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Abstract: This study evaluated 20 general circulation models (GCMs) of the Coupled Model
Intercomparison Project, Phase 5 (CMIP5), which provide the prediction results for the period
of 2006 to 2014, the period from which the observation data (the Global Precipitation Climatology
Project (GPCP) data) are available. Both the GCM predictions of precipitation and the GPCP data were
compared for three data structures—the global, zonal, and grid mean—with conventional statistics
like the root mean square error (RMSE) and the pattern correlation coefficient of the cyclostationary
empirical orthogonal functions (CSEOFs). As a result, it was possible to select a GCM which showed
the best performance among the 20 GCMs considered in this study. Overall, the NorSM1-M model
was found to be the most similar to the GPCP data. Additionally, the IPSL-CM5A-LR, BCC-CSM, and
GFDL-CMS models were also found to be quite similar to the GPCP data.
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1. Introduction

Due to global warming, most countries are currently preparing for a future with different climate
conditions. The greenhouse effect has been especially considered as a key factor of global warming
since the twentieth century [1]. Recently, the Intergovernmental Panel on Climate Change (IPCC)
stated that the main cause of global warming is the ongoing emission of greenhouse gases from various
anthropogenic activities [2]. Rapid climate change can have a significantly negative impact on a
county’s economy and industry, while the health of the ecosystem is also believed to be significantly
affected. As climate change has continued globally, both national and international cooperation is now
becoming increasingly urgent [3,4]. Highly reliable scenarios of climate change are very important
for preparing countermeasures to the possible impact of climate change [5]. The IPCC presented four
different scenarios of representative concentration pathways (RCP) for climate change predictions [2].
RCP scenarios were proposed by converting the emitted greenhouse gases into solar radiative forcing,
such as in the cases of RCP2.6, RCP4.5, RCP6.0, and RCP8.5. For example, the RCP2.6 scenario
represents the case where the total greenhouse gases emitted is 2.6 W/m2

, in addition to the solar
radiative forcing at a preindustrial condition, defined as the year 1750. The RCP2.6 scenario represents
the case in which the earth can recover its original pre-anthropogenic state prior to the emission of
the greenhouse gases. The RCP4.5 represents the case where the reduction of greenhouse gases is
successfully achieved, and the RCP6.0 represents the case where the reduction of the greenhouse gases
is moderately achieved. Finally RCP8.5 represents the case where the total greenhouse gases is that
predicted if no changes are implemented, and the trend of emission observed in the early 21st century
continues [2].

Along with providing the RCP scenarios, the IPCC has also presented the Coupled Model
Intercomparison Project, Phase 5 (CMIP5) for evaluating and comparing the general circulation model
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(GCM) predictions based on RCP scenarios [2]. More than 60 GCMs were used in the CMIP5, all of
which were developed to make predictions about the future state of meteorology, considering both
the non-stationarity of the climate system and the physical process of meteorological phenomena [6].
However, as the theories and algorithms applied for each GCM differ, unique predictions cannot be
made. The purpose of CMIP5 is simply to evaluate and compare these GCM predictions. Currently,
the use of GCM predictions is assumed to be the best way to acquire information about future
meteorological global data [7,8]; it is also true that considerable differences exist among the GCM
predictions [9–11].

Since the GCM predictions have become available through the CMIP5, many studies have reported
the use and application of GCM predictions for hydrology as well as for meteorology. For example,
Landerer et al. [12] evaluated the spatial and temporal features of sea surface height simulated by 33
GCMs of CMIP5, by using observed data from satellite altimetry. Also, Tabari et al. [13] investigated
the potential impact of climate change on water availability in central Belgium, by using 30 GCMs of
CMIP5. Ning and Bradley [14] examined the regional winter temperature and precipitation over the
eastern United States by using 17 GCMs of CMIP5. Aloysius et al. [9] assessed the performance of 25
GCMs of CMIP5, by analyzing the precipitation and temperature predictions over central Africa.

While many studies have concentrated on the comparison and application of the GCM predictions
of the CMIP5, few studies have been presented that validate the potential ability of each GCM to
simulate the future climate. Most studies have focused on comparing the basic statistics of the GCM
predictions with observed data; however, this is insufficient for application to the global climate system,
which shows a strong non-linear behavior. For example, Lovejoy and Varotsos [15] examined the GCM
output, and found that the linear assumption can be invalid for GCM output with timescales less than
50 years. Therefore, a more fundamental approach is necessary to evaluate various GCMs and their
predictions. Principle component analysis can also be a good option.

Over the past few decades, meteorologists have proposed many methodologies to derive
the principle components of climate variability, such as empirical orthogonal function (EOF)
analysis [16–24]. Additionally, to consider the cyclic behavior of the meteorological and hydrological
data, the cyclostationary empirical orthogonal functions (CSEOF) analysis has been developed [25–31].
The CSEOF analysis is known to be superior to the EOF analysis when analyzing data that have obvious
spatial or temporal cyclic behavior, like global data, monthly ENSO data, and seasonal temperature
data [32–35]. The intrinsic properties of the data with spatiotemporal variability may also be analyzed
by applying the CSEOF analysis [36].

In this study, the GCM predictions of precipitation will be compared with conventional statistics
like the root mean square error (RMSE) and the pattern correlation coefficient of the CSEOF. The GCMs
to be compared are those that provide the GCM predictions over the period of 2006 to 2014, which
is the period for which the global precipitation data from GPCP are available. The comparison will
also be repeated with several data structures, such as the global, zonal, and grid means. It is especially
important to check if the result derived by comparing the conventional statistics is similar to that from
the comparison of their major principle components (i.e., CSEOFs), derived by applying the CSEOF
analysis. The comparison results will also be merged, to distinguish one GCM to others.

2. Data

More than 60 GCM predictions of CMIP5 are available from the World Data Center for Climate
(WDCC). There are a total of 23 development institutes which contributed to CMIP5 GCM data.
First, the authors selected one GCM simulation from each development institute. Also, among 23
development institutes, the National Institute for Space Research and Institute of Atmospheric Physics
and the Chinese Academy of Sciences were excluded, as their simulations were not based on the RCP
scenarios. In the case of the CMCC-CM model, its grid size was too small (0.750◦ × 0.750◦) to conduct
CSEOF analysis. Finally, the authors selected a total of 20 GCMs to be used for the CSEOF analysis
in this study. Table 1 summarizes these GCMs with their development institute and grid-resolution.
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As can be seen in Table 1, each GCM has each own grid system, which varies from the smallest, at
1.250◦ × 0.938◦ (NCAR-CAM5 model), to the largest at 3.750◦ × 1.875◦ (IPSL-CM5A-LR model).

Among GCM predictions available, for the period of from 2001 to 2300, only the predictions from
2006 to 2014 were used in this study in order to compare those with the observed data. Among four
RCP scenarios, the RCP8.5 was selected, as it is based on the assumption of the continuing trend of
greenhouse gas emission observed in the early 21st century. The GCM precipitation data collected in
this study were monthly ones, which were also accumulated to make the annual data. All the analyses
in this study were based on these annual data. However, spatially, three different data structures were
considered, which are global, zonal, and grid data.

Table 1. Description of Coupled Model Intercomparison Project, Phase 5 (CMIP5) general circulation
models (GCMs) used in this study.

No. GCM Development Institute Grid Resolution

1 BCC-CSM1.1 Beijing Climate Center 2.813◦ × 2.813◦

2 NCAR-CAM5 National Centre for Atmospheric Research 1.250◦ × 0.938◦

3 MRI-CGCM3 Meteorological Research Institute 1.125◦ × 1.125◦

4 GFDL-CM3 Geophysical Fluid Dynamics Laboratory 2.500◦ × 2.000◦

5 GISS-E2-R NASA/Goddard Institute for Space Studies 2.500◦ × 2.000◦

6 IPSL-CM5A-LR Institute Pierre-Simon Laplace 3.750◦ × 1.875◦

7 MIROC5

Japan Agency for Marine-Earth Science and
Technology, Atmosphere and Ocean Research

Institute, and National Institute for
Environmental Studies

1.406◦ × 1.406◦

8 NorESM1-M Norwegian Climate Centre 2.500◦ × 1.875◦

9 BNU-ESM Beijing Normal University 2.813◦ × 2.813◦

10 CanESM2 Canadian Centre for Climate Modelling and Analysis 2.813◦ × 2.813◦

11 CNRM-CM5
Centre National de Recherches Météorologiques,
Centre Européen de Recherche et de Formation

Avancée en Calcul Scientifique
1.406◦ × 1.406◦

12 ACCESS1.3 Commonwealth Scientific and Industrial Research
Organization/Bureau of Meteorology 1.875◦ × 1.241◦

13 CSIRO-Mk3.6.0
Commonwealth Scientific and Industrial Research
Organization/Queensland Climate Change Centre

of Excellence
1.875◦ × 1.875◦

14 FIO-ESM The First Institute of Oceanography 2.813◦ × 2.813◦

15 EC-EARTH EC-EARTH consortium published at Irish Centre for
High-End Computing 1.125◦ × 1.125◦

16 INMCM4.0 Russian Academy of Sciences, Institute of
Numerical Mathematics 2.000◦ × 1.500◦

17 FGOALS-g2 Institute of Atmospheric Physics, Chinese Academy
of Sciences 2.813◦ × 3.000◦

18 MPI-ESM-LR Max Planck Institute for Meteorology 1.875◦ × 1.875◦

19 HadGEM2-AO National Institute of Meteorological Research, Korea
Meteorological Administration 1.875◦ × 1.241◦

20 HadGEM2-ES Met Office Hadley Centre 1.875◦ × 1.250◦

The observed data used for the validation of these 20 GCMs are sourced from the Global
Precipitation Climatology Project (GPCP) version 2.3 of the Combined Precipitation Data Set [37].
The GPCP-observed precipitation data were constructed by the Mesoscale Atmospheric Processes
Laboratory of the National Aeronautics and Space Administration (NASA) Goddard Space Flight
Center. The GPCP data are well-organized grid data, developed by merging the rain gauge data and
the satellite data. The GPCP data are available from 1979 to 2016 in the form of monthly average data.
In this study, the GPCP data were collected for the period of 2006 to 2014, for comparison with the
GCM predictions. The GPCP data were also accumulated to make the annual data.
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3. Comparison of Global Precipitation Climatology Project Data and General Circulation Model
Predictions Using Conventional Statistics

3.1. Global Data

In this study, the global data was made simply as the arithmetic mean of all grid values. Figure 1
compares the global mean precipitations of eight GCMs to the GPCP data from 2006 to 2014. Eight
GCMs were selected from the 20 GCMs, to clarify the comparison. As can be seen in Figure 1, first, all
eight GCMs considered in this study show higher annual precipitation than the observed. Among
them, the IPSL-CM5A-LR model was found to have the most similar predictions (about 810 mm) to the
GPCP data (about 800 mm), with the NorESM1-M model second (about 820 mm). On the other hand,
the MIROC5 model provided the highest value (about 950 mm). The GISS-E2-R model also provided
annual precipitation data higher than 900 mm. In addition, the GPCP data showed a weak decreasing
trend, and the GCMs showed steady or weak increasing trends. However, the trends during this
period of 2006 to 2014 were very weak, so all the GCM and GPCP annual precipitation amounts may
be assumed to be stationary.
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Figure 1. Annual variation of global mean precipitations of eight GCMs and Global Precipitation
Climatology Project (GPCP) data from 2006 to 2014.

3.2. Zonal Data

In this study, the zonal data were derived as the arithmetic mean of each 10◦ latitudinal zone,
from −90◦ to 90◦ latitude. The comparison of zonal data can also be found in Yoo [38], where the
annual mean temperature was of interest for the validation of the GCM predictions. A total of 18 zonal
mean data were made each year for each GCM and GPCP data, whose annual mean is compared with
other GCMs in Figure 2. Again, eight GCMs from 20 GCMs were selected to compare the zonal average
more clearly. In this figure, zone 1 indicates the latitudinal zone from −90◦ to –80◦, zone 2 from −80◦

to −70◦, and finally zone 18 indicates the latitudinal zone with latitude zone from 80◦ to 90◦.
As can be seen in Figure 2, overall pattern of zonal mean data was similar in both the GCM

predictions and the GPCP data. Very high precipitation was found around the equator in all GCMs and
GPCP data, and medium-high precipitation was also found in the mid-latitude zones of both northern
and southern hemispheres. However, in greater detail, it can be found that each GCM prediction
is a bit different from others. First of all, in most GCMs, the annual precipitation in zones 9 and 10,
around the equator, were predicted very similarly, but the GPCP data does not show this similarity.
Specifically, the GPCP precipitation in zone 9 was found to be less than the zone 10. Only the GCMs
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like NCAR-CAM5 and MIROC5 predicted this non-symmetric pattern of annual precipitation around
the equator.
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Figure 2. Zonal mean precipitation of eight GCM predictions and GPCP data from 2006 to 2014.

In Figure 2, it can also be found that some of the GCMs produced rather high precipitation
predictions around the equator. In particular, the GISS-E2-R, MIROC5, and NCAR-CAM5 models had
relatively high precipitation predictions, with a difference of more than 500 mm from other GCMs and
the GPCP data. The high equatorial predictions may be the main reason for these GCMs to have the
high annual mean precipitation amount (see Figure 1). Most of the GCMs considered in this study
seem to follow the pattern of the GPCP data well, especially the IPSL-CM5A-LR and NorESM1-M
models, which seem to be very close to the pattern of the GPCP data over all latitudinal zones.

3.3. Grid Data

The grid data were derived as the arithmetic mean for the 10◦ × 10◦ grid, and as a result, a total
of 648 grid data were prepared for each year. In this study, first, basic statistics of global, zonal, and
grid mean data of GCM predictions and GPCP data were compared. The mean, standard deviation,
coefficient of variance, and normalized root mean square error (NRMSE) of GCM prediction and GPCP
data are summarized in Table 2. As can be found in this table, each GCM shows a slightly different
mean, standard deviation, and NRMSE. In the case of global mean, the GISS-E2-R model showed the
highest value, and the CanESM2 model the lowest. As seen in Figure 1, the annual mean precipitation
of all GCMs are found to be higher than that of GPCP data.
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Table 2. Some statistics of eight 20 GCM predictions and GPCP data. The normalized root mean
squares (NRMSEs) were calculated by assuming the GPCP data as truth.

Data
Global Mean Zonal Mean GRID Mean

Mean
(mm)

SD
(mm) NRMSE Mean

(mm)
SD

(mm) NRMSE Mean
(mm)

SD
(mm) NRMSE

GPCP 792.0 10.5 0 - - 0 - 652.5 0

BCC-CSM1.1 842.4 3.0 0.06 - - 0.19 - 653.2 0.63

NCAR-CAM5 880.1 4.7 0.11 - - 0.27 - 681.2 0.65

MRI-CGCM3 864.9 5.7 0.09 - - 0.22 - 671.8 0.63

GFDL-CM3 893.3 3.1 0.13 - - 0.23 - 663.2 0.64

GISS-E2-R 925.8 1.9 0.17 - - 0.33 - 780.0 0.69

IPSL-CM5A-LR 808.7 4.6 0.03 - - 0.20 - 626.1 0.60

MIROC5 955.2 4.8 0.21 - - 0.33 - 676.7 0.70

NorESM1-M 826.2 4.8 0.04 - - 0.21 - 658.5 0.63

BNU-ESM 949.3 3.9 0.20 - - 0.30 - 639.3 0.68

CanESM2 823.2 3.9 0.04 - - 0.28 - 691.7 0.69

CNRM-CM5 901.4 3.3 0.14 - - 0.27 - 637.2 0.64

ACCESS1.3 937.1 3.4 0.18 - - 0.32 - 756.7 0.75

CSIRO-Mk3.6.0 848.6 3.3 0.07 - - 0.36 - 791.5 0.80

FIO-ESM 925.0 3.7 0.17 - - 0.28 - 634.3 0.64

EC-EARTH 856.7 2.4 0.08 - - 0.25 - 615.1 0.63

INMCM4.0 935.0 2.3 0.18 - - 0.29 - 700.2 0.66

FGOALS-g2 875.8 3.4 0.11 - - 0.26 - 625.8 0.63

MPI-ESM-LR 884.8 2.3 0.12 - - 0.31 - 696.8 0.71

HadGEM2-AO 919.2 2.0 0.16 - - 0.30 - 726.4 0.74

HadGEM2-ES 916.0 3.7 0.16 0.30 732.4 0.72

The standard deviation of the global data was also found to be different among GCMs and the
GPCP data. Different from the annual mean, the standard deviation of the GPCP was found to be the
highest. Among the GCMs, the MRI-CGCM3 model showed the highest standard deviation of 5.7 mm.
The GISS-E2-R model showed the lowest standard deviation, at just 1.9 mm. The standard deviation of
the grid data considers both the temporal and spatial variation of the precipitation data. Very different
from the global data, the standard deviation of the GPCP data (652.5 mm) was found to be smaller
than most of the GCM data. Even though the GISS-E2-R model showed a very high standard deviation
(780.0 mm), most other GCMs showed less than 5% difference from the GPCP data. The zonal data
are not appropriate to be considered for calculating the standard deviation, which was not derived in
this study.

Table 2 also shows the NRMSE estimated for each GCM. The NRMSE is a dimensionless measure,
calculated by dividing the error of the GCM predictions by the mean of the observed data [39].
The NRMSE counts both the mean difference (or bias) and the variability of the difference between
two dataset. The NRMSE is calculated by the following equation:

NRMSE =

√√√√√√√√
N
∑

i=1
(Xobs, i − Xsimul, i)

2

N
∑

i=1
X2

obs, i

(1)

As the NRMSE represents the arithmetic difference between the GCM predictions and the
observed data, a smaller NRMSE indicates GCM predictions that are closer to the observed data.
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As the GPCP data were considered to be the truth in this study, their NRMSE became zero in all three
cases of data structure.

As can be found in Table 2, for the global data, the NRMSE of the IPSL-CM5A-LR model was
estimated to be the smallest (0.03), followed by the NorESM1-M model (0.04) and the BCC-CSM
model (0.06). For the zonal data, the BCC-CSM model was found to have the smallest NRMSE (0.19),
followed by the IPSL-CM5A-LR model (0.20) and the NorESM1-M model (0.21). Finally, for the grid
data, the IPSL-CM5A-LR model showed the smallest NRMSE (0.60), followed by the BCC-CSM (0.63),
NorESM1-M (0.63), EC-EARTH (0.63), and FGOAL-g2 (0.63) models. Based on these results, it could
be concluded that GCMs like IPSL-CM5A-LR, NorESM1-M, and BCC-CSM showed higher similarity
to the GPCP data than the other GCMs.

4. Comparison of Global Precipitation Climatology Project Data and General Circulation Model
Predictions with Cyclostationary Empirical Orthogonal Functions

4.1. EOF and CSEOF Analysis

Empirical orthogonal function (EOF) analysis is another term used for principle component
analysis (PCA). Proposed in 1901 by Pearson [40], and independently developed by Hotelling [41],
PCA is known by various terms, depending on the field of application, such as the discrete
Kosambi–Karhunen–Loeve Transform in signal processing [42], the proper orthogonal decomposition
in mechanical engineering [43], singular value decomposition (SVD) in linear algebra [44], and
empirical modal analysis in structural dynamics [45].

EOF analysis is a statistical procedure used to convert a set of observations into a set of values of
linearly uncorrelated variables, called EOFs. EOF analysis can be performed easily by the eigenvalue
decomposition of a data covariance (or correlation) matrix, or the SVD of a data matrix X. The number
of EOFs in a set of data is less than or equal to the number of original variables, and the resulting
EOFs are orthogonal to each other. Since efficient algorithms are now available for the SVD of X
without needing to form the matrix XTX, the SVD is now the standard way to derive EOFs from a data
matrix. The simplicity of EOF analysis is largely the reason for its popularity in study areas such as
meteorology, geology, and oceanography [16–22,24,35,46].

In contrast to EOF analysis, cyclostationary empirical orthogonal function (CSEOF) analysis is
used to extract the major principle components, to explain the spatial variability of the raw data while
considering the cyclostationarity. Cyclic behavior occurs in various climatological and hydrological
data, among which the seasonal data and the global data are typical [47–50]. CSEOF analysis was
introduced by Kim and North [20], and many application examples can be found in the field of
meteorology [26–28,30,35,51–53] and oceanography [54–57].

As the CSEOF analysis considers the cyclic behavior of the data, the variable showing this
cyclic behavior should be defined correctly. The global data analysis can be divided into two cases,
one to consider the spatial cyclic behavior, and the other to consider the seasonal cyclic behavior.
Specifically, the spatial cyclic behavior is used to consider the shape of earth, in which the longitudinal
characteristics are repeated at each orbit of the earth. Seasonal cyclic behavior can be easily understood,
as it is repeated every year. As this study focuses on the annual precipitation data, the CSEOF analysis
was used to consider the spatial cyclic behavior.

The pattern correlation coefficient, as well as the NRMSE given in Equation (2), was generally
used to compare the major CSEOFs, derived from the GCM predictions, and those from the observed
data [11,39,58–61]. The pattern correlation coefficient indicated the correlation coefficient of the data,
given as forms of a matrix or vector. The mean difference was not considered in the pattern correlation
coefficient. On the other hand, the NRMSE could be bigger than the pattern correlation coefficient,
especially when the mean difference was large, which was the main difference between the pattern
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correlation coefficient and the NRMSE. The pattern correlation coefficient Rpat is defined as the absolute
value of the correlation coefficient as follows [20]:

Rpat =

∣∣∣∣∣∣∣∣∣
N
∑

i=1
(Xobs, i − Xobs)(Xsimul, i − Xsimul)

σobsσsimul

∣∣∣∣∣∣∣∣∣ (2)

where N is the total number of GCM predictions and observed data, Xobs represents the observed data,
Xobs is the mean of the observed data, Xsimul represents the GCM predictions, Xsimul is the mean of
the GCM predictions, σobs is the standard deviation of the observed data, and σsimul is the standard
deviation of the GCM predictions. The range of the pattern correlation coefficient, calculated using the
above equation, is from zero to 1. If the pattern correlation coefficient is 1, both data are assumed to be
perfectly linearly correlated. If the pattern correlation coefficient is zero, neither data are assumed to
be linearly correlated.

4.2. Comparison of Cyclostationary Empirical Orthogonal Functions of General Circulation Model Predictions
and Global Precipitation Climatology Project Data

Various spatial patterns were derived by the CSEOF analysis of the GCM predictions and the
GPCP data (see Figure 3 as an example). All of these patterns were independent and orthogonal to
each other. Among the CSEOFs derived, relatively important patterns could be selected, based on the
ratio of variance that each CSEOF explains. Table 3 summarizes the ratio of variance that each CSEOF
of the GCM predictions and GPCP data explains. As can be found in this table, the ratio of variance
that the first CSEOF explains was higher than 95% in all GCM predictions: the highest was 98.49%
in the INMCM4.0 model, and the lowest was 95.29% in the NorESM1-M model. The first CSEOF of
the GPCP data explained 97.23% of the original variance, which was similar to the NCAR-CAM5,
GISS-E2-R, CNRM-CM5, EC-EARTH, and IPSL-CM5A-LR models.
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Table 3. Variance explained by CSEOFs derived (%).

Data
CSEOF

1 2 3 4 5

GPCP 97.23 0.66 0.43 0.37 0.29
BCC-CSM1.1 96.32 0.78 0.53 0.49 0.44
NCAR-CAM5 97.66 0.62 0.34 0.26 0.22
MRI-CGCM3 96.21 1.12 0.55 0.40 0.38
GFDL-CM3 95.65 1.71 1.19 0.35 0.22
GISS-E2-R 97.78 0.38 0.33 0.26 0.25

IPSL-CM5A-LR 97.51 0.92 0.30 0.27 0.20
MIROC5 95.36 1.87 1.00 0.52 0.28

NorESM1-M 95.29 1.62 0.96 0.63 0.39
BNU-ESM 95.55 2.01 0.77 0.39 0.29
CanESM2 95.53 2.37 0.69 0.33 0.24

CNRM-CM5 97.72 0.65 0.29 0.25 0.24
ACCESS1.3 96.82 0.89 0.48 0.40 0.35

CSIRO-Mk3.6.0 96.60 0.98 0.69 0.37 0.27
FIO-ESM 96.19 1.27 0.74 0.46 0.33

EC-EARTH 97.50 0.83 0.38 0.27 0.21
INMCM4.0 98.49 0.32 0.23 0.16 0.15
FGOALS-g2 96.67 1.13 0.59 0.33 0.30

MPI-ESM-LR 96.20 1.43 0.54 0.41 0.32
HadGEM2-AO 96.33 1.23 0.54 0.43 0.33
HadGEM2-ES 95.87 1.48 0.62 0.45 0.36

As can be seen in Figure 3, each CSEOF shows a very unique pattern, which may be interpreted
as typical behavior of the annual precipitation field recorded in the GPCP data. For example, the first
CSEOF in Figure 3 is composed of all positive numbers, which is believed to represent the spatial
variation of the annual mean precipitation over the globe. Rather high annual precipitation amount
was noticed around the equator, as well as in the Pacific and Atlantic Ocean of the northern hemisphere.
In fact, the dominance of the first CSEOF was expected, given how the annual precipitation data is
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handled in this study. Seasonal variation was removed in the process of temporal averaging. Only
the spatial variability remained in the resulting annual precipitation data, so the annual climatology
seems to be the dominant characteristic in this data.

However, it was not so obvious what other CSEOFs explain exactly. Most of them seemed to
explain somewhat different spatial patterns, with some distinctions around the equator. In the second
CSEOF, very strong precipitation spots were found around the equator; on the other hand, very weak
precipitation spots were found in the same region in the third CSEOF. The fourth CSEOF seems rather
opposite to the first CSEOF. The ratio of variance was around 0.38–1.87% for the second CSEOF, around
0.30–1.19% for the third CSEOF, and around 0.26–0.63% for the fourth CSEOF. In all models, including
the GPCP data, more than 98% of the total variance was explained by the first four CSEOFs.

Before analyzing the characteristics of the CSEOFs derived from 20 GCM predictions and the
GPCP data, it should be mentioned here that the difference in the level of darkness between the CSEOFs
did not represent the difference of the precipitation amount. As the NCAR-CAM5, MRI-CGCM3, and
MIROC5 models have a greater number of cells (due to higher spatial resolution), the CSEOF derived
for those GCM predictions looks rather brighter than others. On the other hand, for the BCM-CSM1.1
and IPSL-CM5a-LR models, as the number of cells is rather small, the CSEOF derived can be seen a bit
darker than others. This is simply because these CSEOFs were normalized to make the sum of squares
of each CSEOF be unified.

Figure 4 compares the first CSEOFs, derived from eight GCM predictions and the GPCP data.
Among 20 GCMs, eight GCMs were selected to show the first CSEOF. Similar to the first CSEOF of
GPCP data, the first CSEOFs of all eight GCMs in Figure 4 are composed of only positive numbers.
All of these first CSEOFs show the obvious and major spatial pattern of annual precipitation around
the equator. Different from the first CSEOF of the GPCP data, the precipitation was mostly and clearly
concentrated around the ±5◦ latitude, not the equator. A strong and clear symmetric pattern in the
northern and southern hemisphere around the equator was also common in all eight GCM predictions.
High precipitation amount in Southeast Asia was also a common pattern to be found in all eight
GCM predictions. Some dominant patterns around the equator could also be found in other CSEOFs.
However, as they look similar each other, it was not easy to distinguish one from another. As provided
in Table 3, the ratios of variance explained by these second to fourth CSEOFs were all far less than two
percent, so it may be absurd to try to link these CSEOFs to some spatial patterns of physical meaning.

Water 2018, 10, 28  10 of 17 

 

variation of the annual mean precipitation over the globe. Rather high annual precipitation amount 
was noticed around the equator, as well as in the Pacific and Atlantic Ocean of the northern 
hemisphere. In fact, the dominance of the first CSEOF was expected, given how the annual 
precipitation data is handled in this study. Seasonal variation was removed in the process of temporal 
averaging. Only the spatial variability remained in the resulting annual precipitation data, so the 
annual climatology seems to be the dominant characteristic in this data.  

However, it was not so obvious what other CSEOFs explain exactly. Most of them seemed to 
explain somewhat different spatial patterns, with some distinctions around the equator. In the second 
CSEOF, very strong precipitation spots were found around the equator; on the other hand, very weak 
precipitation spots were found in the same region in the third CSEOF. The fourth CSEOF seems rather 
opposite to the first CSEOF. The ratio of variance was around 0.38–1.87% for the second CSEOF, 
around 0.30–1.19% for the third CSEOF, and around 0.26–0.63% for the fourth CSEOF. In all models, 
including the GPCP data, more than 98% of the total variance was explained by the first four CSEOFs.  

Before analyzing the characteristics of the CSEOFs derived from 20 GCM predictions and the 
GPCP data, it should be mentioned here that the difference in the level of darkness between the 
CSEOFs did not represent the difference of the precipitation amount. As the NCAR-CAM5, MRI-
CGCM3, and MIROC5 models have a greater number of cells (due to higher spatial resolution), the 
CSEOF derived for those GCM predictions looks rather brighter than others. On the other hand, for 
the BCM-CSM1.1 and IPSL-CM5a-LR models, as the number of cells is rather small, the CSEOF 
derived can be seen a bit darker than others. This is simply because these CSEOFs were normalized 
to make the sum of squares of each CSEOF be unified. 

Figure 4 compares the first CSEOFs, derived from eight GCM predictions and the GPCP data. 
Among 20 GCMs, eight GCMs were selected to show the first CSEOF. Similar to the first CSEOF of 
GPCP data, the first CSEOFs of all eight GCMs in Figure 4 are composed of only positive numbers. 
All of these first CSEOFs show the obvious and major spatial pattern of annual precipitation around 
the equator. Different from the first CSEOF of the GPCP data, the precipitation was mostly and clearly 
concentrated around the ±5° latitude, not the equator. A strong and clear symmetric pattern in the 
northern and southern hemisphere around the equator was also common in all eight GCM 
predictions. High precipitation amount in Southeast Asia was also a common pattern to be found in 
all eight GCM predictions. Some dominant patterns around the equator could also be found in other 
CSEOFs. However, as they look similar each other, it was not easy to distinguish one from another. 
As provided in Table 3, the ratios of variance explained by these second to fourth CSEOFs were all 
far less than two percent, so it may be absurd to try to link these CSEOFs to some spatial patterns of 
physical meaning. 

(a) BCC-CSM1.1 (b) NCAR-CAM5 

(c) MRI-CGCM3 (d) GFDL-CM3 

Figure 4. Cont.



Water 2018, 10, 28 11 of 17

Water 2018, 10, 28  11 of 17 

 

(e) Observed (GPCP data) 

(f) GISS-E2-R (g) IPSL-CM5A-LR 

(h) MIROC5 (i) NorESM1-M 

Figure 4. Comparison of eight GCM predictions and GPCP data with their first CSEOFs. (a) BCC-
CSM1.1; (b) NCAR-CAM5; (c) MRI-CGCM3; (d) GFDL-CM3; (e) Observed data (GPCP data); (f) GISS-
E2-R; (g) IPSL-CM5A-LR; (h) MIROC5; (i) NorESM1-M. 

The CSEOFs derived from 20 GCM predictions were compared with those from the GPCP data, 
to evaluate the prediction ability of each GCM. As the CSEOFs were used as building blocks in the 
prediction of precipitation field, it may be assumed that more accurate prediction results can be 
expected with more similar CSEOFs to the observed data. As measures for the evaluation of the GCM 
predictions, the pattern correlation coefficient and NRMSE were derived from the CSEOFs of the 
GCM predictions and the GPCP data. Table 4 summarizes the resulting pattern correlation 
coefficients and the NRMSEs between CSEOFs, respectively. Even though this table provides the 
pattern correlation coefficients and NRMSEs from the first to the fourth CSEOF, those derived for the 
first CSEOF played a dominant role in evaluating the GCM predictions.  

Table 4. Pattern correlation coefficients and NRMSEs estimated for the CSEOFs of GCM Predictions 
and GPCP data. 

GCM Pattern Correlation NRMSE 
CSEOF 1 2 3 4 1 2 3 4 

BCC-CSM1.1 0.583 * 0.387 0.082 0.026 0.535 1.013 1.212 1.177 
NCAR-CAM5 0.662 * 0.019 0.036 0.166 0.729 1.092 1.081 1.120 
MRI-CGCM3 0.592* 0.402 0.169 0.117 0.644 0.918 1.135 1.019 
GFDL-CM3 0.574 0.260 0.067 0.069 0.490 1.106 1.360 1.308 
GISS-E2-R 0.545 0.189 0.055 0.017 0.532 1.115 1.291 1.238 

IPSL-CM5A-LR 0.547 0.192 0.008 0.089 0.569 1.250 1.426 1.481 
MIROC5 0.570 0.522 0.218 0.106 0.568 0.865 0.998 1.062 

NorESM1-M 0.702 ** 0.084 0.296 0.415 0.443 1.285 1.095 0.988 
BNU-ESM 0.501 0.291 0.054 0.036 0.570 0.942 0.861 1.009 
CanESM2 0.471 0.419 0.080 0.100 0.622 0.863 0.838 0.960 

Figure 4. Comparison of eight GCM predictions and GPCP data with their first CSEOFs.
(a) BCC-CSM1.1; (b) NCAR-CAM5; (c) MRI-CGCM3; (d) GFDL-CM3; (e) Observed data (GPCP
data); (f) GISS-E2-R; (g) IPSL-CM5A-LR; (h) MIROC5; (i) NorESM1-M.

The CSEOFs derived from 20 GCM predictions were compared with those from the GPCP data,
to evaluate the prediction ability of each GCM. As the CSEOFs were used as building blocks in the
prediction of precipitation field, it may be assumed that more accurate prediction results can be
expected with more similar CSEOFs to the observed data. As measures for the evaluation of the GCM
predictions, the pattern correlation coefficient and NRMSE were derived from the CSEOFs of the GCM
predictions and the GPCP data. Table 4 summarizes the resulting pattern correlation coefficients and
the NRMSEs between CSEOFs, respectively. Even though this table provides the pattern correlation
coefficients and NRMSEs from the first to the fourth CSEOF, those derived for the first CSEOF played
a dominant role in evaluating the GCM predictions.

Table 4. Pattern correlation coefficients and NRMSEs estimated for the CSEOFs of GCM Predictions
and GPCP data.

GCM Pattern Correlation NRMSE

CSEOF 1 2 3 4 1 2 3 4

BCC-CSM1.1 0.583 * 0.387 0.082 0.026 0.535 1.013 1.212 1.177
NCAR-CAM5 0.662 * 0.019 0.036 0.166 0.729 1.092 1.081 1.120
MRI-CGCM3 0.592* 0.402 0.169 0.117 0.644 0.918 1.135 1.019
GFDL-CM3 0.574 0.260 0.067 0.069 0.490 1.106 1.360 1.308
GISS-E2-R 0.545 0.189 0.055 0.017 0.532 1.115 1.291 1.238

IPSL-CM5A-LR 0.547 0.192 0.008 0.089 0.569 1.250 1.426 1.481
MIROC5 0.570 0.522 0.218 0.106 0.568 0.865 0.998 1.062

NorESM1-M 0.702 ** 0.084 0.296 0.415 0.443 1.285 1.095 0.988
BNU-ESM 0.501 0.291 0.054 0.036 0.570 0.942 0.861 1.009
CanESM2 0.471 0.419 0.080 0.100 0.622 0.863 0.838 0.960

CNRM-CM5 0.502 0.337 0.006 0.062 1.152 1.566 1.582 1.964
ACCESS1.3 0.460 0.219 0.018 0.095 1.105 1.952 1.730 1.798
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Table 4. Cont.

GCM Pattern Correlation NRMSE

CSEOF 1 2 3 4 1 2 3 4

CSIRO-Mk3.6.0 0.421 0.250 0.162 0.017 0.921 1.217 1.335 1.442
FIO-ESM 0.526 0.089 0.004 0.012 0.560 0.992 0.809 0.970

EC-EARTH 0.498 0.376 0.176 0.048 1.559 1.844 1.899 2.210
INMCM4.0 0.564 0.326 0.039 0.074 0.843 1.161 1.050 1.322
FGOALS-g2 0.517 0.385 0.031 0.060 0.566 0.814 0.920 0.953

MPI-ESM-LR 0.457 0.416 0.018 0.140 0.844 1.079 1.211 1.223
HadGEM2-AO 0.445 0.355 0.123 0.128 1.096 1.514 1.722 1.823
HadGEM2-ES 0.477 0.202 0.126 0.050 1.072 1.464 1.472 1.603

* statistically significant at α = 0.10; ** statistically significant at α = 0.05.

As can be seen in Table 4, the pattern correlation coefficients estimated for the first CSEOF
were higher than 0.4 in all GCM predictions. In particular, the pattern correlation coefficients of the
NCAR-CAM5 and NorESM1-M models were estimated to be very high, at more than 0.6. In fact, the
pattern correlation coefficient of 0.4 was not high enough for the CSEOF to be used for the purpose
of prediction. Only the NorESM1-M model showed a pattern correlation coefficient higher than 0.7.
In this study, the statistical significance of the pattern correlation was tested based on the critical value
under given significance level. When n = 9 (the degree of freedom is 7), the critical value for correlation
coefficient is equal to 0.666, under a significance level of 5% [62]. In this case, only the NorESM1-M
model was found to be better than others. However, if the significance level was 10% (the critical value
is 0.582), three GCMs, including BCC-CSM, NCAR-CAM5, and MRI-CGCM3 were found to be better.

In the cases of the second to the fourth CSEOF, the overall pattern correlation coefficients of the
20 GCMs were lower than that for the first CSEOF. For the second CSEOF, the pattern correlation
coefficients of 10 GCMs were less than 0.3, which is also very low for the purpose of prediction.
Only the pattern correlation coefficients of the MRI-CGCM3, MIROC5, CanESM2, and MPI-ESM-LR
models were higher than 0.4. All of the pattern correlation coefficients for the third CSEOF were less
than 0.3. The only pattern correlation coefficient estimated to be close to 0.3 was that of the NorESM1-M
model. The pattern correlation coefficients estimated for the fourth CSEOF were estimated to be very
low. The pattern correlation coefficients of all GCMs, except for the NorESM1-M model, were less than
0.2. The pattern correlation coefficient of the NorESM1-M model was around 0.4.

Contrary to the pattern correlation coefficient, the NRMSE decreased as the GCM prediction
became more accurate (Table 4). For the first CSEOF, a total of 18 GCMs were found to have NRMSE
values higher than 0.5. Only two GCMs, GFDL-CM3 and NorESM1-M, had an NRMSE value smaller
than 0.5. In particular, the first CSEOF of the NorESM1-M model was found to have the lowest NRMSE
value of 0.443, while the NRMSE for the GFDL-CM3 model was 0.490.

The NRMSE estimated for the second to fourth CSEOFs was much higher than that for the first
CSEOF. In the case of the second CSEOF, six GCMs had NRMSE values smaller than 1.0. The second
CSEOF of the FGOALS-g2 model had the lowest NRMSE value of 0.814, and the NRMSE of CanESM2
was the second lowest, at 0.863. For the third CSEOF, all GCMs except for the MIROC5, FIO-ESM,
and FGOALS-g2 models had an NRMSE value higher than 1.0. The NRMSE for the third CSEOF
of the FIO-ESM model was 0.809. The fourth CSEOF of the NorESM1-M, CanESM2, FIO-ESM, and
FGOALS-g2 models were found to have an NRMSE value of less than 1.0, which was 0.988, 0.960,
0.970 and 0.953.

Additionally, it should be mentioned that the pattern correlation coefficients and the NRMSEs
estimated in this study could have been affected by the different spatial resolutions of GCM predictions.
The spatial resolution of the GPCP data is 2.5◦ × 2.5◦, but the spatial resolution of the GCMs considered
in this study are very different each other. Thus, in this study, when comparing the CSEOFS of the GCM
predictions with those of the GPCP data (i.e., when estimating the pattern correlation coefficient and
the NRMSE), the spatial resolution of both the GCM prediction and the GPCP data were harmonized
by the smallest common multiple. It was also possible to consider the smallest common multiple of all
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the GCMs, but it was excluded, as the resulting resolution was too coarse. Thus, the result in this study
can have some uncertainty, due to this inconsistency of the spatial resolution used when comparing
the GCM prediction and the GPCP data. The uncertainty, however, was found to be not so serious,
based on the evaluation with some other possible spatial resolutions based on common multiples.

5. Discussions on the Performance of GCM Predictions

In the previous two sections, the GCM predictions of precipitation were compared with the GPCP
observed data. The comparison was based on two methods: first, using conventional statistics, like the
mean and standard deviation; and second, using the pattern correlation coefficient and NRMSE of
those CSEOFs derived from the GCM predictions and the GPCP data. In this part of the study, both
the conventional statistics and statistics for the comparison of CSEOFs were merged to evaluate the
performance of GCM predictions.

Among many conventional statistics considered in the comparison, the NRMSEs of the grid mean
and zonal mean were selected for the evaluation of the GCM predictions. The reason for selecting
these two statistics was to make the comparison of GCMs easier, as the NRMSE can consider both the
bias (i.e., mean difference) and random error (i.e., standard deviation). The NRMSE for the global data
was not considered, as it was too small to be used with other statistics. Both the pattern correlation
coefficient and the NRMSE were selected as measures for the comparison of the CSEOFs. Only the
first CSEOF was considered in this comparison, as it covers most of the original variability. As a result,
a total of four different statistics were selected, which were used to compare the GCM predictions
such as in Figure 5. In this figure, as the NRMSE is the measure of badness (i.e., zero represents the
best), the pattern correlation coefficient was replaced by the value of the pattern correlation coefficient
subtracted from one.
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Figure 5 can be interpreted as showing that the closer the GCM is to the origin, the more similar
it is with the GPCP data. The first quadrant in Figure 5 shows that NorESM1-M is the closest to the
origin. That is, when the pattern correlation coefficient and NRMSE of the first CSEOF are considered,
the NorESM1-M model becomes the most similar one to the GPCP data. In the second quadrant where
the pattern correlation coefficient for the first CSEOF and the NRMSE of the grid mean are concerned,
the NorESM1-M model was also found the nearest to the origin. However, the IPSL-CM5A-LR model
was found to be closer to the origin in the third quadrant, where the NRMSEs of the grid and zonal
means were concerned. Finally, in the fourth quadrant, where the NRMSEs of the zonal mean and the
first CSEOF were considered, the NorESM1-M model was also found to be the nearest to the origin.
Overall, it is obvious that the NorSM1-M model is the most similar to the GPCP data. However, the
IPSL-CM5A-LR model was found to be the best when only the conventional statistics are concerned.
Additionally, the BCC-CSM model was found to be similar to the GPCP data in all four quadrants.

6. Conclusions

In this study, 20 GCM predictions of precipitation were compared with the observed GPCP data.
The GCMs considered in this study were all those covering the period from 2006 to 2014, which was
the maximum to be considered in this study for the comparison of the GCM predictions and GPCP
data. Among 23 development institutes for GCMs, a total of 20 GCMs were selected for the CSEOF
analysis in this study. The comparison was done for three data structures, being the global, zonal, and
grid means, along with those conventional statistics like the root mean square error (RMSE) and the
pattern correlation coefficient of the CSEOF. The results obtained from this study are summarized
as follows.

In the comparison of the GCM predictions and GPCP data with the conventional statistics, the
IPSL-CM5A-LR and NorESM1-M models were found most similar to the GPCP data. This result
was consistent in all the comparisons of annual mean, as well as in the NRMSEs of global, zonal and
grid data.

The CSEOF analysis of the GCM predictions and GPCP data showed that the first CSEOF was
dominant, in that it covered more than 95% of the total variance of the original data. Thus, the
comparison was done only for the first CSEOF, to derive the pattern correlation coefficient and NRMSE.
In this comparison, the NorESM1-M model was also found to be the most similar to the GPCP data.
The BCC-CSM, NCAR-CAM5, and MRI-CGCM3 models were also found to have quite a high pattern
correlation coefficient.

Similar results were also derived from the merged comparison of both the conventional statistics
and the statistics for the comparison of CSEOFs. Overall, the NorSM1-M model was found to be the
most similar to the GPCP data. Additionally, the IPSL-CM5A-LR, BCC-CSM, and GFDL-CMS models
were also found to be quite similar to the GPCP data.

As a result in this study, the precipitation predictions of the NorSM1-M model were found to
be the most similar to the GPCP data. However, it should be remembered that this result is based
only on several statistics. The fact that the annual data were used in the comparison may be the most
serious limitation of this study. It may be possible to derive a different conclusion when considering
the monthly or daily data. Additionally, it should also be remembered that the results of this study
do not guarantee the quality of the future prediction. It is also true that we do not have many other
measures to be used for the selection of a proper GCM. Consideration of multiple GCMs, not just one,
may be a better method for the study of global warming and climatic change.
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