse resolution of the NARCCAP RCMs, the elevation
of the NARCCAP grid box containing Big Meadows is
about 800 m lower than Big Meadows’ actual elevation. Thus,
all NARCCAP RCMs overestimate the temperature at Big
Meadows. The GFDL-RCM3 model has the smallest MBE,
whereas the CRCM-CCSM model has the largest MBE.
All models project an increase in mean July 𝑇max of 2–
4∘ C (0.3–0.6∘ C decade−1 ) through 2055 for the grid box
containing the P. shenandoah habitat and Big Meadows. The
CGCM-WRFG (GFDL-HRM3) model suggests the smallest
(largest) increase (0.29∘ C decade−1 ) (+0.60∘ C decade−1 ),
whereas the GFDL-RCM3 model projects an increase of
0.44∘ C decade−1 (Table 4).
To estimate the projected changes in mean July 𝑇max
between the present-day and future NARCCAP simulations,
we apply the mean temperature increase in NARCCAP
RCMs (3.3∘ C) to present-day mean July 𝑇max (Figure 4(d)).
These types of maps can be used by biologists and resource
managers to assess and mitigate the effects of climate change
on habitats such as those of P. shenandoah.
3.5. Application of the Downscaling Method to other Gridded Climate Data Sets. While we have focused on using
PRISM in our downscaling method, other gridded climate
data sets could be used as well. One example is DAYMET.
DAYMET uses a weighted least-squares regression to interpolate temperature, precipitation, moisture, and radiation
measurements from about 8000 surface monitoring stations
to a 1 km resolution over the conterminous US [22]. When we
use DAYMET in our downscaling method for mean monthly
𝑇max , we find a bias similar to PRISM. Whereas downscaled

Table 4: Projected change in mean July 𝑇max in SNP. Shown
in parentheses is the projected change in mean July 𝑇max in
∘
C decade−1 . The full names of the GCM-RCM combinations
are CCSM-CRCM: community climate system model-Canadian
regional climate model; CGCM-CRCM: coupled general circulation model-Canadian regional climate model; CCSM-WRFG:
community climate system model-weather research and forecasting
model; CGCM-WRFG: coupled general circulation model-weather
research and forecasting model; GFDL-HRM3: geophysical fluid
dynamics model-Hadley regional model version 3; CGCM-RCM3,
Coupled General Circulation model-regional climate model version
3; GFDL-HRM3: geophysical fluid dynamics model-Hadley regional
model version 3.
GCM-RCM
CCSM-CRCM
CGCM-CRCM
CCSM-WRFG
CGCM-WRFG
GFDL-HRM3
CGCM-RCM3
GFDL-RCM3

Change in mean July 𝑇max (∘ C) (∘ C
decade−1 )
+3.37 (+0.48)
+3.91 (+0.56)
+3.44 (+0.49)
+2.04 (+0.29)
+4.23 (+0.60)
+2.74 (+0.39)
+3.11 (+0.44)

mean monthly 𝑇max using DAYMET and PRISM correlate
well (𝑟 = 0.85, 𝑃 < 0.01), downscaled mean monthly 𝑇max
using DAYMET also overestimates temperatures along both
the west slope and east slope, with a bias in mean July 𝑇max of
about 4∘ C (6∘ C) along the west (east) slope and a 1-2∘ C bias in
winter. Thus, the use of DAYMET for mean July 𝑇max is also
unreliable in SNP without using corrections.
3.6. Limitations of the Downscaling Method. The downscaling
method presented in this paper is an important step toward
making gridded climate data sets such as PRISM or DAYMET
more reliable in regions of complex terrain. However, there
are some limitations and caveats that are not explicitly
considered with our downscaling method.
(1) Our downscaling method does not consider yearto-year lapse rate variations but instead downscales,
assuming a lapse rate based on 30-year climate means.
Although mean maximum temperatures were about
2-3∘ C higher in July 2011 than in July 2013 at the sites
where temperature was measured in SNP, the lapse
rates showed relatively little variability in the three
July months of interest and compared well with the
30-year mean PRISM lapse rates.
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(2) Our downscaling method does not explicitly incorporate other factors that affect near-surface temperature
on subkilometer spatial scales, such as vegetation
cover, soil moisture, soil type, vegetation type [26,
34], and shading by adjacent mountain ridges [33].
Further understanding and explicitly quantifying
these effects and their relative importance over the
spatial scale of SNP is very difficult and requires
extensive networks of high-density observations. In
addition, high-resolution atmospheric model simulations could be used to help isolate some of the
other important drivers of near-surface spatiotemporal temperature variability in this region.

In addition to limitations with the downscaling method
itself, there are several limitations with the corrections that
we introduce in this study to make PRISM more reliable in
SNP.
(1) The corrections do not vary with elevation. We found
that the difference between observed and downscaled
mean July 𝑇max for the sensors deployed along the east
slope did not vary as a function of elevation. Along the
west slope of SNP, there was more variability in this
temperature difference because of greater variability
in local slope characteristics that affect temperature,
for example, inclination and azimuth [18, 19, 26], than
along the east slope.
(2) There is a discontinuity in downscaled temperature
present along the ridgeline. To remove this discontinuity, the application of our correction should
decrease with elevation in the immediate vicinity of
the ridgeline. Due to logistical constraints such as
the accessibility to some areas, permission issues,
and manpower requirements, each transect does not
begin right at the ridgeline. Therefore, we cannot
fully assess the necessary corrections that should be
applied within forested locations near the ridgeline.
(3) Because of the logistical constraints mentioned previously, our corrections for slope azimuth are not
based on measurements made along slopes that were
either directly north-facing or directly south-facing.
Instead, our correction for azimuth is based on
measurements from northeast-facing and southeastfacing slopes. Based on previous studies [19], we
expect a larger temperature difference between slopes
that are truly north-facing and slopes that are truly
south-facing.
(4) The correction factors are based on data from three
July months. Although data from more July months
would help to refine the empirical correction factors
that we apply to PRISM, we expect that, even with
additional years of data, these correction factors
will change by no more than about 0.5∘ C, which is
much smaller than the range of projected temperature
changes from the suite of NARCCAP RCMs (c.f.
Table 4).

4. Conclusions and Implications
In this study, we have presented a new method to downscale
maximum temperatures in a mountainous region using
PRISM and have evaluated our method with temperature
observations from mountain slopes in SNP. We found that the
downscaled maximum temperatures using PRISM, as well
as using other gridded climate data sets, have a warm bias
in SNP. Several reasons for this warm bias were suggested,
including the lack of high-elevation stations in the region
to constrain temperature estimates and the effects of canopy
cover and slope azimuth. To reduce the warm bias, we introduced corrections that depend on the location relative to the
ridgeline and the location’s azimuth. Including corrections in
the downscaling method provides more accurate estimates of
near-surface temperature than could be obtained using either
a fixed environmental lapse rate or a spatially varying lapse
rate based on 30-year PRISM climate means. Though there
are several limitations, the application of our corrections to
downscaled PRISM represents an important step to improve
temperature projections at subkilometer spatial scales in SNP
and potentially in other mountainous areas as well. Therefore,
future work should involve the testing and application of our
downscaling method to other mountain slopes. Ongoing and
future work also involves using high-resolution atmospheric
mesoscale models to dynamically downscale RCM output to
SNP and to evaluate how dynamical downscaling methods
compare with the method presented here.
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Ice storm is known to play a role in determining forest succession and litter dynamics constitute an important aspect of nutrient
cycling in forest ecosystems. However, ice storm effects on amount and pattern of litterfall are not clearly understood. We
investigated litter production and litter leaf nutrient dynamic in a moso bamboo plantation in China following an extreme
disturbance of ice storm in 2008. The litterfall in on-years was significantly lower than in off-years. Ice storm caused total litterfall
increasing from 16.68% to 35.60% and greatly disturbed the litterfall peak rhythm especially in the on-year. The litter leaf nutrient
concentrations at two latitudes significantly fluctuated after ice-snow disaster in 2008, litter leaf stoichiometric traits indicated that
litter leaf chemistry showed more easily decomposition with higher C/P ratio, N/P ratio, and lower C/N ratio. It is clear from this
study that litterfall restoration dynamic would result in long-term changes in litter nutrient cycling and may help predicting below
ground carbon dynamic in future research as well as subtropical forest inventories following extreme disturbance.

1. Introduction
The litter on the forest floor acts as an input-output system
of nutrients [1] and the rates at which forest litter falls and,
subsequently, decays regulate energy flow, primary productivity, and nutrient cycling in forest ecosystems [2]. Litterfall
is closely related to the growth rate and productivity of
managed forest; litter nutrient return through litter plays
an important role in maintaining soil fertility and primary
productivity of forest ecosystems [3]. More importantly, litter
dynamics constitute an important aspect of nutrient cycling
and energy transfer in forest ecosystems [4]. So evaluation
of litterfall production and nutrient return are important for
understanding nutrient cycling, forest growth, carbon fluxes,
disturbance ecology, and interactions with environmental
variables in forest ecosystems [5, 6]. Therefore, quantifying
rates of litterfall and nutrient return are essential for informed
forest management, and it is also important to know the
pattern of litterfall, whether distinctly seasonal or more or less
continuous [7].

Extreme disturbance exerts great effects on forest litterfall
dynamic and nutrient return. Ice storm is one of the most
important forms of extreme disturbance. It is known to play
a role in determining forest succession and important factors
influencing the history and the dynamic of the forests [8].
Earlier studies investigating the impact of ice storms have
reported contrasting views on how ice storms may affect
species composition and diversity in forest stands [9], while
it is consistent that the damage of ice storm led to large
accumulation of dead litter on forest floors which provided
fuel for fires, resulting in sharp increase in number of forest
fires and the burned area [10].
In January 2008 southern China was hit by an ice storm,
which was known as one of the most extensive and most
severe ice storms in China history. The ice storm slashed large
areas of forest across China, with 20.86 million hectares forest
and plantation damaged, accounting for one-tenth of China’s
forests and plantations, according to China’s State Forestry
Administration [11, 12]. The severe ice storm extensively
damaged the canopy of many northeastern forests in China,

2. Materials and Methods
2.1. Study Site. The study sites were located in experimental forest of Experimental Center of Subtropical (114∘ 30 –
114∘ 45 E, 27∘ 30 –27∘ 50 N), Fenyi County, Jiangxi Province,
China. The region has a subtropical monsoon climate with
mean annual temperature of 15.8–17.7∘ C; the highest temperature is mainly occurring in July at 28.8∘ C and the lowest temperature is in January at −5.3∘ C. Mean annual precipitation is
1591 mm, with the rainy season from April to June. The soil
types of studied moso bamboo plantations are Haplic luvisol
(FAO) [14]. The zonal vegetation of the area is subtropical
evergreen broadleaf forest, and the existing vegetation types
are natural evergreen broad-leaved forest, deciduous forest,
coniferous forest, bamboo forest and Chinese fir plantation,
and so forth.
Bamboo produces new shoots at a 2-year interval, with
the new shoot production year known as on-year and the
following year as off-year. Compared with deciduous trees,
moso bamboo leaf changes once every two years and often
relies on bamboo shoots in on-year, while it has little or
no shoots in off-year. In our study, moso bamboo belongs
to uneven-aged forest with obviously on-year and off-year;
moso bamboo culm older than six years was harvested
and the age structure is relatively simple and balanced.
Bamboo shoots are harvested in March-April in on-year,
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causing deposition of litter. There were a few studies on the
nature of forest recovery over the years following the storm
event. Darwin et al. [13] showed that forest appears to see a
full recovery 4 years later after the ice storm by comparing
forest status before and after the storm. It was necessary to
study the litterfall dynamic on the first, second, third, fourth,
and fifth years after the 2008 ice storm. However, the effects of
ice storm in 2008 on amount and pattern of litterfall are not
clearly understood and the response of year-to-year variation
of litterfall is poorly known especially at different altitude.
This study would gain a better understanding of how to
sustain and improve productivity in response to ice storm.
Moso bamboo (Phyllostachys edulis) was one of the most
severely affected vegetation by the ice storm in January 2008,
with a total area of 2.43 million hectares affected. In our study
area, average 54.48% of moso bamboo culm was damaged
and the damaged patterns included bending, snapping, and
uprooting, which accounted for 17.01%, 22.37%, and 15.11%
of the total, respectively [12]. This research effort evaluated
nearly five-year litterfall dynamic following the extreme disturbance of the 2008 ice storm in China. Specifically, we tested
the following two alternate hypotheses: (1) temporal patterns
of total litterfall and litterfall leaf nutrient flux were disturbed
following the ice storm; (2) the difference of total litterfall,
litterfall leaf element concentration and differ between low
and high elevations. The results have important management
implications regarding forest nutrient cycling and carbon
budgets not only for the study site but also for subtropical
Asia, which would provide a scientific basis and reference for
postdisaster recovery and reconstruction on forest.
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Figure 1: Monthly atmospheric temperature and precipitation during 2007–2012 in Fenyi County.

the study bamboo forest is cut through hills every year in
August-September. The plots/stands characteristics and
regional climate characteristics were summarized in Table 1
and Figure 1.
2.2. Litterfall Collection and Analysis. At each elevation,
aboveground litterfall was estimated by randomly placing
three litter traps per plot. Litter traps of 70 cm × 70 cm
were made with 2 mm nylon mesh to catch the litter and
were installed 50 cm above the forest floor. Litter was collected on monthly intervals from June 2008 to December
2012. To ensure the accuracy of the test data, litter traps
were scheduled maintenance inspection. The collected litter
samples were brought to the laboratory, separated into leaf
and nonleaf components manually, oven-dried to a constant
weight at 70∘ C for 72 h, and weighed to the nearest milligram.
Dry samples were ground in a mill (made in China) to pass
1.0-mm mesh sieve and were kept in closed paper envelops.
This work was conducted based on Forestry Standards
“Observation Methodology for Long-term Forest Ecosystem
Research” of People’s Republic of China (LY/T 1952–2011).
The dried litterfall was ground using a grinder machine for
chemical analyses of C, N, P, K, Ca, and Mg. Organic C
content was determined using the wet digestion method
with K2 Cr2 O7 [15]. Total nitrogen content was determined
by combustion in an UK152 Distillation and Titration Unit
(DK20 Heating Digester, Italy). Total P, K, Ca, and Mg contents were determined by an IRIS Instrepid II XSP (Thermo,
United States) after digestion of the samples in a mixture
of 7.5 mL HNO3 and 2.5 mL HCL. All chemical analysis of
each sample was repeated three times. Nutrient returns at
each elevation were calculated by multiplying leaves litter
production by each sampling date and adding them over the
entire year.
2.3. Data Processing and Statistical Analysis. The annual
potential nutrient return (N, P, K, Ca, and Mg) through
litterfall was represented by the following equation [1, 16]:
12 3

𝐿𝑎 = ∑ ∑
𝑖=1 𝑗=1

𝐿 𝑖𝑗 𝐶𝑖𝑗
100

,

(1)
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Table 1: The stands characteristics at research sites.

Elevation (m)

Average tree height (m)

Average DBH (cm)

Density (ha)

Density

350 m (low elevation)

12.2

10.7

1800

0.7-0.8

650 m (high elevation)

12.5

10.1

2025

0.7-0.8

Management
Hilltops once a year, bumper digging
bamboo shoots, and bamboo cutting
Hilltops once a year, bumper digging
bamboo shoots, and bamboo cutting

600
500
400
300
200
100
0

2008

2011

2012

Sampling date
Low elevation
High elevation

3. Results

Figure 2: Monthly mean litterfall dynamic of moso bamboo at two
elevations from June 2008 to December 2012. The years of 2008,
2010, and 2012 were on-years, while the years of 2009 and 2011 were
off-years in our study area.

3000

Litterfall (kg ha−1 yr−1 )

3.1. Temporal Patterns of Litterfall. The collected litter from
the litter traps was dominated by leaves. The mean annual
percent of leaves in total litterfall was 99% at high elevation
and 96% at low elevation, which was consistent across the
years. Annual litterfall at low and high elevations from the
years of 2009 to 2012 was 2548.35 kg⋅ha−1 and 2101.32 kg⋅ha−1
in 2009, 1514.19 kg⋅ha−1 and 1581.81 kg⋅ha−1 in 2010, 1787.70
kg⋅ha−1 and 1658.76 kg⋅ha−1 in 2011, and 924.38 kg⋅ha−1 and
963.28 kg⋅ha−1 in 2012, respectively (Figure 2). There was significant difference in annual total litterfall among four years at
both low elevation (𝐹 = 78.53, 𝑃 = 0.005) and high elevation
(𝐹 = 38.39, 𝑃 = 0.003) (Figure 3). The moso bamboo litterfall
before ice storm in the same region was 1656.02 kg⋅ha−1 in onyear and 1927.92 kg⋅ha−1 in off-year, respectively.
Bamboo produces new shoots at a 2-year interval, with
the new shoot production year known as on-year and the
following year known as off-year. The years of 2008, 2010,
and 2012 were on-years, while the years of 2009 and 2011
were off-years in our study area. The litterfall in on-years were
significantly less than the off-years (low elevation: 𝐹 = 17.662,
𝑃 = 0.002; high elevation: 𝐹 = 11.018, 𝑃 = 0.008). At low
elevation, the total litterfall in 2009 was 68.30% higher than
that in 2010, and the total litterfall in 2011 was 93.39% higher
than that in 2012. At high elevation, the counterpart value was
32.84% and 72.20%, respectively.
Ice storm in 2008 caused an increase of litterfall in the
following years, especially the first and second years after the
disaster. For off-years, litterfall in 2009 was 42.55% higher
than that in 2011 at low elevation and was 26.68% at high
elevation, while litterfall in 2010 was 63.81% higher than that
in 2012 at low elevation and was 64.21% at high elevation,
respectively (Figure 3).
There were remarkable litterfall peaks and valleys during a year period (Figure 2). Most peaks occurred during

2010

2009

08-06
08-08
08-10
08-12
09-02
09-04
09-06
09-08
09-10
09-12
10-02
10-04
10-06
10-08
10-10
10-12
11-02
11-04
11-06
11-08
11-10
11-12
12-02
12-04
12-06
12-08
12-10
12-12

where 𝐿𝑎 is litter nutrient return, 𝐿 𝑖𝑗 is litterfall of the 𝑖 month
in 𝑗 organ, and 𝐶𝑖𝑗 is the nutrient content of the 𝑖 month in 𝑗
organ.
All statistical analyses were performed using SPSS (Version 18.0 for Windows).
One-way ANOVA was used to compare stand characteristics between low elevation and high elevation. Paired
𝑡-tests were used to compare monthly quantities, element
concentrations, and element fluxes of litterfall between low
elevation and high elevation.

Month litterfall (kg/ha)

DBH: diameter at breast height.

Aa

Litterfall

2500

Ba
Ab

2000

Ac Ab

Ac
1500

Ad

Ad

1000
500

Low elevation

High elevation

Elevation (m)
2009
2010

2011
2012

Figure 3: Average annual litterfall of moso bamboo at two elevations
from January 2009 to December 2012. Different capital letters in
different group at two elevations meant significant difference at 0.05
levels in the same year, and different lower case letters at the same
elevation meant significant difference in four years.

the period from April to June (big) and the second peak
in October to December (small), and the valleys occurred
during the period between January and March. The first peak
of litterfall in 2009 was 3.10 times as the amount as 2012 at low
elevation, 2.26 times at high elevation. The percent of peaks to
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Table 2: The occurring time of litterfall peak and valley value and the percent of extremum value to total litterfall at two elevations.

Extremum
Low elevation
First peak
%a
Second peak
%b
Lowest
%c
High elevation
First peak
%a
Second peak
%b
Lowest
%c

Litterfall peak and lowest value
2010
2011

2009

2012

April
17.03 ± 1.89
November
9.93 ± 0.63
February
2.21 ± 0.73

June
22.87 ± 4.47
March
22.16 ± 1.42
September
1.74 ± 0.35

June
17.52 ± 1.51
December
13.42 ± 0.31
January
3.38 ± 0.08

May
11.67 ± 0.69
—
—
January
2.34 ± 0.29

November
17.85 ± 2.58
June
17.24 ± 1.61
February
2.01 ± 0.40

June
23.56 ± 2.26
February
17.42 ± 2.29
September
3.05 ± 0.64

May
17.81 ± 2.14
December
12.60 ± 1.69
January
3.09 ± 0.08

June
14.00 ± 0.95
—
—
January
3.14 ± 0.30

Note: most peaks of moso bamboo occurred during April to June (big) and the second peak in October to December (small), and the lowest value occurred
during the period between January and March. a The percent of first peak value to total litterfall. b The percent of second peak value to total litterfall. c The
percent of lowest value to total litterfall.

the total litterfall were 11.17%–26.88% of the first peak, 8.14%–
23.65% of the second peak, and 1.49%–4.95% of the lowest
value (Table 2).
The ice storm seemed to perturb the litterfall rhythm,
especially in on-year (Figure 4 and Table 2). For example, the
litterfall peaks in 2010 occurred in February (March) and the
valley in September, both different from the other years. In
2012, there was only one litterfall peak, which occurred in
May at low elevation and in June at high elevation. In our
study, the response of litterfall at two elevations to the ice
storm was significant, and the time of peak litterfall at high
elevation was delayed in 2009 and ahead in 2010 compared
with low elevation (Table 2).

3.3. Litter Leaf Nutrient Return and Stoichiometry Characteristic. Average annual quantities of N, Ca, and Mg transferred
to the forest floor via litterfall were substantially higher at low
elevation (𝑃 > 0.05), while N contents return was found to
be higher at high elevation (𝑃 > 0.05) (Table 3). The annual
nutrient inputs through leaf litter exhibited the following rank
order: N > Ca > K > Mg > P (Table 3). Total annual nutrient
return (N + P + K + Ca + Mg) for low and high altitude was
46.3 kg⋅ha−1 and 45.49 kg⋅ha−1 , respectively.
Litter leaf stoichiometric characteristics at low and high
elevations were 18.64 and 19.15 for C/N ratio, 977.63 and
959.74 for C/P ratio, and 53.02 and 50.47 for N/P ratio,
respectively (Figure 6), which were no significant difference
at two elevations (𝑃 > 0.05).

3.2. Litter Leaf Nutrient Concentration. The average C concentrations in litterfall were 13.16% and 13.15% at low and
high elevations. The nutrients concentrations of leaf litter
at low and high elevations were 2.17% and 2.15% for N,
0.41 g⋅kg−1 and 0.42 g⋅kg−1 for P, 2.16 g⋅kg−1 and 2.13 g⋅kg−1
for K, 3.47 g⋅kg−1 and 3.42 g⋅kg−1 for Ca, and 1.48 g⋅kg−1 and
1.42 g⋅kg−1 for Mg, respectively (Figure 5).
The concentrations of these macroelements in the leaves
at two elevations significantly fluctuated after ice-snow disaster in 2008 (𝑃 < 0.05) (Figure 6). The concentrations of
these macroelements were not almost higher at low elevation
for every month. Litter N nutrient concentration changed
irregularly with lowest concentration in May and highest
concentration in September, 2011, and Ca and Mg concentrations generally were lowest in January and highest in April
with large fluctuation. Compared with N concentrations,
P concentrations changed greatly in 2011 and then kept
stable, which were generally not susceptible to leach, so this
difference probably reflects retranslocation.

3.4. The Influence of Climate Factors on Litterfall. The influence of climate factors on litterfall kept consistent at two
elevations. The litterfall at two elevations were positive correlation with atmospheric temperature, precipitation, wind
speed, extreme maximum temperature, and extreme minimum temperature, but only wind speed at low elevation was
significant, while negative correlation with average relative
humidity (Table 4).

4. Discussion
4.1. Litterfall in On-Year and Off-Year following the Disturbance of Ice Storm. Compared with deciduous trees, bamboo
leaf changed once every two years rather than one year
(new bamboo changes leaf in the same year); therefore, the
accumulation, transformation, and consumption of synthetic
nutrients occur at a two-year cycle. Generally, there are two
peaks every year; the first peak (big) occurred in spring
(April-May) and the second peak occurred in late autumn
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Figure 4: The peak and valley value of litterfall at two elevations in 2009.01–2012.12. Different capital letters in the same group meant
significant difference at 0.05 levels in the same year at each elevation; the different lowercase letters among the same indicator in four years
meant significant difference at each elevation.

Table 3: Annual means of leaf litter nutrient return at two elevations (kg⋅ha−1 ⋅yr−1 ).
Elevation
Low elevation
High elevation

N
32.51 ± 0.54
33.13 ± 0.49

P
0.74 ± 0.01
0.72 ± 0.01

Nutrient return
K
3.84 ± 0.06
3.47 ± 0.06

Mg
2.62 ± 0.12
2.23 ± 0.03

Ca
6.59 ± 0.04
5.94 ± 0.11

Table 4: The relationships between litterfall and climate factors at two elevations.
Litterfall
Low elevation
High elevation

Average
humidity

Air
temperature

Wind speed

Precipitation

Extreme maximum
temperature

Extreme minimum
temperature

−0.168
−0.096

0.183
0.159

0.288∗
0.058

0.159
0.037

0.257
0.201

0.111
0.136

Correlation is significant at the 0.05 level.

(November) [17]. The experimental bamboo forest in our
study had on- and off-year pattern, and there were significant
differences between the on- and off-year in total annual
litterfall and the litterfall in first peak. Fu et al. [17] showed
that total annual leaf litter and the first peak are smaller
in on-year than in off-year, and the percent of the first
peak to the total annual litterfall (17–31%) was smaller than
off-year (43–56%). In our study, litterfall in bamboo forest
existed also obvious in on- and off-year phenomenon, with
percent of the first peak to annual total litterfall at low
and high elevations ranging from 14.43% and 16.87% in onyears and from 11.67% to 23.56% in off-years. These results
could be attributed to ice storm disturbance to the overall
structure and bamboo growth rhythm, as well as decreased
accumulation of nutrients two years after the disaster.
Extreme events usually come suddenly and unexpectedly,
taking the human off-guard. The data of litter production
were not collected right before the ice storm in our study

sites (e.g., 2007). Fortunately, our colleagues made surveys
on this experimental bamboo forest and published the data
of the litterfall in the same region which was 1656.02 kg⋅ha−1
in on-year and 1927.92 kg⋅ha−1 in off-year, respectively [17].
In our study, annual litterfall significantly responded to ice
storm disaster in 2008. For off-years, litterfall in 2009 was
42.55% higher than that in 2011 at low elevation and was
26.68% at high elevation, while for on-years, litterfall in 2010
was 63.81% higher than that in 2012 at low elevation and was
64.21% at high elevation, respectively (Figure 2), indicating
that ice storm increased litter production. Since 2011, the icedamaged bamboo forest seemed to recover to the normal
condition in terms of the seasonal dynamic of litterfall and
the occurring time of the peak value. Hooper et al. [8]
reported that the amount of woody biomass was about 10–
20 times greater than the annual production of woody litter
typical for temperate deciduous forest in northeastern North
America after the ice storm of January 1998, while the amount
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Figure 5: Dynamic variations of C, N, P, K, Ca, and Mg contents on leaf litter at two elevations.

was about 7–10% of the total aboveground biomass in the
forest before the storm. Rebertus et al. [18] showed that
coarse woody debris input from the ice storm averaged
5.1 m3 /ha. The 1994 ice storm increased coarse debris 3–6
times above normal [19]. Therefore, severe ice storms and
related secondary mortality can create a tremendous quantity
of wood debris.
4.2. Litter Nutrient Dynamic following the Disturbance of Ice
Storm. Foliar nutrient movements from senescing leaves to
active plant tissues or woody structures have been considered

as a physiological mechanism of nutrient cycling since it
plays a major role in nutrient conservation by deciduous
tree species because nutrients following this pathway are not
lost through litterfall. In addition, rates of nutrient return
to the forest soil are controlled not only by the amount of
litter production but also by the nutrient concentrations in
litter components [5]. Wu et al. [20] showed that N, P, and
K concentrations increased from May to July and decreased
after July, and Ca concentrations were no significant monthly
variation. In our study, litter N, P, and K concentration
changed irregularly. N concentration was lowest in May and
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Figure 6: Dynamic variations of C/N ratio, C/P ratio, and N/P ratio on leaf litter at two elevations.

highest in August 2011, which was different from the studies of
Finér et al. [21] and Yang et al. [22] who showed that N, P, and
K concentration of the highest value in the growing season
(March–August), the lowest in almost stopped growing or
dormant season (October 1 to next year January), indicating
nutrient concentrations significantly were influenced by the
ice-snow disaster in 2008. In our study, Ca concentration
was lowest in August 2011 and 2012 with large fluctuations,
while Mg concentration was lowest in February 2011 and 2012
and highest in March/April, supporting the study of Yang et
al. [22] who showed that Ca concentration is lowest in the
growing season (May to August) and highest in the stopgrowing or sleep season (October 1 to next year January).
Ca is a structural element with poor mobility and is not easily
reabsorbed by the growing season because some of the Ca
is involved in cell division and other metabolic activities.
The study of Finér et al. [21] showed that the concentrations
of Ca and Mg were highest in the stop-growing season,

possibly owing to variation in the mobility of element during
senescence. The nutrients concentration was closely related
to the ice storm damage, because ice storm could influence
the seasonal changes of nutrient concentrations in litter and
their potential retranslocation capacity. In our study, nutrient
concentration was lowest in January to February when the
ice storm happened, and the nutrient content would not
experience the normal litter nutrient recycling process, which
could quickly release nutrients to accelerate the cycle [23].
Litter substrate quality is an important functional trait
explaining the strong effects of plants on soil nutrients [24,
25], and initial litter chemistry parameters including N and
P concentrations, C/N ratio, and C/P ratio affected litter
decomposition [26]. In our study, litter leaf stoichiometric
traits at low and high elevations were 18.64 and 19.15 for
C/N ratio, 977.63 and 959.74 for C/P ratio, and 53.02 and
50.47 for N/P ratio, respectively (Figure 6), while litter leaf
stoichiometric characteristic without disturbed was 18.70 for
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C/N ratio, 444.71 for C/P ratio, and 23.46 for N/P ratio on
moso bamboo in Fuyang, Zhejiang Province (unpublished,
2013), and 20.91 for C/N ratio, 538.38 for C/P ratio, and
25.75 for N/P ratio in Lin’an Zhejiang Province (2006) [27].
Compared with undisturbed moso bamboo litter leaf stoichiometric traits, our findings indicated that litter chemistry
tends to more easy decomposition with lower C/N ratio and
higher C/P ratio and N/P ratio, according to the result of
Moore et al. [23] who showed that net N loss positively
correlated with the lower C/N ratio in the initial litter and that
net P loss likely occurred at C/P ratio between 800 and 1200.
This result supports the study of Xu et al. [28] who suggested
that snow storm might accelerate litter decomposition rate.
The order of annual nutrient return through leaf litter was
Ca > N > K > Mg > P and the total annual nutrient return
(N + P + K + Ca + Mg) for low and high elevations was
46.30 kg⋅ha−1 and 45.49 kg⋅ha−1 , respectively (Table 3). Compared with other natural disasters, Lodge et al. [29] showed
that the leaf litterfall nutrient return of N, P, K, Ca, and Mg
after hurricane was 3.5, 3.2, 2.9, 6.2, and 3.7 times higher
than normal (19 kg⋅ha−1 , 0.6 kg⋅ha−1 , 3.4 kg⋅ha−1 , 13 kg⋅ha−1 ,
and 6 kg⋅ha−1 , resp.). The scale of biomass transferred to the
forest floor due to ice storm indicates that ice storm plays
a significant role in structuring forests and driving forest
succession. The effects of ice storms on forest ecology merit
greater attention.
4.3. Different Elevations Litterfall Dynamic following the
Disturbance of Ice Storm. Litter production, depending on
vegetation cover and influenced by soil fertility [30], which
is an important process involved in soil organic matter
accumulation and nutrient cycling in terrestrial ecosystems
[31]. Elevation indirectly influences the litterfall through
insolation, temperature, wind speed, and water availability,
and this factor individually accounted for 13% of the litterfall
variance [32]. In this study, the influence of elevation on the
total annual litterfall was significant only in 2009. The total
annual litterfall at low elevation was 17.54% and 7.21% higher
than high elevation in 2009 and 2011, respectively, and was
4.47% and 4.21% lower in 2010 and 2012. This result was
similar to the previous results, including the result of Zhou et
al. [33] who showed that litterfall decreased significantly with
altitude and the study of Bellingham et al. [3] showed that fine
litterfall declined with increasing altitude in montane rain
forests, the mean annual total fine litterfall per plot (2003–
2005) was negatively correlated with plot altitude (𝑟 = −0.45,
𝑃 = 0.03). This trend is likely to result from declining
aboveground net primary productivity with elevation for
the environmental variables (particularly temperature and
soil moisture) affect ecosystem functions [34, 35], while the
response of own rhythm characteristics and damaged degree
for moso bamboo at different elevations was different, partly
because impairment of photosynthetic carbon fixation, litter
decomposition processes and nutrient supply from the soil
temperature decrease with elevation increasing [3].
The effect of elevation on litterfall peak was obvious. In
general, the first peak of litterfall is in April/May, and the
second peak occurs in November on moso bamboo. In our
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study, the occurring time of peak in the first and second
years was significantly different from the third and the fourth
years. The first peak after ice-storm at low and high elevations
occurred April and November in 2009, both June in 2010,
June and May in 2011, May and June in 2012, respectively,
while the lowest litterfall at low and high elevation both
occurred February in 2009, September in 2010, January in
2011 and 2012. According to this result, we speculated that
ice storm disturbed litter peak rhythm especially in on-year.
Reductions in canopy density and leaf area index (LAI) in the
first years after ice storm lead to decrease of photosynthetic
efficiency [10].

5. Conclusion
Ice storm caused an increase of 16.68%–35.60% in annual
litterfall in moso bamboo plantations and disturbed the litterfall peak rhythm, especially in on-years, indicating that the
annual litterfall significantly responded to ice-snow disaster
in 2008. The concentrations of macroelements in the leaves at
two elevations greatly fluctuated after the 2008 ice storm. The
study on stoichiometric dynamic suggested that leaf litter got
to decompose more easily after the ice storm. The responses
we observed in the litterfall and litter nutrient concentration
would result in long-term changes in litter nutrient return
dynamic, suggesting the importance of litterfall production
not only in terms of nutrient cycling to the forest soil nutrients
but also in terms of maintaining fundamental ecological and
ecosystem process. On the other hand, the scale of biomass
(litter) transferred to the forest floor in ice storm indicates
a significant role in structuring forests and driving forest
succession. The effect of ice storms on forest ecology merits
greater attention.

Headings
Ice storm significantly increased litter production. Litterfall
peak rhythm was greatly disturbed by the ice storm. Leaf
nutrient concentrations significantly fluctuated after icesnow disaster.
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Depending on the descriptions of crop yield and social response to crop failure/harvest from Chinese historical documents, we
classified the crop yield of North China during 601–900 AD into six categories and quantified each category to be the crop yield
grades. We found that the regional mean crop yield had a significant (𝑃 < 0.01) negative trend at the rate of −0.24% per decade. The
interannual, multiple-decadal, and century-scale variability accounted for ∼47%, ∼30%, and ∼20% of the total variations of crop
yield, respectively. The interannual variability was significantly (𝑃 < 0.05) persistent across the entire period. The multiple-decadal
variability was more dominant after 750 AD than that before 750 AD, while the century-scale variability was more dominant before
750 AD than that after 750 AD. The variations of crop yield could be partly explained by temperature changes. On one hand, the
declining trend of crop yield cooccurred with the climate cooling trend from 601 to 900 AD; on the other hand, the crop yield
was positively correlated with temperature changes at 30-year resolution with the correlation coefficient of 0.59 (𝑃 < 0.1). These
findings supported that high (low) crop yield occurred in the warming (cooling) climate.

1. Introduction
Food security under the changing climate is a great challenge
for the world. The impact of the climate changes on the crop
yield which is the actual yield in the real environments is
thereby a hot topic in the field of climate changes. At present,
a serious controversy still remains on the sign of impacts
of temperature changes on the crop yield. It is reported
that the negative impact of global climate warming on crop
yield is more common than the positive impact according to
the data from the past fifty years [1]. For the entire China,
halves of the contributions to the crop yield made by the
climate warming were positive and the other halves were
negative [2–5]. However, the studies using historical data
for the past several centuries reported that climate warming
is good for crop harvest while climate cooling is bad for
crop harvest in the world main crop production area such as
Europe [6–9] and China [10–12] in the temperate region. The
current lengths of studies used to evaluate climate impacts on
agriculture are too short to detect long-term trends.

The existing studies using historical records mostly
focused on the past several centuries which were named by
Little Ice Age (LIA). The instrumental measured data-based
studies reviewed by IPCC AR5 are mostly for the present
warming period [13]. The reverse climate background may be
a potential factor leading to the controversy. However, due to
limited historical data, we know little about the correlations
between the crop yield and temperature for the historical
warm period which could be comparable with the present.
It might be valuable to collect the harvest data for a historical
warm period comparable with the present.
The proxy data-based reconstruction demonstrates that
Sui dynasty (581–618 AD) and Tang dynasty (618–907 AD)
(Sui-Tang dynasties, hereafter) had a warm climate comparable with the present [14]. Within the warm climate regime,
there were as well temperature variations featured by a
cooling trend from the late 6th century to the 9th century. The
mean temperature of the winter half-year (October to April)
of 570–780 AD over Central East China was 0.23∘ C higher
than the mean of 1951–1980 AD. Local historians had focused
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on the agriculture history of Sui-Tang dynasties. They found
that the agriculture is flourishing in the early period and
shrinking in the late period. Most of these studies attributed
the crop harvest to good governance, such as reducing corvée
and taxes, while the crop failure was attributed to bad social
governance including the lack of human resources due to
wars. A few studies have pointed out that the climate change
may also explain the variations of crop yield. For instance,
the collapse of Tang dynasty has been attributed to low crop
yield which resulted from persisting drought [15]. However,
we know little yet about the correlation between crop yield
and temperature in Sui-Tang dynasties.
To address the above questions, we reconstructed the
variations in crop yield covering North China over the period
from 601 to 900 AD, with the purpose of evaluating the
effect of climate on crop yield. This paper was designed
as the flowing: Section 2 describes the historical dataset
and methodology of quantifying the historical crop yield
compiled from historical documents; in Section 3, we would
present the results; and, finally, in Section 4, the conclusions
are drawn and potential research directions would be discussed.
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Figure 1: Study area and recorded-year fraction of each province.
Shading areas in pies represent the recorded-year fraction of each
province during 601–900 AD.

2. Data Sources and Method
2.1. Data Sources. Our study area is North China covering the
middle and lower reach of Yellow River and Huai River reach
(Figure 1). Within the study area, there were eight provinces
totally in the Sui-Tang dynasties and the millet, wheat, and
rice were three main crops [16–18]. The study area is also the
core political area of Sui-Tang dynasties. The food production
of this area plays crucial role in the security of the whole
county. There are plenty of crop yield records for this area in
the history documents.
We collected 468 items totally from nine historical works.
The 282 items were compiled from five standard history
books, which are History of the Northern Dynasties (“北史”)
[19], the Book of Sui (“隋书”) [20], the Old Book of Tang (“旧
唐书”) [21], the New Book of Tang (“新唐书”) [22], and Zi zhi
Tong jian (“资治通鉴”) [23], respectively. The other 166 items
were collected from Prime Tortoise of the Record Bureau (“册
府元龟”) [24] which was the largest encyclopedia compiled
during the Chinese Song dynasty (960–1279 AD). The rest 20
items were collected from Institutional History of Tang (“唐
会要”) [25], Commands collection of Tang (“唐大诏令集”)
[26], and Full Tang Texts (“全唐文”) [27].
Among 468 items, 306 items directly described both
of the crop yield and famines in response to crop failure.
The other 162 items only described social responses to the
famines corresponding to crop failure that resulted from
nature disasters and, thus, could be used as proxy data to
indicate low crop yield. All of the 468 records are available
for 250 years totally accounting for about 83% of the period
from 601 to 900 AD. 50 years are not recorded by historical
documents. These years randomly scattered from 601 to
900 AD. The durative missing records could only be found in
603–606, 656–959, and 693–695 AD. At the provincial scale,
the years with available data accounted for 35%–61%, with the

minimum in Longyou Province and the maximum in Henan
Province (Figure 1).
2.2. Methods of Quantifying Historical Crop Yield. In SuiTang dynasties, the crop yield was generally quantified to be
10 grades with constant standard. Grade 10 represents the
maximum yield under optimum climate conditions and best
human investment. Then, grades from 9 to 1 correspond to
the actual yields decreased by ∼10% to ∼90% to the maximum
yield. The local officers usually quantified the yield with
the grades of 1–10 and reported the local yield grades to
the higher level of managers, such as provincial officers.
Then, depending on these original quantitative records, the
provincial officers would provide a qualitative assessment
of crop yield of the entire province to the Empire. These
assessment reports were usually saved as important archives
by central government. Additionally, the historians as well
wrote down the crop yield using the qualitative descriptions
rather than the original quantitative records. Thus, at present,
what we could obtain from historical books is usually the
qualitative assessment report rather than the original quantitative records.
Depending on the descriptions from qualitative assessment report, we classify the crop yield into six categories,
which are great harvest, good harvest, normal harvest, small
loss, large loss, and great loss, respectively. The descriptions
such as great harvest, greatly fruitful, and abundant generally
indicate great harvest corresponding to grade 10 (100%). The
records with good and fruitful description indicate good
harvest year corresponding to grades 8–10 and are quantified
to be grade 8 (80%). The descriptions such as normal, average,
and no loss indicate the normal harvest corresponding to
grades 7-8 and are quantified to be grade 7 (70%). The records
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Table 1: The provincial crop taxes recorded in 749 AD [28].

Provinces
Crop taxes (Dan∗ )
Proportions (%)

Jingji
6688,110
7.70

Guannei
8650,645
9.96

Henan
22467,641
25.88

Hebei
21029,894
24.22

Hedong
18544,405
21.36

Huainan
5610,276
6.46

Shannan
3064,740
3.53

Longyou
763,868
0.88

Note. ∗ Dan is an ancient weight unit of grain in China.

such as a little/small loss and deficient indicate the small
loss corresponding to grades 6-7 and were quantified to be
grade 6 (60%). The descriptions such as half harvest and
famine indicate large loss corresponding to grades 3–6 and
are quantified to be grade 4 (40%). The records such as no
harvest, great deficient, and great famine indicate the great
loss corresponding to grade no more than 3 and are quantified
to be grade 3 (30%).
In addition to the abovementioned direct records, there
are 162 records about the social responses to the famines
corresponding to crop failure that resulted from nature
disasters. According to the Old Book of Tang and the New
Book of Tang, agriculture tax would be reduced by one half
when the crop yield was below grade 6 and would be totally
exempted when the harvest dropped to grade 3. Farmers
would be free from silk and cloth tax when the harvest
dropped to grade 4, as well. Thus, using these records about
the social responses to the crop failure, we could also estimate
the harvest grades.
2.3. Method of Estimating Regional Mean Crop Yield. Among
the 468 records, there are 96 records describing the regional
mean crop yield, while the other 372 records refer to the
subregions of study area. We calculated the regional mean
crop yield using the provincial yield with the provincial crop
production weight. Such a weight represents how important
the provincial production to the regional mean yield. Due
to lack of original records, it is impossible to calculate the
crop production weight for each province. Here, we used the
fraction of provincial crop taxes to the total crop taxes of
the study area to represent the provincial crop production
weight. Since the tax ratio was generally even across the
whole county, it is reasonable to use crop tax to represent
the crop production. More crop tax indicates more crop
production. As shown by Table 1 [28], Henan, Hebei, and
Hedong provinces accounted for more than 70% of total crop
tax of the study area; Longyou province accounted for no
more than 1%. These weights suggest that the regional mean
crop yield is largely determined by Henan, Hebei, and Hedong
provinces while it is a little determined by Longyou province.
To calculate the annual regional mean yield, we need
the annual crop yield for each province. For this study area,
covering eight provinces from 601 to 900 AD, there are only
468 records. Obviously, the available records are not enough
to calculate the regional mean crop yield for each year of
the period 601–900 AD. According to the Chinese historian
experience, because the anomalous year could impose strong
impacts on human welfares, the anomalous years were rarely
missing in the historical documents. In other words, the
missing records year would be mostly normal years due to
unextreme impact on human. Therefore, in this study, the

missing record years were treated as the normal years with
the harvest grade of 7 (70%).

3. Results
3.1. Annual Regional Mean Crop Yield from 601 to 900 AD.
Figure 2(a) shows the annual regional mean crop yield from
601 to 900 AD. There was a negative trend at the rate of
−0.24% per decade (𝑃 < 0.01). The wavelet analysis after
removing the negative trend (Figure 2(b)) illustrates that the
variations of crop yield grades had an obvious change around
the 750 AD. Therefore, the whole period could be divided into
two sections. Before 750 AD, the crop yield with the mean
of 70.7% is obviously higher than the mean of 68.1% of the
period 601–900 AD. During 601–750 AD, there were 43 years
with good harvest and great harvest, accounting for 74.1% of
the total good harvest and great harvest years of the period
601–900 AD. The 13 of 15 great harvest years from 601 to
900 AD occurred in 601–750 AD. During 601–750 AD, there
were 13 years of large loss and great loss, accounting for 37.1%
of the total large loss and great loss years of the period 601–
900 AD. After 750 AD, the mean crop yield of 65.5% is much
lower than the mean of 70.7% of the period 601–750 AD.
During 751–900 AD, there were only 15 years of good harvest
and great harvest and there were as much as 22 years of large
loss and great loss years, accounting for 62.9% of the total
large loss and great loss years of the period 601–900 AD.
Except for the descending trend, the crop yield also had
large interannual, multidecadal (30–50 years), and century
(80–100 years) variability. As shown by Figure 2, the interannual variability was significant at confidence level of 95%
for the entire period 601–900 AD. The interannual variability
accounted for ∼47% of the total variation of yield from 601
to 900 AD. At the interannual scale, the largest increase of
46.4% (from 30% to 76.4%) occurred from 616 to 617 AD
and the largest loss of 50% (from 100% to 50% and from
80% to 30%) occurred from 725 to 726 AD and from 793
to 794 AD. The multidecadal variability and century-scale
variability did not persist across the entire period from 601
to 900 AD. The multidecadal variability was more dominant
and persistent after 750 AD than that before 750 AD. The
amplitude of multidecadal variation accounted for ∼30%
of the total variations from 601 to 900 AD. The centuryscale variability was more dominant and persistent before
750 AD than that after 750 AD. The amplitude of centuryscale variation was ∼4.9% accounting for ∼20% of the total
variations from 601 to 900 AD.
3.2. Correlations between Crop Yield and Temperature
Changes. To understand the variation of crop yield, we
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analyzed the correlations between the crop yield and
temperature changes since heat is a primary factor partly
determining crop yield. The local temperature change
was reconstructed using the historical phenology records
through a calibration function regressing temperature
anomaly to phenology anomaly [29]. The reconstructed
temperature changes illustrated that there was a cooling
trend at rate of ∼0.33∘ C per century (𝑃 < 0.01) from 601 to
900 AD (Figure 3). It is suggested that the abovementioned
descending trend of crop yield occurred under the
background of climate cooling. This finding demonstrates
that on the multicentury scale the crop yield was consistent
with the temperature changes. High crop yield coexisted
with the warm climate and low crop yield coexisted with the
cooling climate.
Except for the consistent multicentury trends, the crop
yield is also significantly correlated with temperature at multidecadal scale. Figure 4 illustrates the positive correlations
between the crop yield and local temperature with the resolution of 30 years. The correlation coefficient of original data
was 0.59 (𝑃 < 0.1). Actually, due to existence of long-term
trend, such correlation coefficient of original data includes
the contribution of the abovementioned consistent multicentury trend. To merely illustrate the correlation between crop
yield and temperature variations at multidecadal scale, we

Temperature anomaly ( C)

Figure 2: (a) Annual crop yield of North China from 601 to 900 AD (The straight line represents the negative trend of crop yield) and (b)
real part-time frequency distribution of Morlet wavelet transform (shading denotes insignificance at confidence level of 95%) and (c) global
power spectrum (dashed line denotes threshold value at confidence level of 95%).

6.0
600 630 660 690 720 750 780 810 840 870 900
Year (AD)
Temperature
Crop yield

Figure 3: Reconstructed temperature series for 601–900 AD
(referred to the mean of 1951–1980 AD) covering Central East China
[20] and regional mean crop yield for each of the 30 years of the study
area (black-dashed line and gray-dashed line denote linear trend of
temperature and crop yield, resp.).

removed the long-term trend of crop yield and temperature,
respectively, by minusing the linearly fitting values from
original data. A positive correlation of 0.44 (𝑃 < 0.02)
between the two variations was found when the multicentury
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Figure 4: The correlation between crop yield and temperature.

trends were excluded. Such positive correlation confirms the
abovementioned findings to the point that high crop yields
were obtained generally at warm climate years. It is estimated
that crop yield increased by 6.9% per 1∘ C warming which
was slightly less than the estimation of 7.5% grades per 1∘ C
warming from Su et al. [12].

4. Conclusion and Discussion
These observations demonstrate that from 601 to 900 AD
the regional mean crop yield had a significant (𝑃 < 0.01)
negative trend with the rate of −0.24% per decade. Except
for the linear descending trend, there were also dominant
and persistent interannual and multiple-decadal variability
accounting for ∼47% and ∼30% of the total variations of
crop yield from 601 to 900 AD. The variations of crop
yield were positively correlated with temperature variations.
The temperature could explain ∼34% of variations of crop
yield with the resolution of 30 years. High (low) crop yield
occurred generally under the warming (cooling) climate
background.
As we know, the warm climate implicates more heat
resource. The site-based study demonstrates that observed
warm climate is good for net accumulated production at midand high latitude [30]. The abovementioned positive correlation hence could be reasonable. This study demonstrates
that the frequent great and good harvests in the prophase of
Tang dynasty (618–750 AD) may also be supported by the
warm climate, except for the developed agriculture practices
and excellent governance often mentioned by local historians
[31, 32].

This study highlights the importance of warm climate
on the crop harvest at multidecadal and longer scales, using
essential history documental records. The finding supported
the existing related studies for the Little Ice Age (e.g., [8, 9,
11]). The controversy between historical studies and present
data-based studies still remains, but it might be reasonable.
The present climate warming is mostly attributed to humaninduced CO2 and dominantly represented as night warming
[13]. The night warming enhances respiration and, thus, is
not good for nutrient accumulation [33, 34]. To the historical
times, we know little about the day and night temperature
changes. If historical temperature variations were represented
as day warming and enlarged diurnal difference, the climate
warming would be good for nutrient accumulation and high
yield. So, to address the controversy, more work is needed on
the historical climate.
Additionally, because crop yield is determined jointly by
many factors, it would be needed to perform more analyses
to fully understand the crop yield variations. For instance,
it is needed to analyze the role of precipitation. However, at
present, the available precipitation series covering the study
area for Sui-Tang dynasties [35] was reconstructed mainly
using history drought/flood records. In the absence of direct
drought/flood records, this construction utilized records
of crop yield grades as the accessorial proxy indicators.
Therefore, the reconstructed series of drought-wet index was
not exactly independent from those of crop yield, and we
did not analyze the correlation between them. Besides, the
analyses of human management and agricultural technology
are also needed to comprehensively understand the crop yield
variations.
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Precipitation is an essential input parameter for land surface models because it controls a large variety of environmental processes.
However, the commonly sparse meteorological networks in complex terrains are unable to provide the information needed for many
applications. Therefore, downscaling local precipitation is necessary. To this end, a new machine learning method, LASSO algorithm
(least absolute shrinkage and selection operator), is used to address the disparity between ERA-Interim forecast precipitation data
(0.25∘ grid) and point-scale meteorological observations. LASSO was tested and validated against other three downscaling methods,
local intensity scaling (LOCI), quantile-mapping (QM), and stepwise regression (Stepwise) at 50 meteorological stations, located
in the high mountainous region of the central Alps. The downscaling procedure is implemented in two steps. Firstly, the dry or wet
days are classified and the precipitation amounts conditional on the occurrence of wet days are modeled subsequently. Compared
to other three downscaling methods, LASSO shows the best performances in precipitation occurrence and precipitation amount
prediction on average. Furthermore, LASSO could reduce the error for certain sites, where no improvement could be seen when
LOCI and QM were used. This study proves that LASSO is a reasonable alternative to other statistical methods with respect to the
downscaling of precipitation data.

1. Introduction
Precipitation is one of the most important variables for
a large variety of environmental processes and its spatial
and temporal variations directly influence the local as well
as the global water, energy, and matter cycle (e.g., [1–6]).
Precipitation is also an essential input parameter for land
surface models in fields such as in hydrology, ecology, and
climatology [7–9]. Traditionally, precipitation is measured
by rain gauges. However, most of them are located in
homogeneous terrains and in valley regions. In complex
terrains, few gauge stations exist due to difficulties in snow
depth measuring and maintenance of stations which result
in a lack of long-term and high resolution records [10]. In
order to overcome these limitations, in the past decades,
GCMs have been widely applied to meet the specific needs

of environmental impact models by providing time series of
precipitation and plausible scenarios of change [8, 11].
However, it is well known that the coarse spatial resolution (∼300 km) of GCMs limits the reliable use of these
data in decision making and model based impact studies [12–15]. Specifically, GCMs only provide precipitation
characteristics that are based on the mean elevation of the
pixel, thus not considering subgrid variability of topography
and consequent atmospheric features. Local processes, such
as orographic precipitation along mountain slopes, are not
represented in the coarse grids [12]. Even if RCMs nested in
GCMs provide better descriptions of local scale characteristics, based on the finer spatial resolution of 10–50 km, they
do not fulfill the requirement of hydrological and climatic
impact models, which typically run on the scale of 0.1–1 km
[11, 16–21]. Thus, correction and downscaling are necessary
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Figure 1: Location of the MeteoSwiss sites (triangles) and ERA-Interim 0.25∘ × 0.25∘ points (dots). The elevation ranges from 22 to 4783 m
a.s.l., with a DEM resolution of 90 m.

for both GCM and RCM outputs before they are applied for
environment impact models [22–26].
In a broad sense, downscaling includes two purposes:
one is obtaining future emission scenarios (time series) for
stations or regions or catchments from global climate models
(e.g., HadAM3P) using the established statistical relationship
between measurements and large-scale predictors. The other
purpose is obtaining time series for nonmeasurement area.
This also could be treated as spatial interpolation or disaggregation to some extent. Many previous studies have shown that
a reproduction of station data and the generation of future
times series at the respective locations is extremely useful
(e.g., [19, 22, 24]).
In terms of downscaling methods, dynamical and
statistical downscaling are the two main approaches. The
latter approach establishes the statistical connections
between large-scale circulation variables (predictors) and
local observed variables (predictands) [27, 28]. Compared
to dynamical downscaling, statistical downscaling methods
have lower computational demands and allow for a fast
application [27, 29]. Maraun et al. [11] comprehensively
reviewed precipitation downscaling methods from an end
user’s point-of-view. For example, local intensity scaling
(LOCI) and quantile-mapping (QM) are the standard
methods used for correcting GCM or RCM outputs with
respect to local observations.

Other methods focus on investigating the relationship
between local precipitation and large-scale atmosphere circulations, which vary from linear regression (e.g., [30–
35]) to complex nonlinear models (e.g., [36–40]). Although
numerous studies were carried out, a general standardized
precipitation downscaling method still does not exist, especially for complex terrains. Furthermore, a separate predictor
selection process (e.g., principal components analysis) is
usually implemented in order to search for the most sensitive
variables with regard to precipitation variations (e.g., [34,
39, 41–44]). However, this procedure costs the additional
computation time. Therefore, it is of particular interest to
introduce new approaches, especially for the stations where
benchmark methods do not work at all.
To this end, a new machine learning method, the “least
absolute shrinkage and selection operator (LASSO)” algorithm, is introduced for downscaling ERA-Interim forecast
precipitation data in complex terrain. Compared to standard
linear downscaling approaches, LASSO is also well suited
for possibly underdetermined linear regression problems,
as well as for joint estimation and continuous variable
selection. It is tested and validated against three different
methods, local intensity scaling (LOCI), quantile-mapping
(QM), and stepwise regression (Stepwise), using data from
50 meteorological stations located in the high mountainous
region of the central Alps (Figure 1).
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This paper is structured as follows. Section 2 describes the
ERA-Interim forecast precipitation data and meteorological
observations in the study area. Section 3 describes the four
downscaling methods as well as the evaluation criteria. The
downscaling results and methods comparison are presented
in Section 4, while finally a discussion and subsequent
conclusions are given in Section 5.

2. Datasets
2.1. ERA-Interim. We make use of the ERA-Interim forecast
precipitation data provided by the European Centre for
Medium Range Weather Forecast (ECMWF) for the year 1979
onwards and continuing in real time [45, 46]. ERA-Interim
shows some improvements when compared with ERA-40
in these aspects: a representation of the hydrological cycle,
an improved description of the stratospheric circulation,
and an enhanced handling of biases [46–49]. Cycle 31r2 of
ECMWF’s Integrated Forecast System (IFS) was used in here.
The model in this configuration comprises 60 vertical levels,
with the top level at 0.1 hPa; it uses the T255 spectral harmonic
representation for the basic dynamical fields and a reduced
Gaussian grid (N128) with an approximately uniform spacing
of 79 km [46, 50]. ERA-Interim assimilates four analyses per
day at 00, 06, 12, and 18 UTC. Furthermore, two 10-day
forecasts with a 3-hour resolution are initialized based on the
00:00 UTC and 12:00 UTC analyses.
A variety of data in uniform lat/long grids (0.125∘ , 0.25∘ ,
∘
0.5 , 0.75∘ , 1∘ , 1.125∘ , 1.5∘ , 2∘ , 2.5∘ , and 3∘ ) are available
from ECMWF datasets. Here, we apply 3-hourly forecast
precipitation data (03, 06, 09, 12, 15, 18, 21, and 24 UTC)
initialized at 00 UTC from 1983–2010 which are projected
on the grid of 0.25∘ × 0.25∘ . Daily precipitation is calculated
from eight times 3-hourly precipitation forecast. In addition,
19 surface and upper-atmosphere variables (Table 1) are
applied as predictors according to previous studies (e.g.,
[38, 40]). These 3-hourly predictors are aggregated into daily
averages. The used variables are listed in Table 1. We used
00 UTC initialized forecasts and calculated the elevation in
meters a.s.l. by the normalization of the geopotential over the
gravity.
2.2. Test Sites. Daily total precipitation of the period 1983–
2010 at 50 meteorological stations was made available
through the interactive tools of IDAWEB, which is designed
by MeteoSwiss (the Swiss Federal Office of Meteorology
and Climatology) providing free, available, and extensive
archive data of ground level monitoring networks. Table 2
lists the information about stations and Figure 1 shows the
locations of test sites. The stations are located within a
large range of altitude from 381 m to 3305 m. Among these
stations, 16 are located below 500 m and 11 are situated
between 500 m and 1000 m, 9 between 1000 m and 1500 m,
8 between 1500 m and 2000 m, and 6 above 2000 m. The
observations and ERA-Interim data are processed for the
same period. The available data is partitioned into two
periods, 1983–1999 for calibration and 1999–2010 for validation. A 1 mm threshold was defined for defining a dry/wet
day.
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Table 1: Predictors from ERA-Interim forecast dataset. All variables
are aggregated from 3-hourly to daily averages.
Predictor
P ERA
MSLP
TCW
U 10
V 10
WS 10
FG 10
LSP
H 850
H 700
H 500
T 850
T 700
T 500
RH 850
RH 700
RH 500
SH 850
SH 700
SH 500

Description
ERA-Interim precipitation (mm)
Mean sea-level pressure (hPa)
Total column water (mm)
10-meter 𝑈 wind component (m s−1 )
10-meter 𝑉 wind component (m s−1 )
Wind speed (m s−1 )
10-meter wind gust (m s−1 )
Large-scale precipitation (mm)
Geopotential height at 850 hPa (m)
Geopotential height at 700 hPa (m)
Geopotential height at 500 hPa (m)
Temperature at 850 hPa (∘ C)
Temperature at 700 hPa (∘ C)
Temperature at 500 hPa (∘ C)
Relative humidity at 850 hPa (%)
Relative humidity at 700 hPa (%)
Relative humidity at 500 hPa (%)
Specific humidity at 850 hPa (g kg−1 )
Specific humidity at 700 hPa (g kg−1 )
Specific humidity at 500 hPa (g kg−1 )

It is necessary to note that the data of the stations GUE,
PAY, and GVE are used within the ERA-interim data assimilation procedure, given their status as WMO SYNOP stations
[46, 51]. According to the information of the ECMWF, it can
be assumed that the majority of the stations (47 of 50 sites)
are not used by ERA-Interim and therefore represent a fully
independent dataset.

3. Methods
3.1. Local Intensity Scaling (LOCI). LOCI is a robust
method to directly correct GCM or RCM outputs for
local observations. Although GCMs or RCMs are partly
unrealistic due to their coarse resolution, they contain
valuable information about the actual precipitation [11].
The assumption is realized by a so-called scaling factor,
calculated from observation and climate model data of
a reference period, which is then expanded to scenarios
data. Here, LOCI is applied as the benchmark method
for comparison with LASSO. LOCI was developed by
Widmann and Bretherton [52]. Widmann et al. [53] used
it for scenario precipitation corrections. Not only GCMs,
but also RCMs were corrected using the LOCI approach
[54–56]. Schmidli et al. [57] further modified LOCI for
precipitation occurrence and amount correction, separately.
In this study, LOCI is implemented based on a monthly
scaling factor which is calculated in three steps as follows:
thres
thres
) = Fre (𝑃obs ≥ 𝑃obs
),
Fre (𝑃ERA ≥ 𝑃ERA

SF =

thres
thres
(𝑃obs ≥ 𝑃obs
) − 𝑃obs
thres
thres
(𝑃ERA ≥ 𝑃ERA
) − 𝑃ERA

,

thres
Val
thres
+ SF (𝑃ERA
− 𝑃ERA
) , 0) ,
𝑃𝑡 = max (𝑃obs

(1)
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Table 2: Test sites information. ERA-Interim grid height is also listed.
Site abbreviation
COV
WFJ
SAE
GSB
GUE
PIL
MLS
SAM
DOL
CIM
SBE
ZER
CHA
DAV
MVE
NAP
ULR
SCU
FRE
DIS
ROB
ENG
CDF
PIO
STG
VIS
RUE
FAH
INT
CHU
SMA
BER
TAE
GLA
PAY
WAE
NEU
SIO
VAD
PUY
CGI
LUZ
REH
GUT
SHA
ALT
KLO
WYN
GVE
AIG

Site name
Piz Corvatsch
Weissfluhjoch
Säntis
Col du Grand St-Bernard
Gütsch ob Andermatt
Pilatus
Le Moléson
Samedan
La Dôle
Cimetta
S. Bernardino
Zermatt
Chasseral
Davos
Montana
Napf
Ulrichen
Scuol
Bullet/La Frétaz
Disentis/Sedrun
Poschiavo/Robbia
Engelberg
La Chaux-de-Fonds
Piotta
St. Gallen
Visp
Rünenberg
Fahy
Interlaken
Chur
Zürich/Fluntern
Bern/Zollikofen
Aadorf/Tänikon
Glarus
Payerne
Wädenswil
Neuchâtel
Sion
Vaduz
Pully
Nyon/Changins
Luzern
Zürich/Affoltern
Güttingen
Schaffhausen
Altdorf
Zürich/Kloten
Wynau
Genève-Cointrin
Aigle

Latitude
46.42
46.83
47.25
45.87
46.65
46.98
46.55
46.53
46.42
46.20
46.46
46.03
47.13
46.81
46.30
47.00
46.50
46.80
46.83
46.70
46.35
46.82
47.08
46.52
47.43
46.30
47.43
47.42
46.67
46.87
47.38
46.98
47.48
47.03
46.82
47.22
47.00
46.22
47.13
46.52
46.40
47.03
47.43
47.60
47.68
46.88
47.48
47.25
46.25
46.33

Longitude
9.82
9.81
9.34
7.17
8.62
8.25
7.02
9.88
6.10
8.79
9.18
7.75
7.05
9.84
7.47
7.93
8.30
10.28
6.58
8.85
10.07
8.42
6.80
8.68
9.40
7.85
7.88
6.93
7.87
9.53
8.57
7.47
8.90
9.07
6.95
8.68
6.95
7.33
9.52
6.67
6.23
8.30
8.52
9.28
8.62
8.62
8.53
7.78
6.13
6.92

Site elevation (m)
3305
2690
2502
2472
2287
2106
1974
1709
1670
1661
1639
1638
1599
1594
1427
1403
1345
1303
1205
1197
1078
1035
1018
990
775
639
611
596
577
556
555
552
539
516
490
485
485
482
457
455
455
454
443
440
438
438
426
422
420
381

ERA-Interim grid elevation (m)
1618
1722
1154
1493
1432
1154
1193
1661
699
1281
1532
1552
669
1722
1470
1115
1435
1818
818
1479
1394
1432
770
1447
1027
1498
701
554
1325
1668
780
1008
897
1312
1030
1011
849
1408
1226
1100
835
1154
780
962
662
1193
780
827
973
1346
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Val
where 𝑃𝑡 is the target station precipitation, 𝑃ERA
the unthres
ERAdownscaled ERA-Interim data for validation, 𝑃ERA
thres
the observation
Interim precipitation threshold, and 𝑃obs
threshold and the brackets present the frequency condition
judgment function. Here, 1 mm is used to define wet/dry
days and SF is the scaling factor. In the first step, an adjusted
threshold for ERA-Interim data is found that matches the
occurrence of wet/dry days, based on the 1 mm threshold of
observation. In a second step, the scaling factor is obtained
and then, finally, the target station precipitation is calculated.

3.4. LASSO Algorithm. Least absolute shrinkage and selection operator (LASSO) is an alternative regularized version
of least squares, which is useful for feature selection and to
avoid overfitting problems. LASSO shrinks the estimates of
the regression coefficients towards zero to prevent overfitting
problem and to reduce variables by using a penalty parameter
[67, 68]. To simplify understanding, the history of LASSO
is introduced briefly. The following equation presents the
ordinary least squares regression (OLS) that tries to minimize
the error RSS (Root of Sum of Squares),
2

3.2. Quantile-Mapping (QM). QM introduced by Panofsky and Brier [58] is a popular statistical transformations
approach to correct GCM and RCM outputs straightforwardly [25, 59–65]. The distribution function (e.g., cumulative distribution function, CDF) of model precipitation
is first adjusted to match the distribution of observations.
Subsequently, this matched distribution is used for unbiased
model (or future scenario) data. The mapping is usually
implemented based on empirical quantiles or quantiles of
gamma distributions [11, 64]. In this study, the corrected
ERA-Interim can be obtained via
Val
+ Δ𝑓,
𝑃𝑡 = 𝑃ERA
−1
Val
−1
Val
(𝑓ERA,cal (𝑃ERA
)) − 𝑓ERA,cal
(𝑓ERA,cal (𝑃ERA
)) ,
Δ𝑓 = 𝑓obs,cal
(2)
−1
−1
where 𝑓obs,cal
and 𝑓ERA,cal
is the inverse CDF of observations
and ERA-Interim for calibration, respectively, and 𝑓ERA,cal is
Val
the CDF of 𝑃ERA
.

3.3. Stepwise Regression (Stepwise). Stepwise Regression
(Stepwise hereafter) is an automatic procedure where Stepwise combines an ordinary regression (3) with a predictor
variable selection procedure. Three main approaches are used
in Stepwise according to the relevant selection sequence:
forward selection, backward elimination, or bidirectional
elimination. The advantage of stepwise regression is easily
explained and implemented. Several previous studies have
used stepwise regression for different purposes. For example,
Harpham and Wilby [39], Hessami et al. [42], and Huth
[66] adopted Stepwise for predictor selection; Agnihotri
and Mohapatra [30] applied it to occurrence estimation of
daily summer monsoon precipitation. In this study, stepwise
regression is adopted to test LASSO. Stepwise regression is
implemented using backward elimination method with a
significance level of 0.05,
𝑦𝑖 = 𝑥𝑖𝑗 𝛽𝑗 + 𝜀,

V
{𝑁
}
̂
𝛽 = arg min {∑ (𝑦𝑖 − 𝛽0 − ∑ 𝑥𝑖𝑗 𝛽𝑗 ) } .
𝛽
ols
𝑗=1
{𝑖=1
}

OLS is not always satisfactory for minimizing the RSS,
especially when 𝑥 contains a large number of variables. A
penalty parameter 𝜆 was added based on the normal OLS in
LASSO (see the following equation):
2

V
V
{𝑁
}
̂
𝛽 = arg min {∑ (𝑦𝑖 − 𝛽0 − ∑ 𝑥𝑖𝑗 𝛽𝑗 ) + 𝜆 ∑ 𝛽𝑗 } ,
𝛽
lasso
𝑗=1
𝑗=1
{𝑖=1
}
(5)

where V is the number of variables. LASSO imposes intentionally that some coefficients have to be zero, thus achieving
a sparse model. Thus, the penalty parameter (regularizer) 𝜆
controls the level of sparsity of the resulting model. In this
study, we applied an efficient algorithm for solving LASSO
[69]. Also, we defined the value 1 for wet days (>1 mm) and 0
for dry days (<1 mm), and all variables are standardized the
same as Stepwise.
3.5. Evaluation Criteria. Precipitation downscaling procedure is implemented in two steps. Firstly, precipitation occurrence is modeled by the four methods, respectively. Secondly,
precipitation amount conditional on the occurrence of wet
days is modeled subsequently. Please note that the results
of precipitation occurrence ranges from 0 to 1. We defined
0.5 as the threshold value to classify dry/wet days. The
modeled precipitation amount also could be negative values.
Therefore, we set these negative values to zero. The root mean
square error (RMSE) and the mean absolute error (MAE)
are used for the assessment of precipitation amount, and
correspondence ratio (CR) is applied for the evaluation of
dry/wet days classification accuracy (6)-(7),
RMSE = √

(3)

where 𝑦 is the 𝑖×1 response vector, 𝑥 is the 𝑖×𝑗 variable vector,
𝛽 is the 𝑗 × 1 parameter vector, and 𝜀 is the random errors. We
used the same set of 20 variables (Table 1) for Stepwise and
LASSO, for a better method comparison. For precipitation
occurrence, 𝑦 is defined as 1 for wet days (>1 mm) and 0 for
dry days (<1 mm). All variables are standardized to make data
fall between 0 and 1.

(4)

MAE =

1 𝑁
2
∑ (𝑃 − 𝑃𝑚 ) ,
𝑁 𝑡=1 𝑜

(6)

𝑁

1


∑ 𝑃 − 𝑃𝑚  ,
𝑁 𝑡=1  𝑜

where 𝑃𝑜 and 𝑃𝑚 are observed and modeled precipitation
amount on wet days, respectively. 𝑁 is the number of wet
days,
CR =

𝑛dry + 𝑛wet
𝑁

,

(7)
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Figure 2: Annual precipitation bias (bars) between ERA-Interim
and MeteoSwiss stations in percent for the period 1983–2010. Positive values indicate an overestimation of the annual precipitation
by ERA-Interim and vice versa. The line with dots indicates altitude
differences, Δℎ, defined as ERA-Interim grid height minus site
elevation.
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Figure 3: Averaged correspondence ratio (CR) for each month in
the validation period 1999–2010.

where 𝑛dry and 𝑛wet are the numbers of dry or wet days that
are correctly classified by downscaling methods.

4. Results
4.1. Validation of the Original ERA-Interim Forecast Precipitation Data. Table 3 shows the comparison of ERAInterim daily precipitation forecasts with observations at 50
meteorological stations from 1983–2010. CR as well as the
RMSE and MAE in mm is listed. CR varies from 0.68 to 0.86
and RMSE changes in the range of 4.40–11.13 mm, while MAE
ranges from 2.22 to 5.19 mm. The large errors show that there
is a great need for the correction and downscaling of ERAInterim data at local stations. The altitude differences change
sharply in a large interval. We use the abbreviations for the
characterization of the stations. Station COV is 1687 m higher
than ERA-Interim grid height while station SCU is 515 m
lower than grid height. ERA-Interim shows good agreement
with the occurrence of observations (0.68 to 0.86), but large

deviations with respect to the amount of precipitation on
wet days. However, in contrast to temperature estimations,
the difference in altitude is unable to explain the observed
bias. For example, station DOL has the highest CR with
the value of 0.86, but with a large elevation difference of
971 m. Station ZER has a CR of 0.74 but its elevation matches
the grid height very well with an altitude gap of only 86 m.
This again suggests that the general relationship between
precipitation and elevation is not easy to obtain, due to
the great variability in the interaction between atmospheric
circulation and complex topographical characteristics.
Figure 2 illustrates the bias (in percent) between ERAInterim data and station precipitation observations for the
time period 1983–2010. Positive values indicate that annual
precipitation is overestimated by ERA-Interim and vice versa.
In general, ERA-Interim data overestimate observations the
observed annual precipitation for the majority of test sites;
only 7 of 50 sites are underestimated. Among them, station
GSB has the largest negative bias with a value of −44.2%. 5
out of 50 sites show an overestimation of more than 100%.
Station WFJ and DAV are located in the same ERA-Interim
grid. However, ERA-Interim overestimated station WFJ with
7.5% and station DAV with a value of 45.6%. Besides, stations
PIL and LUZ are also in the same ERA-Interim grid. ERAInterim underestimates PIL with 25.2%. In the contrast, ERAInterim overestimates LUZ with a value of 28.6%. The lower
stations that are mainly located at the northern part of the
Alps are underestimated by ERA-Interim.
4.2. Evaluation of Downscaling Methods in Precipitation
Occurrence. The performance of the four downscaling methods, as well as the ERA-Interim original data in precipitation
occurrence in the validation period 1999–2010, is summarized in Table 4. The averaged CR showed that the four
downscaling methods were much better than the original
ERA-Interim data. QM and LASSO had the same range of
CR from 0.82 to 0.88. LOCI ranged from 0.81 to 0.88 and
Stepwise varied from 0.82 to 0.87. QM estimated a worse CR
than the original ERA data at station GSB. LASSO predicted
the worst occurrence at station DOL. The four methods had
the same performance at 7 sites. For 11 sites, LASSO and
Stepwise were the best methods in precipitation occurrence
modeling. Figure 3 illustrates the averaged correspondence
ratio for each month in the validation period 1999–2010. It
reveals that LOCI, QM, Stepwise, and LASSO captured the
general tendency of the monthly precipitation occurrence for
the whole year. LASSO and Stepwise identified better dry and
wet days than LOCI and QM in May, but they performed
worse in October. LASSO classified dry/wet days similarly
with Stepwise for all 12 months. The result shows that LASSO
is quite suitable for dry/wet days classification.
Figure 4 shows the used variables in Stepwise and
LASSO for dry/wet days classification. LASSO selected more
variables than Stepwise. For LASSO, P ERA, T 700, and
TCW were the most frequent (50 sites) variables. RH 500
was the least frequently (17 sites) applied by LASSO. P ERA
and U 10 were the most frequent (more than 45 sites)
variables in Stepwise. T 500 was the least frequent variable.
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Table 3: Comparison of ERA-Interim forecast daily precipitation with observations at 50 meteorological stations from 1983 to 2010. CR,
RMSE, and MAE in mm are listed. The elevations of sites are different with ERA-Interim grid heights, so the altitude differences (Δℎ, ERAInterim grid height minus elevation) are also labeled.
Site
COV
WFJ
SAE
GSB
GUE
PIL
MLS
SAM
DOL
CIM
SBE
ZER
CHA
DAV
MVE
NAP
ULR
SCU
FRE
DIS
ROB
ENG
CDF
PIO
STG
VIS
RUE
FAH
INT
CHU
SMA
BER
TAE
GLA
PAY
WAE
NEU
SIO
VAD
PUY
CGI
LUZ
REH
GUT
SHA
ALT
KLO
WYN
GVE
AIG
Average

CR
0.76
0.79
0.84
0.83
0.79
0.82
0.79
0.68
0.86
0.76
0.74
0.74
0.80
0.76
0.75
0.82
0.75
0.69
0.82
0.75
0.77
0.81
0.84
0.72
0.81
0.68
0.79
0.81
0.79
0.72
0.80
0.78
0.80
0.80
0.77
0.81
0.77
0.69
0.76
0.80
0.79
0.78
0.79
0.77
0.78
0.77
0.78
0.79
0.78
0.79
0.78

RMSE
4.66
5.83
11.13
10.86
6.96
9.18
5.40
4.84
6.04
8.97
9.16
5.33
5.23
5.10
5.52
5.70
6.33
4.98
5.08
6.12
5.46
5.91
4.87
8.17
5.48
5.66
4.62
4.40
5.24
5.19
4.85
5.07
4.91
5.55
5.45
5.55
5.08
5.18
5.11
5.76
4.99
5.46
4.73
5.01
4.47
5.32
4.83
4.71
5.13
4.82
5.79

MAE
2.37
2.93
5.19
4.59
3.30
3.97
2.73
2.62
2.76
3.45
3.91
2.64
2.56
2.69
2.75
2.79
3.14
2.74
2.46
3.05
2.50
3.01
2.33
3.58
2.74
2.98
2.38
2.22
2.70
2.81
2.44
2.59
2.55
2.87
2.84
2.71
2.59
2.80
2.69
2.79
2.56
2.79
2.42
2.66
2.33
2.74
2.49
2.37
2.61
2.44
2.84

Δℎ
−1687
−968
−1348
−979
−855
−952
−781
−48
−971
−380
−107
−86
−930
128
43
−288
90
515
−387
282
316
397
−248
457
252
859
90
−42
748
1112
225
456
358
796
540
526
364
926
769
645
380
700
337
522
224
755
354
405
553
965
100
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Table 4: Comparison of downscaling methods, as well as the original ERA-Interim forecast data in precipitation occurrence in the validation
period 1999–2010.
Site
COV
WFJ
SAE
GSB
GUE
PIL
MLS
SAM
DOL
CIM
SBE
ZER
CHA
DAV
MVE
NAP
ULR
SCU
FRE
DIS
ROB
ENG
CDF
PIO
STG
VIS
RUE
FAH
INT
CHU
SMA
BER
TAE
GLA
PAY
WAE
NEU
SIO
VAD
PUY
CGI
LUZ
REH
GUT
SHA
ALT
KLO
WYN
GVE
AIG
Average

ERA
0.76
0.78
0.83
0.83
0.78
0.81
0.76
0.68
0.86
0.77
0.74
0.74
0.80
0.75
0.74
0.81
0.75
0.69
0.82
0.75
0.76
0.80
0.84
0.71
0.81
0.68
0.78
0.81
0.79
0.71
0.80
0.77
0.80
0.79
0.76
0.81
0.77
0.69
0.76
0.79
0.78
0.77
0.79
0.78
0.78
0.77
0.79
0.79
0.78
0.78
0.77

LOCI
0.85
0.82
0.84
0.83
0.81
0.84
0.83
0.86
0.88
0.85
0.83
0.84
0.85
0.84
0.83
0.85
0.84
0.86
0.87
0.84
0.84
0.82
0.86
0.84
0.85
0.85
0.85
0.86
0.85
0.84
0.86
0.86
0.86
0.84
0.86
0.85
0.87
0.87
0.86
0.87
0.88
0.84
0.85
0.84
0.85
0.84
0.85
0.86
0.88
0.86
0.85

CR
QM
0.84
0.82
0.84
0.82
0.82
0.84
0.83
0.85
0.88
0.84
0.82
0.84
0.85
0.84
0.83
0.85
0.83
0.86
0.87
0.84
0.83
0.82
0.87
0.83
0.84
0.85
0.84
0.86
0.85
0.83
0.86
0.86
0.86
0.84
0.85
0.85
0.86
0.87
0.85
0.86
0.88
0.84
0.85
0.84
0.85
0.84
0.85
0.86
0.87
0.86
0.85

Stepwise
0.82
0.85
0.84
0.85
0.83
0.83
0.84
0.84
0.86
0.87
0.86
0.84
0.83
0.85
0.85
0.84
0.84
0.85
0.85
0.83
0.86
0.84
0.85
0.87
0.84
0.85
0.83
0.85
0.85
0.84
0.83
0.85
0.85
0.86
0.85
0.84
0.85
0.87
0.85
0.86
0.87
0.84
0.83
0.84
0.83
0.84
0.84
0.85
0.86
0.87
0.85

LASSO
0.82
0.85
0.84
0.85
0.83
0.83
0.84
0.84
0.85
0.87
0.86
0.84
0.83
0.84
0.85
0.84
0.84
0.85
0.85
0.83
0.86
0.84
0.85
0.87
0.84
0.85
0.83
0.85
0.85
0.84
0.83
0.85
0.85
0.86
0.85
0.85
0.85
0.88
0.85
0.86
0.87
0.84
0.84
0.84
0.83
0.84
0.84
0.85
0.86
0.86
0.85
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Figure 4: Selected variables in Stepwise and LASSO for dry/wet days classification.

For the individual sites, station INT selected least variables
(12 variables) while station COV, CHA, and CGI chose the
most variables (20 variables) in LASSO. Stepwise selected 16
variables at stations GSB, CHA, FAH, and SMA, while it only
applied 9 variables at stations SAM and PIO. LASSO applied
more variables compared with Stepwise for the majority
of stations (49 stations). Although, different variables are
applied by the two methods, the performances of dry/wet
days classification were similar.
4.3. Evaluation of Downscaling Methods in Precipitation
Amount. The overall performance of four downscaling
methods, as well as the ERA-Interim original data in precipitation amount conditional on the occurrence of a wet day for
the validation period 1999–2010, is summarized in Table 5.
On the average, Stepwise and LASSO performed similarly in
RMSE and MAE, which were much smaller than LOCI and
QM. The reduction of error of Stepwise was 12.2% of RMSE
and 15.7% of MAE, respectively. LASSO was slightly better
than Stepwise in MAE (16.3%) and it had the same error
reduction with Stepwise in RMSE (12.2%), whereas LOCI and
QM were the worst methods. The reduction of RMSE was
only 3.5% and 0.9% for LOCI and QM, respectively. In total,
LOCI and QM did not reduce RMSE at 13 stations such as
station WFJ. QM was the worst method at 24 stations while
LOCI performed the worst in RMSE at stations ENG and
CDF. LASSO outperformed the other methods at 9 stations.
Stepwise reduced the most RMSE at 40 stations compared
with other three methods. However, the four downscaling
methods failed to reduce the errors at station CHA. In
terms of MAE, LOCI outperformed the other methods at 26
stations. LASSO reduced the most MAE at 22 stations. QM
method was not able to reduce MAE at 5 stations. It could be
concluded that LOCI and QM method are not always suitable
for local stations. It has to be noted that the four downscaling
methods did not work for MAE reduction at station DOL,

which has a large elevation difference of 971 m against ERAInterim grid height.
Taking station WFJ as an example, Figures 5 and 6
illustrate the downscaled daily precipitation for the four
downscaling methods, as well as the original ERA-Interim
data in January and July, respectively, for the validation
period 1999–2010. In general, four downscaling methods
capture the tendency of the daily precipitation in January
and July. However, LOCI and QM are generally inclined to
misidentify the heavy precipitation events, in particular in
January 2008 and July 2003. Stepwise and LASSO underestimated heavy precipitation events compared with LOCI and
QM.
Figure 7 illustrates the comparison of observations with
downscaled annual precipitation for the four methods, as well
as the original ERA-Interim data in the validation period
1999–2010. LASSO and Stepwise predicted the annual precipitation best. In general, LOCI and QM modeled drier results,
with mean value of −7.7% and −5.0%, respectively. 31 out of
50 sites were underestimated by LASSO with the range from
−19% (station KLO) to −0.1% (station RUE) while 19 sites
were overestimated by 0.2% (station SCU) to 31.6% (station
MLS). The majority of sites were underestimated by LOCI
(48 out of 50 sites) and QM (40 out of 50 sites) while 30 of 50
sites were underestimated by Stepwise. Figure 8 compares the
averaged sum of daily precipitation for each month between
observations and the four downscaling methods, as well as
the original ERA-Interim data in the validation period 1999–
2010. It is easy to find that LASSO and Stepwise predicted
more precipitation in the whole year than LOCI and QM
with exception of August and November. LASSO reproduced
best monthly precipitation for February, March, April, and
November. Stepwise was the best method for May, June,
July, and October. QM performed best in January, August,
and September. LOCI outperformed the other methods in
December.
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Table 5: Comparison of observations with downscaled daily precipitation for the four downscaling methods, as well as the original ERAInterim data in precipitation amount (mm) on wet days for the validation period 1999–2010.
Site
COV
WFJ
SAE
GSB
GUE
PIL
MLS
SAM
DOL
CIM
SBE
ZER
CHA
DAV
MVE
NAP
ULR
SCU
FRE
DIS
ROB
ENG
CDF
PIO
STG
VIS
RUE
FAH
INT
CHU
SMA
BER
TAE
GLA
PAY
WAE
NEU
SIO
VAD
PUY
CGI
LUZ
REH
GUT
SHA
ALT
KLO
WYN
GVE
AIG
Average

ERA
4.53
6.12
11.89
11.20
6.50
10.42
5.85
4.73
5.71
8.79
9.27
5.10
5.50
5.18
5.32
6.15
6.23
4.93
5.15
5.97
5.72
6.16
5.01
7.88
5.67
5.49
4.62
4.67
5.21
5.19
4.86
5.14
4.74
5.60
5.30
5.50
5.00
4.98
5.26
5.58
4.95
5.40
4.91
4.84
4.36
5.47
4.90
4.87
5.13
4.69
5.83

LOCI
4.14
6.29
11.09
10.59
6.38
10.04
5.28
3.90
5.92
9.46
9.08
4.16
5.61
4.82
4.86
6.47
5.92
3.72
5.43
5.33
6.14
6.64
5.44
7.72
5.81
4.12
4.57
4.69
5.30
4.48
4.95
5.16
4.80
6.02
4.51
5.96
4.85
3.52
4.61
5.57
4.50
5.48
4.82
4.34
4.25
5.47
4.83
5.23
4.72
4.55
5.63

RMSE
QM
4.31
6.45
11.26
10.65
6.79
9.90
5.65
4.05
6.02
9.56
9.91
4.50
5.77
4.89
4.97
6.50
6.21
3.98
5.56
5.49
6.24
6.41
5.44
7.98
5.92
4.53
4.68
4.78
5.34
4.82
5.14
5.23
4.97
6.05
4.60
6.05
4.90
3.65
4.83
5.76
4.69
5.52
4.88
4.56
4.34
5.57
4.97
5.31
4.90
4.65
5.78

Stepwise
3.87
5.47
9.74
9.18
5.85
9.57
4.67
3.60
5.40
8.09
7.51
3.65
5.52
4.44
4.21
6.10
5.68
3.55
4.91
5.29
5.09
5.79
4.89
6.76
5.55
3.75
4.15
4.44
4.82
4.20
4.71
4.68
4.51
5.29
3.96
5.40
4.34
3.09
4.38
5.06
4.14
5.21
4.54
3.96
3.90
5.23
4.62
4.60
4.53
4.02
5.12

LASSO
3.87
5.46
9.75
9.18
5.85
9.56
4.66
3.60
5.39
8.09
7.50
3.65
5.52
4.45
4.21
6.10
5.71
3.55
4.91
5.29
5.08
5.79
4.89
6.77
5.53
3.75
4.15
4.45
4.81
4.21
4.72
4.68
4.51
5.29
3.97
5.40
4.34
3.08
4.38
5.06
4.15
5.21
4.55
3.97
3.90
5.23
4.63
4.60
4.53
4.02
5.12

ERA
2.33
3.03
5.56
4.61
3.16
4.30
3.02
2.58
2.63
3.48
3.98
2.55
2.62
2.72
2.72
2.97
3.11
2.72
2.46
3.00
2.66
3.13
2.34
3.54
2.76
2.92
2.40
2.28
2.71
2.80
2.44
2.64
2.54
2.87
2.83
2.74
2.60
2.74
2.72
2.76
2.55
2.81
2.46
2.60
2.31
2.80
2.51
2.46
2.61
2.43
2.87

LOCI
1.76
2.89
5.49
4.72
2.84
4.21
2.41
1.46
2.64
3.46
3.76
1.61
2.47
2.11
2.08
2.98
2.52
1.46
2.30
2.18
2.40
3.17
2.37
2.99
2.54
1.52
1.98
1.99
2.33
1.88
2.17
2.15
2.24
2.80
1.86
2.67
1.95
1.37
1.87
2.28
1.83
2.45
2.04
1.91
1.85
2.39
2.07
2.21
1.87
1.91
2.41

MAE
QM
1.83
2.95
5.58
4.78
2.91
4.18
2.50
1.54
2.70
3.52
3.98
1.65
2.52
2.15
2.11
3.00
2.60
1.54
2.34
2.20
2.47
3.10
2.40
3.09
2.58
1.60
2.03
2.04
2.35
1.96
2.23
2.20
2.30
2.82
1.92
2.71
2.00
1.43
1.94
2.36
1.90
2.48
2.07
1.98
1.88
2.44
2.11
2.24
1.96
1.97
2.46

Stepwise
1.80
2.71
5.01
4.49
2.95
4.23
2.37
1.55
2.72
3.52
3.52
1.64
2.60
2.09
2.14
2.95
2.70
1.57
2.26
2.37
2.37
2.93
2.36
3.16
2.60
1.62
2.00
2.05
2.33
1.91
2.18
2.18
2.28
2.65
1.90
2.67
1.97
1.48
1.91
2.44
1.86
2.55
2.04
1.91
1.83
2.40
2.07
2.19
1.93
1.99
2.42

LASSO
1.78
2.68
5.01
4.48
2.94
4.20
2.34
1.53
2.70
3.52
3.51
1.62
2.58
2.07
2.13
2.94
2.69
1.54
2.25
2.36
2.36
2.90
2.33
3.16
2.57
1.61
1.98
2.02
2.32
1.90
2.16
2.16
2.26
2.64
1.88
2.64
1.94
1.46
1.90
2.43
1.85
2.52
2.03
1.89
1.80
2.37
2.05
2.17
1.93
1.97
2.40
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Figure 5: Comparison of observations with downscaled daily precipitation for the four downscaling methods, as well as the original ERAInterim data in January at station WFJ during the validation period 1999–2010

Figure 9 shows the used variables in Stepwise and LASSO
for precipitation amount prediction on wet days. LASSO
again selected more variables than Stepwise. For LASSO,
P ERA, H 850, H 700, H 500, T 850, and MSLP were
applied at all 50 sites. SH 500 was applied at 25 sites. P ERA
was the sole variable used by all test sites by Stepwise. SH 850
and U 10 were the second most frequent (34 sites) variables.
RH 700 and RH 500 were the least frequent variables (10
sites) by Stepwise. For the individual sites, station VAD used
the least variables (11 variables) while 19 stations selected
all 20 variables in LASSO. Station SBE applied the most
variables (16 out of 20 vairables) while station WYN only
applied 4 variables in Stepwise.

5. Discussion and Conclusion
The comparison between ERA-Interim and observations
showed that ERA-Interim has a large error (5.79 mm of RMSE
and 2.84 mm of MAE) in the central Alps (Table 3). Thus,
there is a great need for the correction and downscaling of
ERA-Interim data. This study compared four downscaling
methods, LOCI, QM, Stepwise, and LASSO, for downscaling
of ERA-Interim daily precipitation data in the central Alps.
As a frequent input variable for hydrological models,
daily precipitation is always corrected or downscaled due
to the limits of rain gauges. In the previous studies (e.g.,
[57, 63]), LOCI and QM methods have been widely used for
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Figure 6: Comparison of observations with downscaled daily precipitation for the four downscaling methods, as well as the original ERAInterim data in July at station WFJ during the validation period 1999–2010.

the bias correction with the advantages of maintaining the
variation and distribution of historical data. Although LOCI
and QM captured the best estimation of daily precipitation
occurrence, the reduction of error is not significant by these
two methods and even worse than the original ERA-Interim
data for 13 out of 50 sites. It demonstrates that straightforward
methods are not always suitable for downscaling local observations in complex terrain.
LASSO algorithm simulated the occurrence of daily
precipitation as well as LOCI, QM, and Stepwise; it captured
the occurrence for all test sites generally. Compared to
the other three downscaling methods, it reduced the most
amount error to 16.3% of MAE and 12.2% RMSE. LASSO

also predicted the best annual and monthly precipitation.
Although the LASSO algorithm has been developed for more
than 15 years by statistician, the application in geosciences is
still at the early-stage (e.g., [70]). A main practical challenge
in applying LASSO for precipitation downscaling is that
precipitation in heterogeneous terrain is such a complex
process which tends to use more variables and to overestimate
observations. It has shown that LASSO tends to use more
variables than Stepwise. To avoid the overfitting problem, the
penalty (or regularization) parameter 𝜆 plays a key role. The
cross-validation and hundreds of runs are necessary to find
an appropriate penalty parameter. Therefore, LASSO is a little
bit time-consuming than the other three methods.
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So far, the work presented herein has been limited to
the central Alps with 50 meteorological stations providing
calibration/validation data sets for testing LASSO algorithm.
It would be necessary to extend LASSO method to other
high mountainous areas around the world. Besides, this study
focuses on the local stations at present; it is of special interest
to extend LASSO method for nonstation areas. A limited
number of variables (20 variables in this study) derived from
ERA-Interim data were applied for LASSO; however, it should
also be investigated whether other potential variables such
as vapor pressure can be used in the presented approach.

This study focused on the daily total precipitation. Certainly,
higher temporal resolution data, such as 3-hourly, would be of
great interest in further investigations. Furthermore, applying
other reanalysis data sets based on different land surface
representations could also be valuable for validating LASSO
algorithm.
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H. Tatli, H. N. Dalfes, and Ş. S. Menteş, “A statistical downscaling method for monthly total precipitation over Turkey,”
International Journal of Climatology, vol. 24, no. 2, pp. 161–180,
2004.

15
[36] A. Bardossy, I. Bogardi, and I. Matyasovszky, “Fuzzy rulebased downscaling of precipitation,” Theoretical and Applied
Climatology, vol. 82, no. 1-2, pp. 119–129, 2005.
[37] A. J. Cannon, “Nonlinear analog predictor analysis: A coupled
neural network/analog model for climate downscaling,” Neural
Networks, vol. 20, no. 4, pp. 444–453, 2007.
[38] S. T. Chen, P. S. Yu, and Y. H. Tang, “Statistical downscaling of
daily precipitation using support vector machines and multivariate analysis,” Journal of Hydrology, vol. 385, no. 1–4, pp. 13–
22, 2010.
[39] C. Harpham and R. L. Wilby, “Multi-site downscaling of
heavy daily precipitation occurrence and amounts,” Journal of
Hydrology, vol. 312, no. 1–4, pp. 235–255, 2005.
[40] D. N. Kumar, A. Anandhi, V. V. Srinivas, and R. S. Nanjundiah,
“Downscaling precipitation to river basin in India for IPCC
SRES scenarios using support vector machine,” International
Journal of Climatology, vol. 28, no. 3, pp. 401–420, 2008.
[41] S. Ghosh, “SVM-PGSL coupled approach for statistical downscaling to predict rainfall from GCM output,” Journal of Geophysical Research D: Atmospheres, vol. 115, no. 22, Article ID
D22102, 2010.
[42] M. Hessami, P. Gachon, T. B. M. J. Ouarda, and A. StHilaire, “Automated regression-based statistical downscaling
tool,” Environmental Modelling and Software, vol. 23, no. 6, pp.
813–834, 2008.
[43] J. Schmidli, C. Frei, and C. Schär, “Reconstruction of mesoscale
precipitation fields from sparse observations in complex terrain,” Journal of Climate, vol. 14, no. 15, pp. 3289–3306, 2001.
[44] R. L. Wilby and T. M. L. Wigley, “Precipitation predictors for
downscaling: observed and general circulation model relationships,” International Journal of Climatology, vol. 20, no. 6, pp.
641–661, 2000.
[45] P. Berrisford, D. Dee, K. Fielding et al., The ERA-Interim Archive
(Version 1.0), ERA Report Series, European Centre for Medium
Range Weather Forecasts, Berkshire, UK, 2009.
[46] D. P. Dee, S. M. Uppala, A. J. Simmons et al., “The ERA-Interim
reanalysis: Configuration and performance of the data assimilation system,” Quarterly Journal of the Royal Meteorological
Society, vol. 137, no. 656, pp. 553–597, 2011.
[47] D. P. Dee and S. Uppala, “Variational bias correction of satellite
radiance data in the ERA-Interim reanalysis,” Quarterly Journal
of the Royal Meteorological Society, vol. 135, no. 644, pp. 1830–
1841, 2009.
[48] A. Simmons, S. Uppala, D. Dee et al., “ERA-Interim: new
ECMWF reanalysis products from 1989 onwards,” ECMWF
Newsletter, vol. 110, pp. 25–35, 2006.
[49] D. Dee and S. Uppala, “Variational bias correction in ERAInterim,” ECMWF Technical Memorandum 575, 2008.
[50] S. Uppala, D. Dee, and S. Kobayashi, “Towards a climate data
assimilation system: status updata of ERA-Interim,” ECMWF
Newsletter, vol. 115, pp. 12–18, 2008.
[51] A. J. Simmons, K. M. Willett, P. D. Jones, P. W. Thorne,
and D. P. Dee, “Low-frequency variations in surface atmospheric humidity, temperature, and precipitation: inferences
from reanalyses and monthly gridded observational data sets,”
Journal of Geophysical Research D: Atmospheres, vol. 115, no. 1,
Article ID D01110, 2010.
[52] M. Widmann and C. S. Bretherton, “Validation of mesoscale
precipitation in the NCEP reanalysis using a new gridcell
dataset for the Northwestern United States,” Journal of Climate,
vol. 13, no. 11, pp. 1936–1950, 2000.

16
[53] M. Widmann, C. S. Bretherton, and E. P. Salathé Jr., “Statistical
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Statistical models for preseason prediction of annual Atlantic tropical cyclone (TC) and hurricane counts generally include El
Niño/Southern Oscillation (ENSO) forecasts as a predictor. As a result, the predictions from such models are often contaminated
by the errors in ENSO forecasts. In this study, it is found that the latent heat flux (LHF) over Eastern Tropical Pacific (ETP, defined
as the region 0∘ –5∘ N, 115∘ –125∘ W) in spring is negatively correlated with the annual Atlantic TC and hurricane counts. By using
stepwise backward elimination regression, it is further shown that the March value of ETP LHF is a better predictor than the
spring or summer ENSO index for Atlantic TC counts. Leave-one-out cross validation indicates that the annual Atlantic TC counts
predicted by this ENSO-independent statistical model show a remarkable correlation with the actual TC counts (𝑅 = 0.72; 𝑃 value <
0.01). For Atlantic hurricanes, the predictions using March ETP LHF and summer (July–September) ENSO indices show only minor
differences except in moderate to strong El Niño years. Thus, March ETP LHF is an excellent predictor for seasonal Atlantic TC
prediction and a viable alternative to using ENSO index for Atlantic hurricane prediction.

1. Introduction
Tropical cyclones (TC) are among the most deadly and costly
natural disasters on earth [1]. For instance, according to
official estimates [2], Hurricane Andrew (1992) struck Miami,
Florida, destroyed numerous buildings, and caused more
than $58 billion in damage. Hurricane Katrina (2005) caused
catastrophic inundation, resulting in the loss of over 1600
lives and over $113 billion in damages as well as the destruction of coastal wetlands and barrier islands in Louisiana,
Mississippi, and elsewhere. Most recently, Hurricane Sandy
(2012) caused massive inundation in New Jersey, New York,
and nearby coastal areas, resulting in about $50 billion in
damage and the loss of at least 147 lives [3]. Generally
speaking, millions of lives and trillions of dollar worth of
properties along the Atlantic and Gulf coasts are at risk

to hurricanes each year. Thus, it is important to accurately
predict the threat of hurricanes before the start of the
hurricane season to empower decision makers for informed
disaster prevention and mitigation planning.
However, the accuracy of preseason hurricane prediction
has not been satisfactory. “Seasonal hurricane predictions
can only forecast so much,” proclaimed by a well-established
hurricane expert [4]. “Where have all the hurricanes gone?”
asked Hennen and Patterson [5] regarding the predicted
busy 2013 hurricane season which failed to show up. These
questions from the leading media commentators reflected the
public’s frustration about the inability of the hurricane prediction community to offer reliable and accurate preseason
hurricane predictions.
To identify the sources of the error in preseason hurricane
prediction, it is necessary to understand what variables are
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used as predictors in preseason hurricane prediction models.
Many climatic factors are used in the preseason prediction of
the level of Atlantic tropical cyclone activity of the following
hurricane season. These factors are typically represented by
time series of climatic indices which correlate well with
Atlantic hurricane activity. Emanuel [6, 7] described a hurricane as an environmental heat engine driven by sensible
and latent heating from the ocean, and therefore it is strongly
dependent on sea surface temperature (SST). Goldenberg
et al. [8] showed how the Atlantic multidecadal Oscillation
(AMO), an index based on North Atlantic SST pattern, is
closely linked to the long-term variation of Atlantic hurricane
frequency. Wang et al. [9] found that both the Atlantic warm
pool (an area of SSTs > 28.5∘ C in tropical Atlantic Ocean) and
tropical North Atlantic (TNA; SST anomalies over 6∘ –20∘ N,
60∘ –15∘ W) SSTs correlate with hurricane activity. Knaff [10]
explained that higher tropical Atlantic SSTs result in lower
sea level pressure (SLP), which reduces the vertical wind
shear and moistens the midtropospheric air. The Atlantic
meridional mode (AMM) which is the result of a maximum
covariance analysis of SSTs and the zonal and meridional
winds over the region 21∘ S–32∘ N, 74∘ W–15∘ E also affects
Atlantic hurricane activity [11]. This coupled mode may offer
more insight into the environmental conditions affecting
hurricane development than SST pattern alone [12]. The
AMO can trigger the AMM on decadal time scales. AMM
may also result in the linkage between AMO and hurricane
activity [13]. The North Atlantic Oscillation (NAO) is a
measure of the difference between the Atlantic subtropical
high and the Icelandic low. It may also influence hurricane
activity and tracks [14].
Although many climatic indices in the Atlantic region
are found to correlate well with seasonal Atlantic hurricane
activities, none of them are more widely accepted and used
for hurricane prediction than the index of El Niño-Southern
Oscillation (ENSO). ENSO describes the abnormal warming
(cooling) of SST in the Eastern Tropical Pacific (ETP) known
as El Niño (La Niña) and the corresponding pressure changes.
During El Niño, convection over the ETP is enhanced. This,
in turn, leads to westerly upper-tropospheric wind anomalies
over the Atlantic. Since the climatological winds in the tropical upper troposphere over the Atlantic are mostly westerly,
El Niño-induced upper-tropospheric wind anomalies can
increase the vertical wind shear (VWS; [15]). VWS over the
main development region (MDR) between 10∘ and 20∘ N from
Africa to the Americas can significantly reduce hurricane
activity [16]. Gray [15] found a significant difference between
the number of hurricane days during El Niño (10.9 days
per year) and non-El Niño years (23.2 days per year). He
also analyzed the influence of the equatorial Quasibiennial
Oscillation (QBO) on Atlantic hurricane activity and found
strong correlation between them. Bove et al. [17] indicated
that the probability of two or more hurricanes making
landfall along the U.S. coast is 66% during La Niña years,
48% during Niño-neutral years, and only 28% during El Niño
years. Smith et al. [18] further confirmed these differences
in Atlantic hurricane activity between ENSO cold and warm
years.
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Various forms of climatic indices measuring the strength
of ENSO have been used as one of the most important
predictors in statistical models for the prediction of the
seasonal activity of Atlantic hurricanes [14, 15, 19]. However,
since the correlation between ENSO and Atlantic hurricane
activity does not become significant until July, a major limitation and source of uncertainty in these models are the dependence of the Atlantic hurricane prediction on the prediction
of summertime ENSO indices which often contain large
uncertainty of their own [20, 21]. Xie et al. [22] illustrated the
wide spread of Atlantic hurricane forecasts as a function of
July-August-September (JAS) ENSO index. Since JAS ENSO
index is not available at the time of making preseason hurricane forecasts, predicted values of the index are generally
used. Because of the sensitivity of Atlantic hurricane forecasts
to ENSO index, error in ENSO forecast inevitably translates
into error in the Atlantic hurricane forecasts. Thus, in order
to reduce the error of seasonal hurricane prediction, it is
necessary to develop a seasonal hurricane prediction model
which is independent of the preseason ENSO forecasts. In
this study, we will analyze the feasibility of using preseason
(spring) air-sea latent heat fluxes in the tropical Pacific Ocean
to replace the JAS ENSO index to predict the number of
TCs and hurricanes which will develop in the Atlantic each
year.

2. Data and Methods
2.1. Data. Since the goal is to forecast the number of TCs
and hurricanes that form in the Atlantic in each hurricane
season, we first need to obtain the annual TC and hurricane
counts for the Atlantic basin. The historical TC counts
were obtained by manually counting them based on the
National Hurricane Center (NHC) HURDAT best track data
map available at http://www.nhc.noaa.gov/pastall.shtml, as
well as the Re-Analysis project: http://www.aoml.noaa.gov/
hrd/hurdat/DataByYearandStorm.htm. To train our model,
we use past storm counts from the more reliable 1960 to 2011
period. The climatic indices utilized in this study as candidate
predictors for the prediction of the TC and hurricane counts
for an upcoming hurricane season are almost the same as
those used in Keith and Xie [19]. Besides, the QBO index and
the ETP LHF are also included as candidate predictors in this
study.
The AMM index is the result of a maximum covariance
analysis of SSTs and the zonal and meridional winds over
the region 21∘ S–32∘ N, 74∘ W–15∘ E. AMO is an index based on
North Atlantic SSTs. TNA is the anomaly of the average of
the monthly SST from 5.5∘ N to 23.5∘ N and 15∘ W to 57.5∘ W.
TSA is the anomaly of the average of the monthly SST from 0
to 20∘ S and 10∘ E to 30∘ W. WHWP is the monthly anomaly of
the ocean surface area warmer than 28.5∘ C in the Atlantic and
eastern North Pacific. NAO consists of a north-south dipole
of anomalies, which has one center located over Greenland
and the other center with opposite sign spanning the central
latitudes of the North Atlantic between 35∘ N and 40∘ N. QBO
is calculated from the zonal average of the 30 mb zonal wind
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at the equator as computed from the NCEP/NCAR reanalysis. These climate indices are obtained from http://www.esrl
.noaa.gov/psd/data/climateindices/list/.
NINO12 is the SST anomalies in the Niño1+2 region,
which is used in this study to represent ENSO impacts.
The NINO12 index is obtained from http://www.cpc.ncep
.noaa.gov/data/indices/sstoi.indices. NINO12 values for the
JAS average during the hurricane season were usually used
in building a statistical model. However, the forecast values
for NINO12 obtained from global forecast systems (e.g.,
the National Center for Environmental Prediction’s Coupled
Forecast System model) are generally used for forecasts of the
upcoming hurricane season.
The surface latent heat flux derived from the NCEP/
NCAR reanalysis data is used to compute their correlations
with annual Atlantic TC and hurricane counts. The latent
heat flux (LHF) values over ETP were extracted from the
NCEP/NCAR reanalysis and averaged for each month of the
year from 1960 to 2011 to be another candidate predictor.
2.2. Methods
2.2.1. Multivariate Linear Regression. Our goal is to estimate
the expected number of TCs and hurricanes to form in the
Atlantic Ocean, represented by 𝜆. Forecasts are made for
Atlantic TC and hurricane counts, respectively. We use the
statistical model of linear regression, which assumes the 𝜆
to be linearly related to the selected climatic indices. We
chose which months to include for the indices following the
research of Keith and Xie [19]. Once the months for each
index are selected, the monthly averages of the values of the
index are calculated each year to create a single monthly
time series to represent the index. Before implementing
the regression we examine the correlations between the
climate indices. All values, except TSA and NINO12, show
strong correlation to each other. To alleviate this issue, we
perform a stepwise backward elimination regression (SBER)
to eliminate less significant and redundant predictors. The
linear regression model can be expressed as
𝜆 𝑖 = 𝛽0 + 𝛽1 𝑥𝑖1 + 𝛽2 𝑥𝑖2 + ⋅ ⋅ ⋅ + 𝛽𝑝 𝑥𝑖𝑝 + 𝜀𝑖
for 𝑖 = 1, 2, . . . , 𝑛,

(1)

where 𝛽0 is the intercept; 𝛽1 , 𝛽2 , and 𝛽3 , and so forth are the
regression coefficients; and 𝜀 is the random error. Using the
data from previous years, the coefficients for the predictors
are estimated using maximum likelihood methods. With
these estimates, we then use the current climate index values
to predict the values of 𝜆 𝑖 .
The best fitted line minimizes the sum of the squares of
deviations from the data points to the line. The least squares
constant for each predictor is calculated using the 𝑅 statistical
software.
2.2.2. The SBER Procedure. There are numerous climate
indices including those described in Section 2.1 being used

as candidate predictors to establish a statistical model for
predicting the number of Atlantic TC and hurricanes to
form in each season. However, not all of the candidate
predictors are independent, and not all of the independent
predictors are of equal importance. Inclusion of redundant
predictors and too many insignificant predictors can often
lead to large model uncertainty [19]. Eight indices were
chosen by Keith and Xie [19] for their hurricane prediction
model. Similarly, Xie et al. [22] narrowed the number of
predictors from 22 to 9 for Atlantic TCs and to 12 for
hurricanes by using LASSO [23]. In this study, we will utilize
the SBER procedure to rank and select the most significant
candidate predictors. The procedure involves starting with
all the 9 candidate predictors described in Section 2.1 and
progressing to removing each predictor with the least significance that minimally affects the correlation coefficient.
This was done repeatedly until the combination of predictors with the highest significance (the lowest 𝑃 value) was
achieved.
2.3. Standardization. Standardization is a process to homogenize the data range for different datasets with large differences
in the range of their values. In this study, a standardized
time series 𝐴 𝑠𝑖 is obtained from the original time series 𝐴
according to
𝐴 𝑠𝑖 =

(𝐴 𝑖 − 𝐴)
𝜎

,

𝑖 = 1, . . . , 𝑛,

(2)

where 𝜎 is the standard deviation of 𝐴 and 𝐴 is the average of
𝐴.
2.4. Leave-One-Out Cross Validation (LOOCV). To validate
the predictive skill of a forecast model, it is necessary to make
sure that the answer for the prediction is not used to train
the model itself in the model development stage. This can be
done by removing the year, for which the model is trying to
predict, from the training dataset (hence the term leave-oneout) used to develop the prediction model. By removing one
year at a time, we can cross validate the forecasts from the
regression models not trained by the values of the forecast
year.

3. Results and Discussions
3.1. Finding a Replacement Predictor for ENSO Index Using
SBER. Since sensible and latent heat flux from the ocean
is the primary source of energy fueling the development of
hurricanes, it is reasonable to explore whether such heat
flux in certain regions of the global ocean can be used as a
predictor for preseason hurricane prediction. Although lots
of climatic variables are commonly used presently in various
hurricane prediction models, air-sea sensible or latent heat
flux was, surprisingly, not one of them. To study whether airsea heat flux in certain parts of the ocean can be useful predictors, we first created correlation maps that show the areas
of significant correlation (𝑃 < 0.05) between the sensible and
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Figure 1: Relationship between the standardized March LHF in
ETP and the standardized annual counts of Atlantic TCs. A negative
correlation between the two is clearly shown.

TC counts

latent heat flux in a particular month over the global ocean
and the annual number of TCs in the North Atlantic Ocean
for the period 1960–2011. In this study, only the application
of latent heat flux (hereafter referred to as LHF), which
is more important than sensible heat flux, is presented to
demonstrate the significance of using heat flux as a predictor.
The correlation coefficients and the corresponding 𝑃 values
between the annual TC (or hurricane) counts and the LHF
at each grid point of the global reanalysis data between 1960
and 2011 are then calculated for each month of the year. A
contour map of the correlation coefficients was plotted for
each month of the year by averaging the LHF in each month
and correlating them with the time series of North Atlantic
TC (or hurricane) counts from 1960 to 2011. By inspecting
the 12 correlation maps for the 12 months of the year, the
most significant regions of correlation are identified. The
ETP region [0∘ –5∘ N, 115∘ –125∘ W] turns out to be a region
with the most evident and persistent negative correlation,
suggesting that an increase in LHF in this region is correlated
with a decrease in annual Atlantic TC (or hurricane) count.
At first, this seems to be consistent with the effect of El
Niño since the region [0∘ –5∘ N, 115∘ –125∘ W] is within the
frequently referenced Niño3.4 region, but it turns out that
the correlation between the LHF in Spring (January–March)
and the El Niño index (either Niño3.4 or Niño1.2 index) in
either Spring or summer (JAS) is insignificant. Furthermore,
significant correlation between the LHF in this region and
Atlantic annual TC (or hurricane) counts begins to occur as
early as January and peaks in March, whereas the correlation
between El Niño indices and Atlantic annual TC or hurricane
counts is insignificant until midsummer after the start of
the Atlantic hurricane season. Thus, the LHF in the ETP
region in spring may be a viable candidate predictor for the
Atlantic TC or hurricane counts in the following hurricane
season.
The monthly averages of the LHF over ETP were then
correlated with the number of North Atlantic TCs and
hurricanes. It is found that March was the month with
the highest correlation, followed by February and January.
Therefore, March LHF values in the selected ETP region
(referred to as the March LHF index hereafter) have the
best potential to be a useful predictor for Atlantic TC and
hurricane counts.
To evaluate whether the March LHF index is one of
the leading predictors for Atlantic TC counts, the SBER
procedure was applied to the March LHF index as well as
other candidate predictors described in Section 2.1. Except
for the ENSO index which uses JAS average, March values
are used for all other predictors so a true prediction can be
made in April. Table 1 depicts the top ranked predictors in
each step, until the minimum 𝑃 value is reached. The results
clearly demonstrate that the LHF is one of the top 3 predictors
for Atlantic TC counts and beats the summer season ENSO
index. Therefore, March LHF can be used to replace the JAS
ENSO index. It is also worth noting that the QBO index
which had been widely used to predict Atlantic TC frequency
failed to reach the top 6 predictors in keeping with the finding
of Camargo and Sobel [24].
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Figure 2: Predicted annual Atlantic TC counts (blue) and corresponding observations (red) from regression model. The two time
series show a strong correlation of 𝑅 = 0.78, 𝑃 value = 3.44 × 10−9 .

3.2. Incorporating March LHF in Atlantic TC Prediction Model.
Using the top 4 predictors, TNA, TSA, LHF, and WHWP,
we can construct an Atlantic TC prediction model without
using the predicted values of ENSO index. Figure 1 shows the
relationship between the LHF and Atlantic TC counts from
1960 to 2011. A negative correlation is clearly seen.
A linear regression model for Atlantic annual TC counts
based on TNA, TSA, WHWP, and LHF can be established for
the period 1960–2011:
TC count = 13.773 + 5.402 × TNA + 4.850 × TSA
− 0.899 × WHWP − 0.061 × LHF.

(3)

Figure 2 shows the predicted TC counts from the regression model and the observed counts. It has an excellent
correlation (𝑅 = 0.78, 𝑃 value = 3.44 ×10−9 ). If we replace the
LHF index with the summer (JAS) ENSO index while keeping
TNA, TSA, and WHWP, the regression degrades slightly to
𝑅 = 0.76, suggesting an advantage of using LHF instead of
the JAS ENSO index even if accurate El Niño forecasts are
available.
3.3. Model Validation Using the LOOCV Method. In order to
assess the skill of the regression model as presented in (3),
the LOOCV method is used. Figure 3 shows the predicted
annual Atlantic TC counts as compared to the actual counts.
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Table 1: The SBER procedure for selecting predictors. The predictor in bold is selected for elimination in each step. The 𝑅2 and 𝑃 value are for
the correlation between the regressed and the observed TC counts after a predictor is eliminated. “∼” presents the list of predictors retained
in the previous step.
Predictors
All 9 predictors
∼ −AMM
∼ −NINO12
∼ −AMO
∼ −NAO
∼ −QBO
∼ −TNA
∼ −TSA
∼ −WHWP
∼ −LHF
∼ −NINO12
∼ −AMO
∼ −NAO
∼ −QBO
∼ −TNA
∼ −TSA
∼ −WHWP
∼ −LHF
∼ −NINO12
∼ −NAO
∼ −QBO
∼ −TNA
∼ −TSA
∼ −WHWP
∼ −LHF
∼ −NINO12
∼ −NAO
∼ −TNA
∼ −TSA
∼ −WHWP
∼ −LHF
∼ −NINO12
∼ −TNA
∼ −TSA
∼ −WHWP
∼ −LHF
∼ −TNA
∼ −TSA
∼ −WHWP
∼ −LHF

𝑅2
0.6322
0.6322
0.6164
0.6322
0.6268
0.6321
0.6221
0.6057
0.5983
0.5857
Predictor removed: AMM
0.6162
0.6322
0.6267
0.6321
0.5606
0.5427
0.5829
0.5851
Predictor removed: AMO
0.6158
0.6266
0.6321
0.4348
0.5371
0.5827
0.5802
Predictor removed: QBO
0.6152
0.6262
0.4346
0.5353
0.5825
0.5757
Predictor removed: NAO
0.6115
0.4121
0.5343
0.5824
0.5606
Predictor removed: NINO12
0.3871
0.4950
0.5665
0.5521
Predictor removed: WHWP
Top 3: TNA, TSA, and LHF

𝑃 value
8.67 × 10−7
2.71 × 10−7
6.21 × 10−7
2.71 × 10−7
3.60 × 10−7
2.71 × 10−7
4.62 × 10−7
1.07 × 10−6
1.54 × 10−6
2.83 × 10−6
1.87 × 10−7
7.79 × 10−8
1.06 × 10−7
7.80 × 10−8
2.95 × 10−7
6.56 × 10−6
1.03 × 10−6
9.19 × 10−7
5.18 × 10−8
2.81 × 10−8
2.05 × 10−8
1.62 × 10−4
2.66 × 10−6
3.00 × 10−7
3.39 × 10−7
1.30 × 10−8
6.83 × 10−9
5.62 × 10−5
8.20 × 10−7
7.87 × 10−8
1.12 × 10−7
3.44 × 10−9
4.05 × 10−5
2.16 × 10−7
1.80 × 10−8
5.74 × 10−8
2.85 × 10−5
3.05 × 10−7
8.33 × 10−9
1.80 × 10−8
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Table 2: Validation of categorical forecasts. In the rows of FST (forecast) and OBS (observation), “+” stands for above average, “−” for below
average, and “𝑛” for years when anomalies of forecast and observation show different signs but the actual difference is within 2 storm counts.
In the CMP (comparison) rows, “1” stands for years anomalies of the forecasts and observations show the same sign, “0” stands for different
signs with a difference greater than 2 counts.
Yr
FST
OBS
CMP
Yr
FST
OBS
CMP
Yr
FST
OBS
CMP
Yr
FST
OBS
CMP

1960
−
−
1
1974
−
−
1
1988
+
+
1
2002
+
+
1

30

1961
𝑛
𝑛
1
1975
−
−
1
1989
𝑛
𝑛
1
2003
+
+
1

1962
−
𝑛
0
1976
−
−
1
1990
+
+
1
2004
+
+
1

1963
−
−
1
1977
−
−
1
1991
−
−
1
2005
+
+
1

1964
+
+
1
1978
𝑛
−
0
1992
−
−
1
2006
−
+
0

1965
−
−
1
1979
−
−
1
1993
−
−
1
2007
+
+
1

1966
𝑛
𝑛
1
1980
𝑛
−
0
1994
−
−
1
2008
+
+
1

1967
−
−
1
1981
𝑛
𝑛
1
1995
+
+
1
2009
−
+
0

Predicted versus observed annual Atlantic TC counts

1969
+
+
1
1983
−
−
1
1997
−
−
1
2011
+
+
1

1970
𝑛
𝑛
1
1984
+
+
1
1998
+
−
0
Rate

1971
+
−
0
1985
𝑛
−
0
1999
+
+
1
%

44/52

85%
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Figure 3: Predicted (red) annual Atlantic TC counts using leaveone-out method and the corresponding observations (blue). The two
time series show a strong correlation (𝑅 = 0.72, 𝑃 value < 0.01).
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Figure 4: Scatter plot of the observed and predicted Atlantic annual
TC counts using the LOOCV method (𝑅 = 0.72, 𝑃 value < 0.01).

It can be seen that the predicted trends follow closely with
those of the observations. Table 2 shows the signs of the
predicted and the observed anomalies of Atlantic TC counts
where (+) stands for above normal, (−) for below normal,
and (𝑛) for near normal (difference within 2 storms of the
normal). Over the past 52 years, there were 8 misses and 44
hits, garnering a success rate of 85%. In the recent 25 years
since 1986, there were only 3 misses, reflecting an impressive
success rate of 88%. In comparison, the success rate in a
similar forecast exercise using a more complex “network
motif-based machine learning tool” obtained a comparable
success rate of 80% [25]. Thus, with the identification of the
spring season LHF as a predictor, even a simple multivariate
linear regression model shows the promise of improving
preseason Atlantic TC prediction. This promise is further
demonstrated by the corresponding scatter plot as shown in

Figure 4. The predicted and the observed annual Atlantic TC
counts garnered an impressive positive correlation of 𝑅 =
0.72.
3.4. Application to Atlantic Hurricane Prediction. The results
from Section 3.3 demonstrate that air-sea latent heat flux in
ETP observed in March can be used to predict the annual
counts of Atlantic TCs in the following hurricane season
(June 1–November 30). This eliminates the need for using the
predicted El Niño/La Niña values in such predictions and
thus reduces the uncertainty in the preseason prediction of
annual counts of Atlantic TCs. Then, the question is whether
the same holds true for the more intense hurricanes without
counting the tropical storms. To answer this question, we will
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Table 3: Same as Table 1 but for Atlantic Hurricanes using March NINO12 as a candidate predictor.
Predictors
All 9 predictors
∼ −AMM
∼ −NINO12
∼ −AMO
∼ −NAO
∼ −QBO
∼ −TNA
∼ −TSA
∼ −WHWP
∼ −LHF
∼ −AMM
∼ −NINO12
∼ −AMO
∼ −QBO
∼ −TNA
∼ −TSA
∼ −WHWP
∼ −LHF
∼ −AMM
∼ −NINO12
∼ −QBO
∼ −TNA
∼ −TSA
∼ −WHWP
∼ −LHF
∼ −AMM
∼ −NINO12
∼ −QBO
∼ −TNA
∼ −TSA
∼ −LHF
∼ −AMM
∼ −QBO
∼ −TNA
∼ −TSA
∼ −LHF
∼ −AMM
∼ −QBO
∼ −TSA
∼ −LHF

𝑅2
0.3764
0.356
0.375
0.3761
0.3762
0.3704
0.372
0.3163
0.3757
0.3678
Predictor removed: NAO
0.356
0.3746
0.3759
0.3696
0.372
0.3161
0.3756
0.3677
Predictor removed: AMO
0.3538
0.3744
0.3692
0.3719
0.3081
0.3752
0.3655
Predictor removed: WHWP
0.3521
0.3743
0.3691
0.3719
0.3079
0.3655
Predictor removed: NINO12
0.344
0.3681
0.3687
0.2949
0.3651
Predictor removal: TNA
0.1905
0.3645
0.2139
0.359
Predictor removed: QBO
Top 3: AMM, TSA, and LHF

𝑃 Value
1.10 × 10−2
9.71 × 10−2
5.84 × 10−3
5.67 × 10−3
5.66 × 10−3
6.63 × 10−3
6.34 × 10−3
2.59 × 10−2
5.73 × 10−3
7.11 × 10−3
4.76 × 10−3
2.80 × 10−3
2.69 × 10−3
3.24 × 10−3
3.01 × 10−3
1.38 × 10−2
2.72 × 10−3
3.41 × 10−3
2.28 × 10−3
1.22 × 10−3
1.43 × 10−3
1.31 × 10−3
8.31 × 10−3
1.18 × 10−3
1.60 × 10−3
9.69 × 10−4
4.72 × 10−4
5.61 × 10−4
5.12 × 10−4
3.71 × 10−3
6.31 × 10−4
4.52 × 10−4
1.99 × 10−4
1.95 × 10−4
2.16 × 10−3
2.21 × 10−4
1.66 × 10−2
6.59 × 10−5
8.61 × 10−3
8.06 × 10−5
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repeat the SBER procedure for hurricanes only. As shown
in Table 3, if we include both LHF and the ENSO index in
March, the ENSO index was eliminated in the 4th step and
failed to enter the top 5 predictors, whereas the LHF index
reached top 3.
It is evident that March LHF is preferred over March
ENSO index (NINO12) as a predictor for seasonal prediction
of Atlantic hurricane counts. This is not surprising since
it is well known that the correlation between ENSO and
Atlantic hurricane counts does not become significant until
midsummer. However, comparing LHF and ENSO indices in
the spring season may not be fair since only summer ENSO
index values are used in existing hurricane prediction models.
Assuming perfect predictions of summer ENSO indices are
available, we can then rerank the predictors including both
March LHF and JAS ENSO indices. The results of the SBER
analysis are shown in Table 4. Not surprisingly, the ENSO
index became a top three predictor, whereas LHF is among
the top 4, eliminated one step before the ENSO index. This
suggests that, if perfect ENSO predictions are available, using
ENSO index as a predictor for Atlantic hurricane counts is
preferred.
The differences between using March LHF and JAS ENSO
indices as predictors are more clearly illustrated by the
cross validations of the forecasts using each of them as a
predictor. Figure 5 shows the comparison between Atlantic
hurricane count predictions using AMM, TSA, and March
LHF (blue line) and using AMM, TSA, and JAS NINO12
(green line). The actual regression equations corresponding
to these predictions are (4) and (5), respectively. The two
predictions are quite similar to their correlation coefficients
with the actual counts being 0.2626 and 0.2674, respectively
(Figure 6). A close examination of Figure 5 reveals that the
main differences between the two predictions are in years
with strong El Niño, notably 1997 (a strong El Niño year)
and 2002 (a moderate El Niño year). In both cases, (4)
overpredicted by a larger margin than (5). This suggests that,
if accurate ENSO forecasts are available, using ENSO index
as a predictor is preferred:
hurricane count = 6.36461 + 0.40795 × AMM
+ 3.59514 × TSA − 0.01018 × LHF,
hurricane count = 5.6204 + 0.4094 × AMM − 0.6402
× NINO12 + 3.4495 × TSA.

(4)

(5)

4. Conclusions
In this study, we found that the latent heat flux in ETP within
the area of (0∘ –5∘ N, 115∘ –125∘ W) during spring is negatively
correlated with the annual count of Atlantic TCs. Through
a SBER procedure, the March value of ETP LHF passes the
significance test procedure and reaches the list of the top 3
predictors. Surprisingly yet fortunately, both the spring value
and the summer value of the ENSO (NINO12) index fail
to reach the top 4 predictor list. Therefore, we recommend
the use of the March ETP LHF to replace the troublesome
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Figure 5: LOOCV of Atlantic hurricane prediction with (green)
and without (blue) ENSO as a predictor. Without ENSO, the
three predictors are AMM, TSA, and LHF; With ENSO, the three
predictors are AMM, TSA, and NINO12.

forecast value of summer ENSO index in the development
of statistical models for predicting the seasonal counts of
Atlantic TCs. Using the top 4 predictors selected by the
SBER procedure, a multivariate linear regression model is
developed for preseason (April) prediction of Atlantic TC
counts without the use of the ENSO index. The LOOCV
method using the top 4 predictors and actual Atlantic TC
counts from 1960 to 2011 showed a remarkable correlation
between the predicted TC counts and the actual TC counts
(𝑅 = 0.72; 𝑃 value < 0.01). The forecast also correctly
placed 85% of the years in the proper category of Atlantic
TC activity, namely, above, below, or near (within a difference
of two storms between the predicted TC anomaly and the
actual anomaly if they are of different signs) normal. This
percentage of success rate is substantially higher than that
for models using predicted El Niño/La Niña index as a
predictor.
The utility of March ETP LHF for predicting annual
Atlantic hurricane counts is somewhat different than for the
TCs. The results show that, if perfect ENSO predictions are
available prior to issuing the hurricane forecast, JAS ENSO
index such as NINO12 is a slightly more effective predictor
than March ETP LHF during El Niño years. However, during
ENSO-neutral or La Niña years, the differences between
using March ETP LHF and JAS NINO12 indices are minor.
Thus, unless reliable ENSO forecasts are available at the time
of issuing the preseason Atlantic hurricane prediction and
such forecasts indicate that an El Niño event is to develop
during the hurricane season, the use of March LHF remains
a better choice than using JAS ENSO forecasts.
The results presented here are limited to the analysis of
the value of using the latent heat flux over ETP in March
as a potential predictor for preseason prediction of Atlantic
annual TC and hurricane counts. Does sensible heat flux over
other regions of the global ocean or land affect the variation
of Atlantic annual TCs, hurricanes, or major hurricanes? How
does latent heat flux affect Atlantic TC and hurricane activity?
Does air-sea heat flux affect hurricane tracks? These questions
warrant further study in the future.
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Table 4: Same as Table 3 but using JAS NINO12 as a predictor.
Predictors
All 9 predictors
∼ −AMM
∼ −NINO12
∼ −AMO
∼ −NAO
∼ −QBO
∼ −TNA
∼ −TSA
∼ −WHWP
∼ −LHF
∼ −AMM
∼ −NINO12
∼ −AMO
∼ −QBO
∼ −TNA
∼ −TSA
∼ −WHWP
∼ −LHF
∼ −AMM
∼ −NINO12
∼ −AMO
∼ −QBO
∼ −TNA
∼ −TSA
∼ −LHF
∼ −AMM
∼ −NINO12
∼ −QBO
∼ −TNA
∼ −TSA
∼ −LHF
∼ −AMM
∼ −NINO12
∼ −QBO
∼ −TSA
∼ −LHF
∼ −AMM
∼ −NINO12
∼ −TSA
∼ −LHF

𝑅2
0.4095
0.3949
0.375
0.4067
0.4094
0.4006
0.4064
0.369
0.4092
0.4005
Predictor removed: NAO
0.3945
0.3746
0.4067
0.4005
0.4061
0.3689
0.4092
0.4002
Predictor removed: WHWP
0.3849
0.3745
0.4066
0.3997
0.4027
0.3596
0.3991
Predictor removed: AMO
0.3795
0.3743
0.3973
0.4017
0.347
0.3921
Predictor removed: TNA
0.2406
0.3687
0.3946
0.2951
0.3865
Predictor removed: QBO
0.224
0.3645
0.2695
0.384
Predictor removed: LHF
Top 3: NINO12, AMM, and TSA

𝑃 Value
4.55 × 10−3
3.34 × 10−3
5.84 × 10−3
2.36 × 10−3
2.18 × 10−3
2.83 × 10−3
2.39 × 10−3
6.87 × 10−3
2.20 × 10−3
2.84 × 10−3
1.54 × 10−3
2.80 × 10−3
1.05 × 10−3
1.28 × 10−3
1.07 × 10−3
3.30 × 10−3
9.72 × 10−4
1.29 × 10−3
8.70 × 10−4
1.21 × 10−3
4.28 × 10−4
5.38 × 10−4
4.87 × 10−4
1.91 × 10−3
5.50 × 10−4
3.97 × 10−4
4.72 × 10−4
2.16 × 10−4
1.85 × 10−4
1.14 × 10−3
2.59 × 10−4
1.03 × 10−2
1.95 × 10−4
7.76 × 10−5
2.14 × 10−3
1.04 × 10−4
6.44 × 10−3
6.59 × 10−5
1.64 × 10−3
3.20 × 10−5
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Figure 6: Scatter plot of LOOCV predicted and observed actual counts of Atlantic hurricanes. (a) Using AMM, TSA, and LHF as predictors;
and (b) using AMM, TSA, and NINO12 as predictors.
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Extreme precipitation is likely to be one of the most severe meteorological disasters in China; however, studies on the physical factors
affecting precipitation extremes and corresponding prediction models are not accurately available. From a new point of view, the
sensible heat flux (SHF) and latent heat flux (LHF), which have significant impacts on summer extreme rainfall in Yangtze River
basin (YRB), have been quantified and then selections of the impact factors are conducted. Firstly, a regional extreme precipitation
index was applied to determine Regions of Significant Correlation (RSC) by analyzing spatial distribution of correlation coefficients
between this index and SHF, LHF, and sea surface temperature (SST) on global ocean scale; then the time series of SHF, LHF, and SST
in RSCs during 1967–2010 were selected. Furthermore, other factors that significantly affect variations in precipitation extremes over
YRB were also selected. The methods of multiple stepwise regression and leave-one-out cross-validation (LOOCV) were utilized to
analyze and test influencing factors and statistical prediction model. The correlation coefficient between observed regional extreme
index and model simulation result is 0.85, with significant level at 99%. This suggested that the forecast skill was acceptable although
many aspects of the prediction model should be improved.

1. Introduction
Temporal and spatial variations in extreme precipitation
events often result in serious impacts on human society
and ecological environment. And higher frequency of these
extremes poses vast catastrophic consequences, including
floods, landslides, and urban waterlog (e.g., [1, 2]). In recent
years numerous disastrous floods have been documented
worldwide, for example, the intense flash flooding occurred
in Minnesota, Wisconsin, in the United States, in June,
2012 [3], and the extreme rainfall in Beijing, China, in July,
2012 [4]; all those events have caused devastating social
impacts. Moreover, in the context of global climate change,
previous studies have suggested that many regions over the
world would experience more frequent extreme precipitation
with the enhancement of anthropogenic greenhouse gas

and aerosol emissions (e.g., [5–8]). Therefore, projection of
seasonal variations in precipitation extremes on local and
regional scale is overwhelmingly important for reducing
casualties and property losses as well as water resource
management.
However, the two major current methods, for dynamical
model and statistics, show low operational skills for forecasting local extreme precipitation. On the basis of dynamical
prediction systems, general and regional circulation models
(GCMs and RCMs) are useful to reproduce large-scale
circulation, whereas they cannot very well characterize heavy
rainfall features within 50 km, because local extreme precipitation is strongly influenced by land-air contrasts or topography, which are not well represented by coarse resolution
models (e.g., [9, 10]). Another commonly used prediction
method, statistical downscaling, is to establish an empirical
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relationship between GCM-based quantitative predictions on
large-scale and local climatic variable (e.g., [11, 12]). Therefore, the prediction results by using statistical downscaling
methodology are based on the output of climatic model to
some extent, which also cannot capture accurate changes
of extreme precipitation in the future. Consequently, the
multiple regression, being applied to forecast regional heavy
rainfall by utilizing historical rain gauge station dataset, has
drawn more and more attention in recent decades.
In China, Fan et al. [13] forecasted the summer mean
precipitation in the midlower reaches of Yangtze River basin
(YRB) using regression model based on observed dataset
and suggested that the statistical forecasting model had the
prediction scores as 60%–70%. Nevertheless, it should be
noted that the trends of seasonal mean rainfall were not
always consistent with the ones for extreme precipitation in
many regions. For instance, Alexander et al. [6] analyzed the
global variations in extreme precipitation events based on
large-scale observations and reported that there were indications for increases in frequency and intensity of precipitation
extremes even in the regions where mean rainfall decreased
in midlatitudes of the Northern Hemisphere. For this reason,
prediction of extreme precipitation in YRB is necessary and
practical considering complex climatic conditions and dense
population as well as rapid development of economy within
the region. However, previous studies were not available
for forecasting extreme precipitation in YRB based on the
statistical model using observed dataset; this is the motivation
for us to conduct the present research to establish statistical
prediction model with respect to extreme precipitation in
YRB.

2. Data and Methodology
2.1. Study Area and Data. The Yangtze River is located
between 91∘ E–122∘ E and 25∘ N–35∘ N with a total drainage
area of 1,808,500 km2 (Figure 1). Originating from QinghaiTibet Plateau in southwest China, the Yangtze River flows
into East China Sea in Shanghai. This is the longest river in
China and the third longest river over the world. The YRB
exhibits distinct changes of precipitation and is vulnerable to
climate change (e.g., [14, 15]). Frequent floods have occurred
in history, leading to substantial losses in economy and lives
in YRB. For example, the disastrous floods in 1998 triggered
a death toll of around 3000 lives and direct economic losses
of more than 250 billion Yuan RMB (40 billion US dollars)
[16]. Meanwhile, previous investigations and studies (e.g.,
[17, 18]) suggested that the majority of flood hazards in YRB
were directly due to above-normal rainfall that occurred
in summer (June–August), owing to the impacts of the
East Asian summer monsoon (EASM). Therefore, summer
extreme precipitation events in YRB are considered in the
present study to analyze their correlations with multiphysical
factors. The extreme precipitation is defined to be that summer total precipitation when daily rainfall >95th percentile
on the basis of the period 1961–1990 [6].
The observed daily precipitation data from 140 rain gage
stations in YRB during the period 1967–2010 are provided
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by Climate Data Center (CDC) of National Meteorological
Information Center, China Meteorological Administration
(CMA). The quality control procedures have been conducted
by CDC [19]. The daily reanalysis data for SHF, LHF, and
SST are provided by the National Centers for Environmental
Prediction and National Center for Atmospheric Research
(NCEP/NCAR) [20].
2.2. Methodology. In order to combine stations over the
whole basin without inducing a bias toward any station
or other subregional stations, it is inappropriate to average
all station precipitation amount over YRB. The regional
precipitation index proposed by Kraus [21] was adopted in
this study. Firstly, standardization is carried out for summer
precipitation extremes calculated on the basis of extreme
definition (>95% percentile) at every station according to the
following formula:
𝑍=

𝑥−𝜇
,
𝜎

(1)

where 𝜇 is the mean of summer extreme precipitation and 𝜎
is the standard deviation of the time series. All standardized
precipitation extremes over the YRB are then averaged in each
year, producing a regional summer extreme precipitation
index for every year at each station.
Spatial distributions of correlation coefficients between
regional summer extreme precipitation index and SHF, LHF,
and SST are analyzed on the global ocean scale, and the
regions where significance level of the correlation coefficients exceeds 95% are marked by dash areas as shown in
Figure 2. It is noteworthy that the regional summer extreme
indices in upper, middle, and lower reaches of YRB are also
considered to calculate correlation coefficients, respectively.
Nevertheless, their spatial distribution displays no significant
differences compared to basin regional index (Figures not
shown), although the rainfall in three reaches is dominated
by different atmospheric circulations. Thus, the regional
summer extreme index for the whole basin is utilized in the
present study. This is also consistent with the methods applied
by Sun et al. [22]. As a consequence, three key regions, Eastern
Pacific (EP), Central Equatorial Pacific (CEP), and Northwest
Indian Ocean (NWIO), are selected (Figure 3) based on
distribution of shaded areas for different time series. The time
series of SHF, LHF, and SST during the period of 1967–2010
are then selected in the three key regions, respectively.
Multiple stepwise regression is used to select impact
factors and establish statistical prediction model. The focus
of stepwise regression would be the question of what the best
combination of independent (predictor) variables would be
to forecast the dependent (predicted) variable. In a stepwise
regression, predictor variables are entered into the regression
equation one at a time based upon statistical criteria. At each
step in the analysis the predictor variable that contributes the
most to the prediction equation in terms of increasing the
multiple correlation is entered first. This process is continued
only if additional variables add anything statistically to
the regression equation. More detailed information about this
method can be found in Myers [23]. After the establishment
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Figure 2: The spatial distribution of significant correlation coefficients between regional summer extreme precipitation indices in YRB and
in-phase LHF, SHF, and SST over the global ocean. Shaded areas denote the values for correlation coefficient significance which exceed the
95% confidence level. (a), (b), and (c) represent LHF, SHF, and SST, respectively.
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of statistical prediction model, the method of leave-one-out
[24] is utilized to test the effect of the forecast model. For
example, one year summer extreme precipitation is taken
out in each experiment during 1967–2010, and this year is
forecasted by utilizing the rest of the years.

3. The Physical Process of
Atmospheric Circulation Variability
Associated with the Summer Extreme
Precipitation in YRB
Prediction of summer extreme precipitation in YRB was
improved slowly in the past decades due to the complexity
of the interannual and decadal variability of summer precipitation and diverse impact factors. Selection of physical factors
is vitally important for forecasting summer precipitation
extremes, while the major factors adopted in the prediction
model in many previous studies are far from comprehensive. In this study, many possible influencing factors are
considered in the beginning, and then the multiple stepwise
regression is conducted to remove the factors that are not
very suitable to the model one by one based on Akaike’s
information criterion (AIC) [25]. Related researches (e.g., [4,
26]) have reported that several circulation processes exhibit
significant relationships with summer precipitation extremes
in China or YRB, including EASM, Qinghai-Tibet Plateau
snow cover, atmospheric circulation in high latitude, El
Niño-Southern oscillations (ENSO) cycle, and other dynamic
conditions. Changes in these circulations may obviously
affect the frequency and intensity of extreme precipitation in
YRB.
3.1. LHF, SHF, and SST. Latent and sensible heat fluxes are
known to enhance the energy in the lower tropospheric
layers which are strongly associated with the formation of
precipitation [27]. Pauling et al. [28] and Bichet et al. [29] also
suggested that dynamic and thermodynamic effects would
trigger significant variations in precipitation extremes in
many regions over the world. Dynamic effects are usually
linked to large-scale circulation variability or teleconnection
patterns, whereas thermodynamic effects are associated with
variations in atmospheric humidity and stratification. Meehl
et al. [30] indicated that greater thermodynamic effects
would increase water vapor, especially in subtropical regions,
which was greatly attributed to occurrences of extreme
precipitation. Similar conclusions were also investigated in
south China and YRB (e.g., [31]). Large latent and sensible
heat fluxes over the subtropical North Pacific were conducive
to the strengthening of the North Pacific Subtropical High
(NPSH), which, in turn, favored the persistence of a quasistationary (Mei-yu) front in the YRB after June, and resulted in
more heavy rainfall in July and August. Figures 2(a) and 2(b)
confirmed that there were some key marine regions where the
LHF and SHF had a significant in-phase correlation with the
summer extreme precipitation in YRB.
SST anomalies can modulate the variability in global
and regional climate as well as extreme precipitation events
(e.g., [32]). Diaz et al. [33] indicated that SST might become
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a dominant contributor to regional extreme precipitation
events to some extent. In recent years numerous studies have
been conducted to analyze the SST effects on precipitation
extremes in China. For example, Yao et al. [34] analyzed the
relationship between SST over northwest Pacific Ocean and
rainfall in China by utilizing regional air-sea coupled model
(RegCM3-POM) and reported that SST and the upper ocean
were modulated by the atmosphere through turbulent airsea heat, momentum, and moisture fluxes, but the modified
oceanic state generated further changes in the atmosphere,
which would lead to frequent occurrences of heavy precipitation in East Asia. Wang and Yang [35] indicated there
was an evident linkage between the summer precipitation in
YRB and tropical Pacific SST on the interannual time scales.
Furthermore, Figure 2(c) also confirmed that the global SST
had significant influence on summer extreme precipitation
in YRB. Accordingly, the correlation coefficients between
regional summer extreme precipitation index and LHF, SHF,
and SST in preceding periods of March–May, February–
April, January–March, and the last year’s winter (DecemberJanuary-February, DJF) were also calculated, respectively
(Figures not shown).
Based on the aforementioned analyses, three key Regions
of Significant Correlation (RSC), Eastern Pacific (EP), Central Equatorial Pacific (CEP), and Northwest Indian Ocean
(NWIO), are selected as shown in Figure 3. The time series
for LHF, SHF and SST in each key RSC during period 1967–
2010 are selected, respectively. Thereafter, the correlation
coefficients between regional summer extreme precipitation
index and three selected factors (LHF, SHF, and SST) were
calculated. However, only three factors, LHF in winter over
CEP, SST during March–May in EP, and SST during June–
August in NWIO, displayed significant correlation with
significant level exceeding 99% (Table 1). Others were below
95% significant level. The physical causes underlying this
phenomenon deserve further study, while selection of impact
factors on the basis of distribution of correlation coefficients
is the major work for us, and the analyses for deep-seated
physical mechanism are beyond the scope of this study. Thus,
the above three factors are selected to be the predictors from
the perspective of air-sea interaction for statistical prediction
model.
3.2. Winter Tibet Plateau Snow. Numerous previous research
papers have investigated the possible influences of winter
Tibet Plateau (TP) snow on the subsequent summer rainfall
and atmospheric circulation over YRB or central China. Wu
and Qian [36] reported that there was a significantly positive
correlation between winter TP snow and variations of
subsequent summer rainfall in YRB. Duan et al. [37] further
pointed out that the thermal forcing over TP in winter, which
was contributed from the snow cover within the region,
played a considerable role in the modulation of the EASM
and corresponding precipitation patterns. Zhao et al. [38]
analyzed the physical mechanism of interaction between
winter TP snow and subsequent summer rainfall in YRB and
indicated that the enhancement of winter snow cover over
TP tended to increase the local soil moisture content and cool
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Table 1: The correlation coefficients and corresponding significant level between regional summer extreme precipitation index (95%
percentile) and the initial impact factors selected in the present study.
Indices
Periods/month
𝑅
𝑃

ISM
August
−0.28
0.05

AO
Nov
−0.30
0.05

NAO
June
−0.29
0.05

PNA
July
0.26
0.08

Winter snow
DJF
−0.48
0.0008

50
NWIO

0

CEP

EP

200

250

−50

0

50
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Figure 3: The defined key regions that have significantly affected
summer extreme precipitation in YRB according to correlation
coefficients over the global ocean. The solid line indicates three
key regions selected in the present study. EP: Eastern Pacific;
CEP: Central Equatorial Pacific; NWIO: Northwest Indian Ocean.
Dashed boxes represent insignificant impact.

the overlying atmosphere in the subsequent summer over
East Asia, which further slowed the northward of EASM
circulation, and this leaded to long hover of quasistationary
(Mei-yu) front over the YRB, resulting in more heavy
precipitation in YRB. Related studies also indicated that
winter TP snow had important influences on the onset of
summer monsoon over East or South Asia; this determined
the changes of summer precipitation in YRB. However,
analysis on the variations in summer precipitation extremes
by taking winter TP snow into account is not available
although it was recognized that winter TP snow played an
important role in the variations in precipitation extremes in
YRB as an external forcing. In this study, the weekly National
Oceanic and Atmospheric Administration (NOAA) satellitederived snow cover data over the Northern Hemisphere was
adopted. Because the snow cover data was charted during
1966–2009, the regional summer extreme precipitation index
in YRB was applied from subsequent summer of 1966, being
the period of 1967–2010.
Firstly, taking the entire TP as a whole and the spatial
distribution of correlation coefficients between regional
summer extreme precipitation index and winter TP snow
was analyzed, then the regions where significant level of the
correlation coefficients was beyond 95% were defined to be
key areas. As a consequence, the time series of the winter
TP snow were selected following the methods of selecting
LHF. Table 1 illustrates that the significant level (0.0008)
outdistances 99%, which indicates that selecting winter TP
snow as one predictor for summer extreme precipitation in
YRB is not only reasonable but also necessary.
3.3. Antarctic Oscillation and Arctic Oscillation. Thompson
and Wallace [39] demonstrated that Antarctic Oscillation

LHF
DJF
−0.41
0.006

SST
March–May
0.38
0.01

SST
June–August
0.44
0.002

ENSO
March
0.34
0.02

AAO
May-June
0.41
0.006

(AAO) was a dominant annual mode of the Southern Hemisphere (SH) extratropical circulation, which represented
primarily a large-scale seesaw oscillation of atmospheric circulations in the midhigh latitudes of SH. Many recent studies
have noted that this SH circulations also had close linkages
with the summer rainfall in YRB, especially for AAO. Fan and
Wang [40] analyzed the relationships between AAO and Meiyu over YRB as well as the frequency of typhoon in western
North Pacific and discussed the possible mechanisms for this
far-reaching teleconnection. Sun et al. [22] revealed that the
positive-phase AAO was concurrently according to the strong
convection activities in the region of Maritime Continent
through anomalous meridional circulations along central
South Pacific and two meridional teleconnection wave train
patterns; this anomalous convection propagated northward
along with the seasonal cycle and then changed the Western
Pacific subtropical High (WPSH) in the subsequent seasons,
leading to an impact on the summer precipitation over YRB.
The correlation coefficient between regional extreme index
and AAO index is 0.41 with significance level exceeding
99% (Table 1). Therefore, AAO should be considered to be a
predictor for the precipitation extremes in YRB.
Compared to AAO, Arctic Oscillation (AO) is a leading
mode of the extratropical Northern Hemisphere (NH)
circulation. Thompson and Wallace [41] indicated that many
climate system components were significantly affected by
winter AO, and consequently AO exerted significantly wideranging effects on extreme weather/climate events over the
NH during November–April. Gong et al. [42] suggested that
AO triggered significant influences on the large-scale EASM
rainfall, including the variations in summer precipitation in
YRB. Ju et al. [43] demonstrated that the high-index polarity
of AO during the last two decades played an important role
in the interdecadal decrease of land-sea contrast anomalies
in NH, which finally resulted in the weakening of EASM
circulation; accordingly, the Mei-yu would stay longer over
YRB. Gong et al. [44] further revealed that AO could impact
the EASM via generating tropical air-sea feedback over the
western North Pacific on the basis of observation evidence
and numerical simulations. The correlation coefficient
between regional extreme index and AO index is −0.3, with
the 95% significance level. Thus, AO is also selected as a
predictor of the precipitation extremes in YRB.
3.4. ENSO, Indian Summer Monsoon, North Atlantic Oscillation, and Pacific North American Pattern. Although the SST
in key RSCs was selected in the above analyses, the ENSO is
one important factor for the EASM variability. Besides, the
multiple stepwise regression adopted to select final factors

4. Selection of Predictors and Validation
of the Forecast Model
From the perspective of physical mechanisms, many possible impact factors are identified, including direct and
far-reaching teleconnection physical factors, respectively
(Table 1). Because the differences among the magnitudes
of selected indices are relatively remarkable, the indices
are normalized before the multiple stepwise regression is
conducted to improve forecasting accuracy of statistical
prediction model. In addition, the periods or time scales for
the selected factors are also shown in Table 1. In the process of
stepwise regression, the optimal subset regression is applied
and the smallest statistic of AIC is selected as a criterion. The
PNA was taken out at first step; nevertheless, after taking
NAO out in the second choice, the value of AIC would
increase whether any predictor was removed. Therefore, the
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for prediction model in the present study can automatically
examine correlation among different impact factors. Thus,
ENSO is also considered to analyze the correlation with
summer rainfall in YRB. Wu et al. [45] suggested that the
development and migration of rain-belt over East China were
associated with the ENSO-related tropical heating anomalies
over western Pacific and South Asia, although the impacts of
ENSO on the EASM were discrepancies along with different
stages of the ENSO cycle. Tong et al. [46] further indicated
that ENSO episodes were in good teleconnection with floods
in YRB and significant correlation appeared at 5.04- or 10–
12-year periods. The possible physical mechanism might be
that ENSO influenced the EASM through strengthening the
subtropical high over western Pacific region. Table 1 demonstrates that the correlation coefficient between regional
extreme index and ENSO index during 1967–2010 is 0.34,
with the significant level being at 98%.
Indian Summer Monsoon (ISM) blows from sea to land
after crossing the Indian Ocean, Arabian Sea, and Bay of
Bengal and brings abundant precipitation to YRB and south
China during a year. One of the three main water vapor transports to China, the southwesterly flow which is also known
as the Somali jet, towards the Indian Peninsula and Bay of
Bengal associated with the ISM, then arrives in south or even
north China. Furthermore, the strong ISM can strengthen
moisture transport by enhancing Somali cross-equatorial
flow and bring more rainfall for China. The correlation
between ISM and regional extreme index is also significant
(Table 1). Additionally, the relationships between summer
precipitation and North Atlantic Oscillation (NAO) and
Pacific North American Pattern (PNA) were also investigated
in many studies (e.g., [47, 48]), while the corresponding
correlation coefficients in the same way in this study are
shown in Table 1. Several indices adopted in the analyses
above are available at http://www.cpc.ncep.noaa.gov/. The
time scales of selected indices are from 1967 to 2010 expect
for TP with a period of 1966–2009.
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Figure 4: The time series of observed regional summer extreme
precipitation index and corresponding model simulation results
during the period of 1967–2010.

physically based statistical prediction model was obtained via
multiple stepwise regression analyses:
𝑌 = −0.43 − 0.20𝑥1 − 0.12𝑥2 + 0.34𝑥3 − 0.20𝑥4
+ 0.31𝑥5 + 0.18𝑥6 − 0.21𝑥7 + 0.16𝑥8 ,

(2)

where 𝑌 denotes regional summer extreme precipitation
index, 𝑥1 denotes ISM, 𝑥2 denotes AO, 𝑥3 denotes winter
TP snow, 𝑥4 denotes LHF in winter, 𝑥5 denotes SST during
March–May over EP, 𝑥6 denotes SST during June–August
over NWIO, 𝑥7 denotes ENSO, and 𝑥8 denotes AAO. The
significant levels of coefficients for the statistical prediction
model (2) were all exceeding 95%; besides, the coefficient of
TP was exceeding 99%.
In order to make a validation of the prediction model,
the method of leave-one-out was utilized during 1967–2010.
A good agreement between the interannual variations of forecasting and observed regional summer extreme precipitation
indices is illustrated in Figure 4. The correlation coefficient
between the observed and modeled extreme precipitation is
0.85, with significant level being at 99%. Figure 4 also demonstrates that the statistical forecast model can successfully
reconstruct the large magnitudes of extreme precipitation
years in 1969, 1980, 1991, 1998, and 2010, with the forecasting
values being close to the observed values. Accordingly, the
model can also successfully reproduce the smaller magnitudes of extreme precipitation years in 1971, 1978, 1992, and
2006 during the period of 1967–2010. Therefore, the statistical
prediction model can reasonably forecast the mainly larger
and smaller magnitudes of summer extreme precipitation
over YRB.

5. Conclusions
The Yangtze River basin (YRB) is highly populated, accounting for nearly one-third of the national population and a
significant share of the gross domestic product in China, coupled with comprehensive social infrastructures. It is therefore
of practical importance to accurately forecast variations
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in precipitation extremes over YRB. Although prediction
of extreme precipitation cannot reduce the occurrences of
floods in YRB, the protective measures can be prepared via
predicting in advance, thereby reducing economic losses and
casualties.
In the present study, from the viewpoint of air-sea
interaction, prediction of summer extreme precipitation by
utilizing the multiple stepwise regression is proposed. The
results of validation during 1967–2010 using the method
of leave-one-out show that the statistical prediction model
can capture the major characteristics of the interannual
variations in summer precipitation extremes in YRB. It can
successfully reconstruct larger and smaller magnitudes of
extreme precipitation, respectively. This work also quantifies
the time series indices of LHF, SHF, and SST as well as winter
TP snow in key regions by analyzing the spatial distribution
of correlation coefficients with regional summer extreme
precipitation over YRB. Therefore, it provides a practical
approach to forecast extreme precipitation based on rain
gauge station dataset from a new perspective.
In addition, the year-to-year variability of summer
extreme precipitation in YRB is influenced by many factors,
while the selected factors that are favorable to the variations in
summer extreme precipitation over YRB in this study are far
from comprehensive; for example, the latest research shows
that the ozone depletion over the South Pole has affected the
extreme daily precipitation in the austral summer [49]. Thus,
more decisive predictors should be added into the statistical
prediction model with further study. However, our efforts
indicate that the summer extreme precipitation in YRB can
be predictable although a lot of work should be done in the
future, and this meaningful exploration is very important to
forecast the variations in regional extreme precipitation.
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[43] J. Ju, J. Lü, J. Cao, and J. Ren, “Possible impacts of the Arctic
Oscillation on the interdecadal variation of summer monsoon
rainfall in East Asia,” Advances in Atmospheric Sciences, vol. 22,
no. 1, pp. 39–48, 2005.
[44] D.-Y. Gong, J. Yang, S.-J. Kim et al., “Spring Arctic OscillationEast Asian summer monsoon connection through circulation
changes over the western North Pacific,” Climate Dynamics, vol.
37, no. 11-12, pp. 2199–2216, 2011.
[45] R. Wu, Z. Hu, and B. P. Kirtman, “Evolution of ENSO-related
rainfall anomalies in East Asia,” Journal of Climate, vol. 16, no.
22, pp. 3742–3758, 2003.
[46] J. Tong, Z. Qiang, Z. Deming, and W. Yijin, “Yangtze floods
and droughts (China) and teleconnections with ENSO activities
(1470–2003),” Quaternary International, vol. 144, no. 1, pp. 29–
37, 2006.
[47] S. Sundaram, Q. Z. Yin, A. Berger, and H. Muri, “Impact of ice
sheet induced North Atlantic oscillation on East Asian summer
monsoon during an interglacial 500,000 years ago,” Climate
Dynamics, vol. 39, no. 5, pp. 1093–1105, 2012.
[48] P. Zhao, S. Yang, H. Wang, and Q. Zhang, “Interdecadal
relationships between the Asian-Pacific oscillation and summer
climate anomalies over Asia, North Pacific, and North America
during a recent 100 years,” Journal of Climate, vol. 24, no. 18, pp.
4793–4799, 2011.
[49] S. M. Kang, L. M. Polvani, J. C. Fyfe et al., “Modeling evidence
that ozone depletion has impacted extreme precipitation in the
austral summer,” Geophysical Research Letters, vol. 40, no. 19, pp.
4054–4059, 2013.

