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Abstract An atmospheric regional climate model (CCLM)
was employed to dynamically downscale atmospheric
reanalyses (NCEP/NCAR 1, ERA 40) over the western
North Pacific and South East Asia. This approach is used
for the first time to reconstruct a tropical cyclone climatology, which extends beyond the satellite era and serves
as an alternative data set for inhomogeneous observationderived records (Best Track Data sets). The simulated TC
climatology skillfully reproduces observations of the recent
decades (1978–2010), including spatial patterns, frequency,
lifetime, trends, variability on interannual and decadal time
scales and their association with the large-scale circulation patterns. These skills, facilitated here with the spectral
nudging method, seem to be a prerequisite to understand
the factors determining spatio-temporal variability of TC
activity over the western North Pacific. Long-term trends
(1948–2011 and 1959–2001) in both simulations show a
strong increase of intense tropical cyclone activity. This

contrasts with pronounced multidecadal variations found
in observations. The discrepancy may partly originate from
temporal inhomogeneities in atmospheric reanalyses and
Best Track Data, which affect both the model-based and
observational-based trends. An adjustment, which removes
the simulated upward trend, reduces the apparent discrepancy. Ultimately, our observational and modeling analysis
suggests an important contribution of multi-decadal fluctuations in the TC activity during the last six decades. Nevertheless, due to the uncertainties associated with the inconsistencies and quality changes of those data sets, we call for
special caution when reconstructing long-term TC statistics
either from atmospheric reanalyses or Best Track Data.
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Tropical cyclone (TC) activity over the last five decades has
recently gained substantial attention, leading to a debate on
global warming and its potential impact on TC variability.
Unfortunately, in the western North Pacific basin (WNP)
TC statistics derived from different observation-derived
data sets (‘Best Track Data’, hereafter referred to as BTD)
show strong discrepancies. These differences imply severe
inhomogeneities (Barcikowska et al. 2012; Ren et al. 2011;
Kamahori et al. 2006; Wu et al. 2006), impacting mostly
the highest TC intensity records. Therefore results based on
BTD relating to TC variability and changes due to global
warming/increasing sea surface temperature (SST) are
inconclusive and questionable.
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Atmospheric reanalyses are an alternative source of
data, potentially useful for deriving storm statistics, given
sufficiently long and homogenized observational data sets.
However, the coarse spatial resolution of reanalyses limits
the possibility of deriving realistic features of meso-scale
phenomena like TCs. General circulation models (GCMs)
or atmospheric general circulation models (AGCMs) with
relatively high horizontal resolution (up to 20 km horizontal resolution) were used recently for future climate
projections (Knutson et al. 1998; Bengtsson et al. 2007;
Camargo and Barnston 2009; Oouchi et al. 2006; Vitart
et al. 1997; Kamahori et al. 2011; Murakami et al. 2012).
However, these studies are still not providing univocal
results. Large parts of the studies indicate a decrease in
TC frequency, but also an increase in more intense TCs
(Sugi et al. 2002; Sugi and Yoshimura 2004, 2012; Knutson et al. 1998; Bengtsson et al. 2007; Zhao et al. 2007).
However, Stowasser et al. 2007 projected an increase of
TC frequency. Mei et al. (2015) reconstructed a TC climatology over the WNP for the last three decades, using
the Geophysical Fluid Dynamics Laboratory (GFDL)
High-Resolution Atmospheric Model (HiRAM, 25-km
horizontal resolution) forced with observed SST. Authors
found a strong decadal signal, associated with the SST
changes in the tropical Central Pacific. However, a relatively high interannual variability of TCs, compared to the
length of the simulations (1978–2008), constrained feasibility of extracting statistically meaningful signals of TC
variations.
Large uncertainty of the derived results stems from the
biases in simulated large-scale environmental conditions
and these can be associated with the model’s relatively low
skill in simulating interannual or decadal-scale variability of TC activity. Nevertheless, some studies (e.g. Iizuka
and Matsuura 2008; Zhang et al. 2016) demonstrated that
a coupled ocean–atmosphere general circulation model
(CGCM), can skillfully capture a relationship between
WNP TC activity and ENSO. The statistical/downscaling method of Emanuel et al. 2008 allowed to reproduce
with reasonable skill the observed variability of TCs power
dissipation.
The dynamical downscaling approach provides an
opportunity to reconstruct a long-term and homogeneous
TC climatology with significantly reduced computational
costs. A number of studies demonstrated high skill of
atmospheric regional climate models (RCMs) to downscale
meso-scale features of TCs (Feser and von Storch 2008a, b;
Walsh et al. 2004; Knutson et al. 2007; Wu et al. 2014; AuYeung and Chan 2012; Huang and Chan 2014). Although
simulated TC intensities are often too small compared to
observed values, they are still more realistic than those
in global reanalyses. Knutson et al. (2007) showed that
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dynamical downscaling of NCEP atmospheric reanalyses
with an 18-km grid RCM utilizing spectral nudging, successfully reproduces the observed interannual TC variability over the North Atlantic basin between 1980 and 2006.
Wu et al. (2014) followed the approach of Knutson 2007
for the western North Pacific. But the authors were not
able to reproduce the interannual variability of TC activity, mostly due to a weak/absent relationship with ENSO
(Camargo et al. 2007; Wang and Chan 2002). Wu et al.
(2012) examined the internal variability in downscaling
simulations of the WNP climate, and reduced its impact by
using an average over ensemble simulations.
A detailed analysis of TC activity over the WNP and
determination of their interannual and decadal-scale variations is important. It could help to understand the impact of
future changes in large-scale circulation on TC activity and
therefore enhance a potential skill for TC activity predictions. Due to the high computational costs of high-resolution regional climate simulations (even though smaller than
for high-resolution GCM simulations), these models have
not yet been applied to hindcast TC climate for more than
three decades.
This study investigates a present-climate typhoon climatology, reconstructed using an atmospheric RCM. Two
simulations are performed, for the periods 1948–2011 and
1959–2001. These are the first such long-term regional
hindcast simulations focusing on typhoons. The climatology is derived with a regional atmospheric model, driven
by two coarsely resolved atmospheric reanalyses, provided by NCEP/NCAR [National Center for Environmental Prediction/National Center for Atmospheric Research,
(Kalnay et al. 1996)] and by the European Centre for
Medium-Range Weather Forecast (ERA-40, Uppala et al.
2005). Using such a temporally stationary model system
can potentially lead to more homogeneous typhoon climatologies than those derived from observational data
sets. A shortcoming of this approach is that the quality of
the derived results strongly depends on the quality of the
atmospheric fields, which drive the RCM simulation. The
potential inhomogeneities present in the reanalyses can be
inherited by the model simulation.
The structure of the study is as follows: Sect. 2 describes
the model settings, the statistical methods applied in the
study, and the data. In the first part of Sect. 3, spatial features as well as intensity of downscaled TCs are compared
with the observations (BTD). The second part of Sect. 3
focuses on temporal variations of the derived TC climatology. The third part analyzes the relationship between largescale environmental patterns and interannual-to-decadal TC
variability. The last part of Sect. 3 examines the differences
in simulated TC intensity between the two reconstructions,
which are based on different reanalyses. It also discusses
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the uncertainty of the results, associated with the potential temporal inhomogeneities in the atmospheric reanalyses. Section 4 provides an interpretation for the results and
summarizes the main findings.

2 Model, data and methodology
2.1 Model set up and global forcing data
The regional model applied in this study is the Cosmo-CLM
(CCLM, www.clm-community.eu; (Rockel et al. 2008; Steppeler et al. 2003), the climate version of the Lokal Modell of
the German Weather service (Böhm et al. 2006). The NCEP/
NCAR 1 reanalysis (Kalnay et al. 1996) (6-hourly resolution
and a grid spacing of T62, 210 km) and the ERA-40 reanalysis (Uppala et al. 2005) (6-hourly resolution and a grid spacing of T159, 125 km) serve as initial conditions and forcing
fields. The model was run in climate mode, which means that
it was initialized with reanalysis data only at the very beginning and then run continuously for several decades, using the
reanalysis data as boundary conditions. Additionally, CCLM
was forced to follow the global state more closely, using a
spectral nudging technique (von Storch et al. 2000). The technique was applied here only for horizontal wind components.
It was shown by Feser and Barcikowska (2012) that spectral
nudging is very efficient at reducing the RCM’s internal variability. Consequently, the simulated large-scale climate was
in very good agreement with the driving fields, and the representation of TC climatology significantly improved. The
RCM wind fields were spectrally nudged within the entire
model interior, starting at 850 hPa with increasing strength
for higher model layers. Below 850 hPa, where regional-scale
features are important, the RCM was not nudged. Sea surface
temperature is provided by each of the reanalyses. The simulation area covers the region of the western North Pacific and
South-East Asia within the region: 20°S, 110°E; 20°S, 180°E;
and 45°N, 80°E; 45°N, 160°W. The grid spacing chosen for
the model is 0.5° which amounts to about 55 × 55 km. The
RCM was driven in the non-hydrostatic mode, using the
standard parameterization and the Tiedtke (1989) convection
scheme. For detailed model settings we refer the reader to
Feser and von Storch (2008a, b).
2.2 Tropical cyclone detection and tracking algorithm
Hindcasted TC tracks were extracted with a tracking algorithm (Feser and von Storch 2008a, b) that searches for local
minimum sea level pressure and maximum wind speed.
Before tracking, a spatial digital band-pass filter (Feser and
von Storch 2005) was applied to the 1-hourly output of sea
level pressure fields to extract only meso-scale features like
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TCs. A TC was identified when a wind speed maximum of
17.5 m s−1 was reached, a pressure minimum of 995 hPa, a
filtered pressure anomaly of −9 hPa and for duration times
of more than 48 h. With these criteria the mean annual TCs
number is comparable to observation-derived ones (BTD).
In this case 1980–2007 was taken as a reference period. By
then satellite observations were available, allowing for better
homogeneity in observed TC records (Velden et al. 2006).
To identify TCs of categories 2–5 on the Saffir–Simpson Hurricane-Scale (hereafter referred to as intense TCs)
the cyclonic system had to satisfy higher intensity criteria.
However, intensity is often underestimated in 50-km horizontal resolution RCMs. Therefore, those criteria were calibrated subjectively to the frequency of the observed intense
TCs, namely corresponding to the category 2–5 of the Saffir Simpson classification. This approach prevents from
underrepresentation of the intense TCs frequency, which
occurred in the previous studies (Knutson et al. 2007; Wu
et al. 2014), extracting intense storms based only on their
wind and pressure intensity.
2.3 Data and statistical methods
For comparison purposes we use BTD provided by the
Japanese Meteorological Agency (JMA, www.jma.go.jp/
jma/jma-eng/jma-center/rsmc-hp-pub-eg/besttrack.html),
the China Meteorological Administration (CMA, http://
www.typhoon.gov.cn), and the Joint Typhoon Warning
Center (JTWC, www.usno.navy.mil). Access to all mentioned data sets were facilitated by the International Best
Track Archive for Climate Stewardship (hereafter referred
to IBTrACS; http://www.ncdc.noaa.gov/oa/ibtracs/index.
php?name5ibtracs-data). Those data sets differ from one
another, especially for TC intensities. Remarkable discrepancies are associated with inhomogeneities, caused by
changing operational methods and observational sources
and also lack of in situ measurements suitable for data
validation (Barcikowska et al. 2012; Landsea et al. 2006).
JMA BTD were found to be most useful in terms of temporal homogeneity and long-term statistics (Barcikowska
et al. 2012). Remote sensing remarkably improved spatial
homogeneity of TC measurements. Therefore measurements recorded since begin of the satellite era (1978) were
used for comparison of the observation-derived and simulated spatial patterns of TC tracks. Previous studies (Barcikowska et al. 2012; Kamahori et al. 2006) indicated that
TC climate statistics derived from independent BTD sets
can be more univocal when analysis focuses collectively on
TCs of intensity categories 2–5 of the Saffir–Simpson Hurricane Scale (hereafter referred to as intense TCs). Therefore the present study will pay particular attention to the
statistics of the intense TCs.
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For an analysis of the reanalysed decadal ocean–
atmosphere variability over the Pacific we used annual
sea surface temperature (SST) and monthly pressure at
mean sea level (SLP), zonal wind and precipitation datasets are provided by NOAA-CIRES 20th Century Reanalysis V2c (20CR, Compo et al. 2011, http://www.esrl.
noaa.gov/psd/data/-20thC_Rean/). All variables were further interpolated to a common 10° × 10° lat-lon grid.
Simulated TC climatology was analyzed using metrics
of seasonally (JASON) aggregated, basin-wide frequency
for TCs (all intensity categories), intense TCs (falling
into category 2–5 of Saffir–Simpson classification) and
accumulated number of days for the intense TCs (i.e.
intense TCs lifetime). The period of TC days analysis for
CCLM driven by NCEP (hereafter referred to as CCLMNCEP) is 1948–2011, 1959–2001 for CCLM driven by
ERA-40 (hereafter referred to as CCLM-ERA), and
1951–2011 in BTD. For one BTD (JMA) statistics could
be derived only since 1977, due to the lack of intensity
recordings for the earlier period.
Seasonal fields of spatial density (SPD) of 6-hourly TC
occurrences (SPD) were derived with the horizontal resolution of 5° × 5° and for the period 1978–2001, when all
data sets were available. Linear trend fields were derived
from SPD fields, using least squares fit algorithm. Composite analysis of differences in the spatial TC density
anomalies during the positive and negative ENSO phase
was done based on values higher and lower than the 50th
percentile of the NINO3.4 index in 1978–2010. This
allowed us to use samples of 30 values falling into either
ENSO positive or ENSO negative category. Analysis was
repeated for the upper and lower 33th percentiles, which
did not alter substantially the results. The NINO3.4 time
series were downloaded from: http://www.esrl.noaa.gov/
psd/gcos_wgsp/Timeseries/Nino34/.
The metrics used to analyze seasonal TC intensity are:
mean TC intensity (m s−1), and mean power dissipation
index (m3 s−3) (hereafter referred to as mean PDI, Emanuel (2005, 2007)). Mean TC intensity at a certain location
is derived by averaging seasonal accumulated maximum
velocities of all passing TCs. For those calculations values
of wind speed at each 6-hourly TC position were used.
An empirical orthogonal function (EOF) analysis was
applied in order to define dominant spatial modes of simulated and BTD seasonal TC variability. Resulting ‘key’
patterns are derived from the anomalies of annual SPD
fields for both CCLM simulations in the common period
1978–2001. The patterns, which explain a greater percentage of the variance in the input data are considered to be
more dominant. An EOF analysis was also used to describe
uncertainties of TC activity in CCLM reconstructions. The
analysis was applied separately and jointly to annual fields
of the differences between CCLM simulations (CCLM
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NCEP minus CCLM ERA), for atmospheric temperature
at 100 hPa, mean PDI, accumulated TC intensity (hereafter
wmax) and accumulated TC occurrences (spd).
Analysis of decadal-scale variations of TC activity
was done with Singular Spectrum Analysis (SSA). It is a
non-parametric, data-adaptive method, which has been
well described by Broomhead and King (1986), Fraedrich
(1986), or Allen and Smith (1996).
The relationship between temporal TC variability and
large-scale environmental conditions was analyzed with
Multi-Channel Singular Spectrum Analysis (MSSA, Allen
and Robertson 1996). MCSSA is an extended version of the
SSA. It searches for spatially coherent temporal patterns.
Therefore, assuming that dynamical mechanisms are timescale selective, this method is more likely to extract signals
representing single, dynamically meaningful mechanisms.
As an eigenvalue-based method, MSSA decomposition is
based on diagonalizing a matrix. The matrix is created with
vector time series and embedded lagged-time series. Because
the length of the time series is short, compared to the number of spatial channels (grid boxes), dimension of the dataset
was primarily reduced to the first 10 leading PCA components (explaining more than 80% of variance). The lag window applied to the annual SST fields and TC time series is
20 years and the time interval is one year. This was done to
enable extraction of statistically significant signals with temporal variability on a yearly-to-decadal time scale.
MSSA was repeated for the reanalysed annual 20CR
SST and SLP dataset, for the larger domain and longer
period. We used data for the Pacific region between 60°S
and 60°N, spanning back to the early 20th century. Data
was further reduced to the first leading 20 PCA components, analyzed with a lag window of 35 years. Sensitivity of the results was tested with the M lag window for
20 < M < 35, which did not indicate substantial impact on
the results. Significance of decadal-scale variability was
tested using a Chi squared test.
Linear regression analysis was performed for annual values of 20CR SLP and zonal wind and precipitation, with
significance tested with a F-statistic test for the analysis of
variance.

3 Results
3.1 Simulated and observed TC climatology over the
western North Pacific: spatial distribution
and intensity
In this section, spatial and temporal features of TC occurrences reconstructed with CCLM are compared with
BTD. The analysis focuses on interannual, decadal and
climatological time-scale variability of TCs in the JASON
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Fig. 1  Density (shaded) of the seasonal (JASON) 6-h TC occurrences, normalized by their spatial mean in a CCLM-NCEP simulation and BTD b JMA, c CMA, d JTWC, for the common period:
1978–2001. Numbers are shown for 5° × 5° lat-lon boxes. Contours

show the composite difference in the yearly TC occurrences during
the positive and negative ENSO phase (ENSO positive—ENSO negative). Contours with negative values are dashed

seasons of 1978–2010. BTD sets in this period are more
reliable, since their primary observational sources are
satellite-based measurements.
CCLM TC climatologies were extracted with a tracking algorithm set up to match the BTD mean annual
TC frequency (26 TCs). The seasonal distribution of
extracted TCs is slightly biased toward the cold season.
Therefore seasonal (JASON) mean of CCLM-NCEP and
CCLM-ERA simulations is slightly lower (17.3 and 17.9
TCs), than observations. BTD indicate 20.5, 22.6, 22.2
TCs for JMA, CMA, JTWC respectively. The standard
deviations of these time series, shown in Fig. 4a, are comparable and reach values of 4.4 TC for CCLM-NCEP and
3.6/4.2/4. TC for JMA, CMA and JTWC respectively.
The hindcasted climatology of the spatial distribution
shows very realistic features, and bears a close resemblance to the BTD. Figure 1 shows spatial densities,
derived from hindcasted (CCLM-NCEP) and BTD TCs’
6-hourly trajectories between 1978 and 2001. The density
fields are normalized by the mean spatial density; therefore they represent a directly comparable measure of TC
concentration for all four data sets.

Both simulations (CCLM-NCEP, CCLM-ERA) skillfully reproduced the BTD patterns (CMA, JMA, JTWC).
All fields feature two local maxima, centered approximately at the 20°N latitude and separated by the Philippines–Taiwan meridian. TCs in CCLM-NCEP aggregate
most densely in the main development region (10°–30°N,
120°–150°E), located on the east side of the north Philippines, and to smaller extent on the west side. These
regions are very well collocated with the local maxima
in the CMA and JTWC datasets. Spatial agreement is
weaker with the JMA data set. For this data set the highest concentration is distinctively shifted northward,
located north-east from Taiwan. Regarding the TC’s concentrations all the BTD sets have their own, small distinctive features. For example: the CMA dataset shows
the highest concentration in the South China Sea; TCs in
JMA aggregate mostly in the north part of the main development region, north-east of Taiwan (20°–30°N); while
in JTWC, TC occurrences are distributed more uniformly
between these regions. Additionally, the JTWC track pattern is slightly longer than in other datasets, since TC
genesis in this data set is shifted towards tropical areas
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of the central Pacific. This is most likely caused by differences in monitoring practices, which were applied to
identify and record storms in an earlier stage of development. Other discrepancies are possibly caused by the
differences in the available observational sources, techniques and postprocessing practices employed to compile
the data sets (Barcikowska et al. 2012; Song et al. 2010).
Overall, simulated CCLM-NCEP TC occurrences
appear fairly realistic when compared with BTD features.
Taking into account the location of maximum TC aggregation, simulations seem to be most consistent with the
JTWC data, though the simulated ratio in the main development region is slightly higher.
Both simulations successfully reproduce the BTD
patterns of spatial variability—associated with ENSO
(Camargo et al. 2007; Wang and Chan 2002). Contours
shown in Fig. 1 indicate the difference between years with
the positive and negative ENSO phase, derived from the
observation-derived and simulated TC trajectories. The
patterns in all simulated and BTD fields show characteristic anomalous TC activity in the south-eastern quadrant of
the WNP during the positive phase and in the north-western quadrant during the negative phase. This spatial modulation of TC trajectories, as well as its impact on lifetime
and TC maximum intensity, is the most distinguishable
feature of the recorded interannual TC variability over the
WNP (Camargo and Sobel 2005; Chan 2000; Wang and
Chan 2002; Wu et al. 2012). Nevertheless, not many modeling studies (Zhao et al. 2007; Emanuel et al. 2008) till
now have shown a reasonable skill in reproducing interannual variability of TC frequency in this region.
High skill of CCLM in reproducing the spatial distribution
of TCs as well as the spatial and temporal sensitivity of TC
variations to ENSO, stems largely from skillful simulation
of the large-scale circulation over the WNP. This has been
achieved with an application of a spectral nudging technique.
Feser and Barcikowska (2012) have shown that the technique
substantially reduces both the simulated positive bias of the
Asian monsoon circulation (e.g. westerly winds, relative vorticity and precipitation) and the negative bias of the subtropical high. The study also shows, that nudging the simulated
large-scale winds towards the reanalyzed atmospheric state,
allows for detailed replication of the observation-derived TCs.
In other words, simulated TC trajectories very closely followed, in both space and actual time, their BTD counterparts.
This agreement is also reflected in an actual location and
time of storm intensification, which results in a pattern of
the mean TC intensity, which is very similar to the BTD
pattern. Figure S1 shows spatial distributions of mean TC
intensity with a characteristic local maximum in the subtropical area between Taiwan and Japan. This feature is
associated with the impact of TC contraction and intensification during TC recurvature, which usually occurs in the
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Fig. 2  Scatterplot of maximum surface wind speed (m s−1) versus minimum pressure (hPa) for all TC 6-h occurrences during their
lifetime in the period 1978–2010, simulated with CCLM-NCEP (red
dots). Blue and black lines are cubic spline fits for CCLM and for
CMA BTD, respectively

vicinity of Taiwan. Nevertheless, simulated mean intensity
per storm is much weaker than the BTD values, and this
issue will be discussed in the following.
Cha et al. (2011) suggested that spectral nudging of the
models interior towards the large-scale atmospheric state
inhibits the TC intensification process. In contrast, Feser
and Barcikowska (2012) found, that in a 50-km horizontal resolution run the impact of the spectral nudging on
TC wind speed is negligible. This is due to other limiting
factors, consistently with other studies (e.g. Knutson et al.
2007; Wu et al. 2014), which are mostly associated with
model dynamical characteristics, such as horizontal resolution or the convection scheme.
The 6-h intensities, simulated with CCLM-NCEP for
the 1978–2001 period, are shown in Fig. 2 in the form of
a wind-pressure relationship. Both maximum wind speeds
and minimum core pressure are severely underestimated,
reaching the Saffir–Simpson category 4 (<920–944 hPa) in
terms of minimum core pressure, but only the lower limits of Saffir–Simpson category 2 (>43–49 m/s) in terms of
maximum surface wind speed. A strong underestimation
of the winds already occurs when pressure drops below
~980 hPa. The strong nonlinearity in the simulated windpressure relationship (blue line), compared to the BTD one
(black line) is a characteristic deficiency of a ~50 km resolution model, as the resolution is not sufficient to resolve
the strong pressure gradients that intense TCs feature (e.g.
Knutson et al. 2007; Wu et al. 2014). Wu et al. (2014) has
explicitly shown that this deficiency certainly impacts a
distribution of TC intensity and consequently underestimates the number of intense TCs. Close inspection of the
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Fig. 3  Density (shaded) of intense TC 6-h occurrences (falling into
category 2–5 on the Saffir–Simpson Hurricane Scale), normalized by
their spatial mean for left) CCLM-NCEP (shaded) and CCLM-ERA
(contours) simulations and right) observations: JTWC (shaded) and

JMA (contours) for the common period: 1978–2001. Numbers are
shown for 5° × 5° lat-lon boxes. Sample of the intense TCs in CCLM
was derived with non-objective criteria, matching the observed frequency number of intense TCs

simulated CCLM storms (Feser and Barcikowska 2012;
Feser and von Storch 2008a, b) has shown additionally, that
the model can adequately reproduce the time and trajectory
of intense storms, except that its intensity category is often
too low. This shortcoming strongly indicates, that intensity
measures alone cannot serve as a benchmark for the extraction of a realistic sample of the intense storms. We take this
fact into account in the further part of our analysis, which
focuses on the climatology of intense TCs.

et al. 2012; Kamahori et al. 2006). The standard deviations for the simulated and BTD annual TC variability
are both relatively similar to one another: 2.9/2.5 TCs
for CCLM-NCEP and CCLM-ERA respectively, and
2.2/2.3/2.7 for JMA/CMA/JTWC. The skill of the chosen tracking algorithm settings is high enough to capture
very realistically the climatological features of the spatial density, an interannual and decadal scale variability
of the intense TCs and their relationship with the largescale circulation.
Figure 3 shows the spatial density, derived from hindcasted (CCLM-NCEP, CCLM-ERA) and BTD (JTWC
and JMA) intense TCs’ 6-hourly trajectories between
1978 and 2001. The simulated TC occurrence ratios are
very realistic compared to BTD. The pattern is consistent
with the usual trajectories of the intense TCs. It spreads
from the south-eastern part of the WNP, where most of
TC genesis occurs, and recurves towards Japan. The simulated intense TCs aggregate most densely in the main
development region (20°N, 120°–150°E). Both CCLMNCEP and CCLM-ERA exhibit maxima in the region
(20°N, 130°–140°E), which matches almost perfectly all
the BTD. The JTWC track pattern is slightly longer than
those of the three datasets, since TC genesis in this dataset is shifted towards tropical areas of the central Pacific.
This is most probably caused by differences in monitoring practices, which were applied to identify and record
cyclones in an earlier development stage.
We wish now to examine interannual, decadal and
longer-term variability of the simulated TCs. Following the convention of our analysis we will compare first
the simulated and observed features in the most recent
period, from 1978 to 2010. Figure 4 presents time series
of the simulated and BTD seasonal (JASON), basin-wide
TC activity metrics: counts of TCs with at least tropical

3.2 Simulated and observed temporal variability
of TCs over the western North Pacific
This section presents results derived for all and intense
TCs in JASON seasons of 1978–2010. Due to the
model deficiencies in representing realistic intensities,
as described above, derivation of the intense TCs is not
based on objective criteria. In order to reconstruct climatologies of intense TCs, the tracking settings were tuned
to match higher intensity thresholds, but also to match
the observed frequency of intense TCs. In exact terms,
we have chosen the number of TCs from the upper tail
of the intensity distribution, which corresponds to the
number of TCs within category 2–5 of the Saffir Simpson classification. Since the tracking algorithm sometimes captures weaker TCs, the number of detected TCs
(seasonal mean: 7.68 TCs in CCLM NCEP, 6.6 TCs in
CCLM ERA for 1978–2001) in the reconstruction is
slightly larger than the JMA and CMA numbers (seasonal mean: 6.03/6.8 TCs), but distinctively smaller than
the frequency in JTWC (9TCs). This discrepancy stems
most likely from a different definition of the maximum
intensity used in JTWC, 1-min sustained wind speed, in
contrast to the other weather agencies using the WMOrecommended 10-min averaging period (Barcikowska
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Fig. 4  Seasonally (July–November) aggregated numbers of a TCs of
wind intensity higher than 17 m s−1 b intense TCs (qualified as category 2–5) and c normalized to unit variance anomalies of intense TC
day numbers. Anomalies were derived in reference to the mean of the
period 1978–2010. Time series were derived from CCLM simulations
forced with atmospheric reanalyses: NCEP-NCAR, ERA-40 (CCLM
NCEP, CCLM ERA, respectively) and from BTD sets (denoted as
JMA, JTWC, CMA) for the intense TCs. JMA provides TC intensity estimations only since 1978. Anomalies in ‘CCLM NCEP adj’
were derived separately for the periods 1948–1978 and 1979–2012 to
account for the difference in standard deviation between those periods. Time series of a NINO3.4 index and b SST anomalies in the
tropical Central Pacific (0–10°N, 180–160°W) were rescaled according to the TC time series

storm intensity (>17 m s−1), intense (category 2–5) TCs,
and the lifetime of the intense TCs.
For 1978–2010 metrics for the tropical storms
(Fig. 4a) show a weak correspondence between the BTD
and simulated data sets. Simulated numbers are smaller
than observed ones till the late 1990s. These numbers
converge in the early 2000s. A relatively weak relationship in the interannual to decadal variations before the
2000s adds to the generally low agreement, reflected in
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the correlation coefficients of 0.31, 0.34 (alpha = 10%,
for JMA and JTWC, respectively).
It is also worth noting that the BTD data sets have a wide
range of uncertainty, showing relatively high correlation
coefficients (r = 0.74, 0.76, alpha = 5% for JWTC vs JMA
and JTWC vs CMA, respectively) for the storm counts, but
much weaker correlations for the metrics including tropical depressions (e.g. r = 0.38, 0.42, alpha = 5% for JWTC
vs JMA and JTWC vs CMA respectively). Moreover, only
CCLM simulations exhibit a positive relationship between
basin wide TC numbers and ENSO, sharing with NINO3.4
index a correlation of 0.23 (not significant at alpha = 5%)
for 1978–2010, and of 0.29 (significant at alpha = 5%) for
1948–2010. In contrast, BTD show very small and not significant correlations. This calls into question their quality
and ability to serve as a reference dataset (Song et al. 2010)
to reconstruct a physically meaningful TC climatology.
The interannual variability of intense TCs (Fig. 4b, c)
shows much better than tropical storm counts an agreement between simulations and BTD. For the period
1978–2010 the frequency of the intense TCs in CCLMNCEP shows significant (alpha = 1%) correlations with
all BTD: 0.41, 0.51, 0.62 for CMA, JMA, JTWC respectively. Further examination indicates that the strong correspondence between these datasets is caused by their strong
relationship with ENSO. The data sets exhibit significant
(alpha = 1%) correlation coefficients of 0.51, 0.61, 0.56,
0.43 for CCLM-NCEP, JMA, CMA, JTWC, and 0.55 for
CCLM-ERA (alpha = 1%, for period 1978–2001) with
NINO3.4 index. The correlation between CCLM simulations and SST in the equatorial Central Pacific (0°–10°N,
180°–160°W) is even higher (0.77 for the CCLM-NCEP
and 0.72 for CCLM-ERA (alpha = 1%, for 1978–2001),
suggesting local SST is a robust proxy for the variability
of intense TCs.
The derived strong statistical relationships will be corroborated in the next section, with an analysis of physical
consistency between TC variability and large-scale environmental patterns. This is an important improvement compared to other regional reconstructions (Wu et al. 2014),
which show rather low sensitivity to large-scale environmental conditions such as ENSO and consequently, a low
agreement between the observed and hindcasted interannual TC variability.
In terms of longer-term variations during the 1978–2010
period, metrics for all data sets are broadly consistent, indicating increasing tendencies in the 1970s–1990s period and
lower values/or no tendencies in the 2000s. For example,
the frequency of the intense TCs exhibits the most pronounced increase in CCLM-NCEP and JTWC, showing
linear trend coefficients of 2.4 and 2.0 TC/decade in 1978–
1998 (Fig. 4b), CCLM-ERA and CMA indicate much
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Fig. 5  Linear trends of TC activity for seasonally (JASON) accumulated 6-h occurrences of intense TCs, in the period 1978–2001.
Trends are estimated using linear regression for every 5° × 5° grid

box; for a CCLM-NCEP, b CCLM-ERA, c JMA, and d JTWC. In
addition, trends were multiplied by a factor of 10, to signify a change
per decade

smaller changes (1.2, 0.4 TC/decade). This apparently
large spread between the derived trends is partly associated with the large interannual variability and the relatively
short length of the analyzed period. These features limit
the accuracy of the estimations and require special caution
when interpreting the results.
The regional features of the derived trends (Fig. 5) show
also a general agreement between the data sets. Trend
coefficients, derived for the number of TC occurrences in
1978–2001, show an increase in the number of TC days
over East Asia (in the vicinity of Taiwan and Japan) and
a decrease to the southwest, indicative of a north-eastward
shift of TC activity. This spatial shift is less pronounced in
JMA (Fig. 5c), where the area with negative trend spreads
eastward across the South China Sea and the Philippines,
and effectively cancels out positive tendencies. The JTWC
and CCLM simulations are dominated by positive tendencies, however with negative tendencies for TC passages
east from the Philippines.
The long-term trends (Fig. 4b, c) reconstructed over six
decades (1948–2010/1959–2001 for CCLM NCEP/CCLM
ERA) differ substantially from the BTD trends. This discrepancy stems from a very low agreement between BTD

and simulations in the pre-satellite era (1948–1978). In
this period all metrics derived from CCLM simulations,
indicate remarkably lower TC activity than available BTD
(CMA, JTWC). Consequently, both simulations exhibit
pronounce positive tendencies for TC activity. For example, regression coefficients derived for the intense TCs are
1.25, 1.33 TC/decade for CCLM-NCEP and CCLM-ERA,
respectively. In contrast BTD show strong multidecadal
variations, with minima located in the late 1970s and maxima in the mid1950s–1970s and 1980s–2000s. These variations are accompanied with either stronger (−1.43 TC/
decade for CMA) or weaker (−0.36 TC/decade for JTWC)
negative tendencies. It is also worth noting that similar
multidecadal variations are present in the time series of
the equatorial Central Pacific SST (0–10°N, 180–160°W,
Fig. 4b). The apparent lack of consistency between the
long-term changes in simulated TCs and local SSTs substantially reduces correlations from r = 0.77 in the 1978–
2010 period to r = 0.53 in 1948–2010.
On the other hand, the time series of the CCLM-NCEP
metrics, adjusted to the different mean and magnitude of
variance between pre-satellite and the latter period (Fig. 4c,
CCLM-NCEP adj), also exhibit multidecadal variations.
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CCLM-NCEP adj time series, in which the long-term trend
is removed, shows local maxima in the mid1950s–1970s
and the mid1980s–2000s. This corresponds better with the
variations in the observed regional SSTs (i.e. tropical Central Pacific) and TCs.
It is worth noting that these multi-decadal TC variations,
as well as associated large-scale SST and atmospheric circulation changes in the tropical Pacific, were reproduced
in another modeling study (Matsuura et al. 2003). This
study employed a coupled GCM model, which is forced
with daily mean SST and atmospheric fluxes only. This is
an important difference in comparison to our experimental
design, where the climate is strongly nudged towards the
observed SST and large-scale atmospheric state. A consequence of that difference could be an apparent discrepancy
between the multidecadal TC variations, simulated in Matsuura et al. (2003), and the strong upward trend simulated
by CCLM. The logic behind that relates to the limited quality of the reanalyzed atmospheric circulation, which influences the simulated CCLM TC climatology. Potential misrepresentations of the atmospheric state in the pre-satellite
era could lead to temporal inhomogeneities, manifested in
the derived long-term TC trend. This possibility will be
investigated later in the study.
3.3 Physical relationship between spatio‑temporal
variability of intense TCs and large‑scale
environmental patterns
In this section we examine the derived CCLM climatology
of the intense TCs in terms of the physical link between
intense TC variability and large-scale environmental patterns. First, we use EOF analysis to extract dominant
components of varying TC density. Isolating decadal time
scales of TC variability and associated large-scale environmental patterns is done with SSA and MSSA analysis. SSA
is applied to the time series of basin wide seasonal number
of intense TC days. MSSA—the multivariate version of the
former—is applied to isolate spatially coherent temporal
patterns from the SST and SLP fields.
Results of the EOF analysis are presented in Fig. 6,
which describes the first component (EOF-1) of the BTD
and simulated variability in terms of their spatial and temporal features. The contribution of EOF-1 unambiguously
dominates over the other remaining modes of variability, explaining 20% in CCLM-NCEP and 16, 21, 22% in
JTWC, CMA and JMA of total TC density variance from
1978–2010. EOF-1 exhibits a striking similarity between
observation-derived- and model-based results, both in
terms of spatial pattern and temporal evolution.
The pattern (Fig. 6b) represents the main features of the
intense TCs’ tracks. Positive loadings of all EOFs spread
from the south-eastern quadrant of the WNP, where most
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of TC genesis occurs, and extend toward the Asian coast or
recurve towards Japan. The pattern in JTWC is exceptionally elongated towards the south-east, which most likely
stems from different operational practices. As discussed
in the previous section, these practices involve recording
cyclones in their earlier development stage, which results
in storm genesis shifted towards the tropics.
All the time series (PC1) of the EOF-1 component share
notably high correlations. Time series of CCLM simulations overlap each other for most of the 1978–2001 period,
and have a correlation coefficient of 0.91. Smaller, but still
substantial correlations exist between CCLM-NCEP and
BTD for the 1978–2010 period, 0.74 for CMA, 0.79 for
JTWC and 0.81 for JMA.
These time series also follow very closely the NINO3.4
index, indicative of a relationship with ENSO. Substantial
and significant (alpha = 5%) correlation coefficients are
found for all data sets, 0.63 and 0.69 for CCLM-NCEP, and
CCLM-ERA (1978–2001) simulations, and 0.54, 0.65, 0.67,
for JMA, CMA and JTWC, respectively. Further analysis
shows also that spatio-temporal features of the derived component are physically consistent with the variability of the
large-scale environmental patterns. We focus here on the
fields of SST and the GPI index, which incorporates both
CCLM SST and atmospheric fields. This choice is justified
by many studies (e.g. Camargo et al. 2007), showing largescale SST patterns and GPI to be the most relevant proxies for studying environmental impacts on TC variability.
A regression of SST and GPI index (Fig. 6c) on simulated
intense TC variability over the WNP exhibits typical patterns associated with ENSO phenomena. Anomalously high
TC activity in the main development region is associated
with positive SST anomalies in the eastern part of the tropical WP, while negative anomalies are more confined to the
western parts of the tropical WP, the South China Sea and
Kuroshio Extension region. Consistent with these anomalies are anomalies in the large-scale atmospheric circulation,
resulting in environmental conditions being more favorable
for TC genesis (positive GPI anomalies) in the south-eastern
quadrant of the WNP than in the western part (negative GPI
anomalies).
These results agree well with the observational findings
(Wang and Chan (2002); Camargo and Sobel (2005); Kim
et al. (2010)), demonstrating the effect of ENSO on modulation of TC genesis location and consequently storm persistence, length and intensity. Our analysis shows, together
with other regional downscaling studies (Mei et al. 2015),
that above-normal SST over the tropical Central Pacific and
the associated atmospheric circulation are primary drivers
of not only spatio-temporal variations of TC density but
also interannual counts of TC variability.
In the next part we examine the decadal-scale variations of TC variability and their association with
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Fig. 6  Time series a and
spatial patterns b of the first
EOF (PC1) of the intense TCs
variability (May–November):
(left) CCLM NCEP (blue) and
CCLM ERA (red) simulations; and (right) BTD sets
JTWC (blue) and JMA (red).
NINO3.4 index for the season
May–November was rescaled
by a factor of 100. PC1 explains
20.4, 34.5, 16 and 22.3% of
total variance in CCLM NCEP,
CCLM ERA, JTWC, and
JMA TC total variance. It also
shares correlation (coefficients
r = 0.63, 0.69, 0.65, 0.67) with
the NINO3.4 index. c Regression of seasonal (July–October)
SST (black contours, negative
values are dashed), and GPI
index (shaded), computed
from CCLM-NCEP simulation
variables on NINO3.4 index.
GPI and SST were normalized
to zero mean and unit variance.
Only values significant at the
alpha 10% level are shown

environmental conditions. In order to extract a decadalscale signal of the observation-derived and simulated
TC activity we analyze them with SSA, which is a timescale selective method. A robust separation of the time
scales requires a sufficiently long dataset; therefore we
have chosen the longest available records (1948–2010),
namely CCLM-NCEP, JTWC and CMA. Nevertheless,
the length of these datasets, especially in the presence
of potential inhomogeneities, cannot guarantee robust,
significant results. This will require further analysis,
which involves alternative and preferably longer datasets.
Therefore following the analysis of TC variability we will
apply MSSA to the meteorological fields in the NCEPNCAR reanalyses within the CCLM model domain and
the 20CR reanalyses for the Pacific region.

The results have shown that all analyzed TC, SST and
SLP data sets consist of three dominant components. Those
components represent long-term, decadal and also interannual variability, associated with previously analyzed ENSO
impacts. Although a decadal component is present in all
analyzed data sets, its signal in JTWC and CCLM simulations in the pre-satellite era is less distinguishable. This
again points to the problem of quality and inhomogenities
obstructing the signal in TC records, which turns our primary attention to the recent—1978–2010—period, when
observations are more reliable.
Figure 7a shows time series of the seasonal TC days
anomalies (with trend removed) in CCLM-NCEP, JTWC
and CMA and their reconstructed decadal component
(RCs). The RCs explain a substantial amount of the total
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Fig. 7  a Time series of seasonal (June–October) TC days in CCLMNCEP, CCLM-ERA, CMA and JTWC and their reconstruction with
the decadal component (RC TC CCLM-NCEP, RC TCCMA, RC
TC JTWC). TC days are shown with the long-term trend component
(also estimated by MSSA) removed. b Reconstructed regional time
series of the decadal component of annual SST anomalies (%) in the
tropical Central Pacific (CP, 0°–5°N, 180°–160°W) and SLP anomalies (%) in the tropical Central-Eastern and Western Pacific (CEP,
10°S–10°N, 160°–130°W; WP, 20°S–20°N, 105°–135°E). PDO
index (PDO flt) is shown with the long-term trend component (also
estimated by MSSA) removed. c Spatial pattern of the reconstructed
SST component (RC SST), during warming phase (positive phase)
in the tropical Central Pacific. Values show SST changes within half
the 12 years cycle (unit: deg C/6 years). Contours show the corresponding spatial pattern of TC anomalies. Pattern represents the difference between the positive and negative RC SST phase (RC2 SST
positive—RC2 SST negative) derived for the yearly anomalies in TC
6 h-occurrences fields. Contours with negative values are dashed
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variance, i.e. 20, 25, 29%, respectively. Therefore they
are easily distinguishable in the TC time series after filtering out the interannnual variability contribution (using
a 2-year running mean filter). The time evolution of all
RCs is almost identical. They contribute remarkably to the
observed and simulated anomalously high TC days in the
1980s, early 1990s and mid-2000s. It is worth noting that
decadal variations in CMA are also distinct in the pre-satellite era, explaining 21% of the total variance for the whole
period (1949–2010).
The following results show that the decadal variations
of TC variability, apparent in all TC data sets, are physically consistent with the changes in the large-scale patterns of SST and SLP over the WNP and also in the North
Pacific. Application of MSSA to SST and SLP fields in
NCEP-NCAR reanalysis isolates their decadal variations
(~11–12 years), over the WNP. For the SST, the component manifests mostly in the tropical Central Pacific. It
explains 37% of the variance, after filtering out (with a
3-year running mean filter) high–frequency variations.
However, without the filtering, RC SST explains only 16%
of the variance, which acknowledges the importance of
interannual variations in this region.
Figure 7c shows the signature of the component during
its warm SST phase in the tropical Central Pacific. Warm
SST anomalies along the equator are accompanied by cold
anomalies in the Kuroshio Extension and coastal regions,
which closely resembles the signature of the warm phase of
decadal-scale ENSO (El Nino) or PDO/IPO. This similarity also explains why the time series of the reconstructed
RC SST component are in a reasonable agreement with the
PDO index. For example, the RC SST time series in 1978–
2010 share with the PDO index a significant (alpha = 1%)
correlation of r = 0.42. Nevertheless, the PDO index, which
is derived from standard EOF analysis, captures much more
variability across annual-to-multidecadal time scales and
thus its physical significance is still contested (Newman
et al. 2016).
Close inspection of the SST and SLP time series
(Fig. 7b) shows that their strong and significant anticorrelation (r = −0.78, alpha = 1%) in the tropical Central Pacific
(CP), is to a large degree determined by the reconstructed
decadal variability. The reconstructed decadal SST changes
(RC SST CP) for this region and annual time series of SLP
(SLP CP) share a correlation of r = −0.54. Additionally,
a tight relationship of atmospheric circulation between the
tropical Central and West Pacific (r = −0.55, alpha = 1%)
as well as substantial correlation between decadal RC SST
CP and annual SLP in the Western Pacific (r = 0.41) indicates the presence of large-scale coupled ocean–atmosphere climate variability.
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These changes are well synchronized and physically
consistent with the decadal TC variability, and strongly
resemble the typical impact of ENSO. Figure 7c shows
the difference between CCLM-NCEP TC density fields
during the RC phase with warm SSTs in the tropical Central Pacific and the opposite phase. It captures directly the
eastward/westward shift of TC trajectories during phases
with warm/cold SST anomalies in the tropical Central
Pacific. Following this relationship, decadal-scale warm
SST CP anomalies are consistent with an eastward shift
of TC genesis, longer TC lifetime, and consequently the
anomalously high number of TC days observed and simulated during the early 1980s, mid-1990s and mid-2000s.
Further analysis confirms the presence of the significant, decadal component in a longer meteorological time
series and over most of the Pacific region (60°S–60°N,
100°E–80°W). The decadal variations, extracted from
the 20CR dataset, substantially contribute and physically
link the SST and atmospheric variability in the Pacific
domain. These results depict the whole subtropical-tropical Pacific climate as a potential pacemaker for decadal
TC variations in the WNP.
Figure 8 shows that both spatial pattern and time
series of the decadal variability agree well with the component derived from the 20CR reanalyses. Time series
of the SLP in the tropical West Pacific and SST in the
tropical Central-East Pacific show a very high and significant (r = 0.71, alpha = 1%) correlation, and this partly
stems from the large agreement in their decadal variations (r = 0.66 for RC SLP WP vs RC SST CEP). These
variations explain 28% of the SLP variance in the tropical
Western Pacific (WP, 20°S–20°N, 110°–140°E) and 23%
of the SST variance in the tropical Central Eastern Pacific
(CEP, 10°S–10°N, 160°–130°W), after filtering out their
interannual (3-year running mean filter) variability.
The whole spatial pattern closely resembles the typical features of the Interdecadal Pacific Oscillation (IPO),
defined in several previous observational and modeling
studies (Power et al. 1999; Deser et al. 2004, Meehl et al.
2013). Figure 8a shows that SST anomalies, during the
warm SST phase in the tropical central Pacific, extend
towards the tropical East Pacific. SLP anomalies exhibit
a typical ENSO pressure gradient between Indonesia and
the eastern Pacific.
Regression analysis (Fig. 8b) associates these SST and
SLP anomalies with the weakening of the zonal pressure
gradient and trade winds in the tropical Central Pacific, an
eastward shift of convection (not shown) and precipitation.
All these are indicative of a Pacific-wide weakening of the
Walker circulation during the warm SST phase and the
opposite during the negative SST phase.
The derived decadal climate variability component is
physically and statistically consistent with the previously

2943

Fig. 8  a Spatial pattern of the annual SST (shaded) and SLP (con‑
tours) components, during the warming phase in the tropical CentralEast Pacific. Values show SST and SLP change in unit variance within
half the 12 years cycle [×100%/6 year]. Contours are −5 to 12.5 with
2.5% intervals and negative values are dashed; b Regression of 20CR
annual zonal wind (m s−1 shaded) and precipitation anomalies (mm/
day, contours) on the annual SLP anomalies (normalized to unit variance), reconstructed with the decadal component in the tropical W
Pacific (10°S–10°N, 150°–180°E). Contours are −1.5 to 1.5 with an
interval of 0.25 and negative values are dashed. The values are significant at alpha = 10% level for precipitation, and alpha = 15% level for
the zonal wind; c Time series of the 20CR SST anomalies (%) for the
tropical Central Eastern Pacific (SST CEP; 10°S–10°N, 160°–130°W)
and SLP anomalies for the Western Pacific (SLP WP; 20°S–20°N,
110°–140°E) with the multidecadal variations removed, and reconstruction of SST and SLP with MSSA decadal components (RC SLP
and RC SST). SST CEP and SLP WP are normalized to zero mean
and unit variance, and smoothed with a 2-year running mean filter
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shown spatio-temporal variations of both the observed and
simulated TC activity. Additionally, the preferential timescale of the derived component highlights its potential predictive utility for TC activity over the WNP.
Decadal variability of TCs and their association with
large-scale conditions over the Pacific region, which are
consistent with other papers, studying TC variations on
longer timescales, are presented here. Matsuura et al.
(2003) found that the observed interdecadal (~20 years
period) changes in TC activity over the WNP region in
1951–1999 are tied to the zonal wind, modulation of the
trade winds and SST anomalies in the tropical Central
Pacific, associated with the wind-evaporation-SST feedback (WES, Xie 1996, Xie and Philander 1994). The
observed physical link was corroborated with multidecadal
simulations employing a coupled ocean–atmosphere GCM.
Liu and Chan (2008) found a similar relationship for the
period 1960–2005, but derived from a time series varying on longer time scale. Unfortunately, a relatively short
length of the analyzed data set (~40 years) limits the significance of the derived results.
Overall, the CCLM TC climatology shows a realistic
and similar to the observed relationship with the large-scale
SST and atmospheric conditions, both on internannual and
decadal time-scales. This could be used to argue that the
reconstructed overall increase of TC activity in the last six
decades is driven by long-term changes in climate conditions. On the other hand, several studies (Sturaro 2003;
Trenberth et al. 2001) suggest that changing availability of
measurements has caused inhomogeneties in atmospheric
reanalyses and BTD sets. The CCLM TC climatology may
inherit these existing inhomogeneities, because it is forced
by large-scale conditions of atmospheric reanalyses. Verifying this issue will be a main goal of the following section.
3.4 Analysis of uncertainty related to the
inhomogeneities in the atmospheric reanalyses
Long-term TC climatologies, either derived from BTD or
CCLM simulations, may have been impacted by the changing quality and availability of the measurements used in the
reconstruction process. Incorporation of satellite measurements since the early 1980s caused (Sturaro 2003; Bassist and Chelliah 1997; Trenberth et al. 2001) remarkable
discrepancies in the long-term variability of the upper level
atmospheric temperature, represented with different data
sets. Vecchi et al. (2013) indicated that most of those datasets (including ERA-40), except for NCEP/NCAR, show
no trend. The pronounced cooling in NCEP/NCAR since
1978 is likely an artefact.
High uncertainty in the forcing temperature fields can
be a problem for reconstruction of TC climatologies. A
modeling experiment by Vecchi et al. (2012) indicated that
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upper troposphere temperature influences the development
of TC intensity. This supports the hypothesis that the upper
atmosphere cooling, found in NCEP-NCAR reanalyses,
caused a spurious increase in TC activity in the recent decades, as derived from our CCLM-NCEP simulations (e.g.
TC intensity, intense TCs frequency). In the following section we test this hypothesis and investigate the potential
impact of inhomogeneities in the atmospheric reanalyses
on the reconstructed TC climatology.
Analysis of the seasonal TC counts (Fig. 4b) is not indicating that the cooling trend in the NCEP upper atmosphere
has a major impact on the derived long-term TC variability. Both CCLM-NCEP and CCLM-ERA time series show
a relatively high agreement since the 1980s, despite the
inconsistencies in the forcing temperature fields apparent
in this period. This could be related to intrinsic features
of the downscaling method. Having a horizontal resolution of 50 km limits the ability of the model to reach realistic intensity values, and consequently limits our ability
to detect potential effects of temperature on TC intensification. Therefore we cannot rule out the possibility that
this effect becomes more important in higher resolution
simulations.
3.4.1 Relation between upper atmospheric temperature
and reconstructed TC climatology
In this part, a potential impact of upper atmospheric temperature on CCLM climatologies will be explored from a
qualitative perspective. For this purpose, we will analyze
the difference between the two simulated TC climatologies
(CCLM-NCEP minus CCLM-ERA) and also the difference
in simulated atmospheric temperature (T).
Primarily, EOF analysis was applied separately to the
vector time series of T differences at 100 hPa, where the
differences are most severe (hereafter T100), and differences in the annually accumulated mean TC intensity
(intensity, as represented by cubed wind speed, hereafter
PDI mean). Additionally, joint EOF analysis was applied to
the T100 data set and differences in TC intensity (intensity
represented by wind speed, wmax) as well as to T100 and
differences in annually accumulated spatial density (spd).
Both data sets have different magnitudes of variability;
therefore they had to be standardized prior to the analysis.
EOF analysis, applied separately to the vector time
series of T differences and differences in the annually
accumulated mean TC intensity, suggests no relation
between the two data sets. Figure 9a shows time series
of T100 and TC intensity differences (RC T100 and
RC PDI mean) reconstructed with the first leading EOF
modes. RC T100 represents the aforementioned longterm discrepancy, apparent after 1970s in the reanalyses, which explains most (93%, or 84% for standardized
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Fig. 9  a First components, reconstructed with the EOF analysis, of
the differences between CCLM simulations (CCLM-NCEP minus
CCLM-ERA) for the temperature (RC T100, blue) and mean TC
intensity (RC PDImean, green). PDI mean represents differences
between simulated annually aggregated, tripled wind speeds. T100
represents differences between atmospheric temperatures at the
100 hPa level. b First reconstructed component of the joint EOF anal-

ysis, applied to the differences (CCLM NCEP minus CCLM ERA)
in atmospheric temperature (jRC T100, blue) and mean TC intensity
(jRC wmax, seasonally accumulated wind speed, green line) or TC
occurrences (jRC spd, seasonally accumulated TC days, red). Correlation coefficient between jRC T100 and jRCspd is r = −0.54.
Reconstructed components (jRCs) are normalized to unit variance

data) of the variance in T100 (CCLM-NCEP minus
CCLM-ERA). By contrast, the reconstructed component
of PDI mean (RC PDI mean) is far less distinguishable
from noise (it represents 16% of the total variance) and
is dominated by interannual variability.
The joint EOF analysis suggests that the temperature changes in NCEP-NCAR, might generate a drop in
1970s and a gradual increase afterwards in CCLM-NCEP
TC frequency and intensity metrics. Here we extracted
a physically consistent component of variability, shared
by the differences in temperature (T100) and difference
in the number of TC days (hereafter referred to as: spd,
wmax). Figure 9b depicts a dominant component (jRC),
which has a partial contribution from T100 and from spd
(hereafter referred to as: jRC T100, jRC spd) or wmax
(jRCwmax) fields. The jRC T100 time series, similar to
the previous EOF analysis, describes the abrupt increase
of NCEP/NCAR T in the late 1970s and early 1980s,
while strong cooling occurs afterwards. The jRC spd
and jRC wmax time series manifest a strong drop, followed by decades of gradual increase, associated with
similar changes in the CCLM-NCEP TC days and intensity. A remarkable negative correlation between jRC
spd (jRC wmax) and jRC T100 (r = −0.54/−0.50 for
spd/wmax), corroborates physical consistency between
simulated upper level temperature and TC activity. Component jRC spd explains 31% of the difference between
the simulated TC frequencies. This indicates that upper
atmospheric temperature may have an impact on TC
climatology and this impact may be even more important in higher-sensitivity applications (higher-resolution
experiments).

3.4.2 Impact of changing representation of atmospheric
circulation in NCEP/NCAR and ERA‑40 reanalyses;
analysis adjusting to the potential inhomogeneities
The introduction of satellite-based measurements in the
late 1970s might have impacted not only the representation of upper level atmospheric temperatures, but also
improved the representation of atmospheric circulation in
the atmospheric reanalyses. This improvement, however,
must have an effect on the homogeneity of those data sets.
The changes in the atmospheric observational systems in
the late 1970s are consistent with a shift in variance of
TC activity, exhibited in both CCLM simulations. Figure 10 shows the time series (a) and spatial patterns (b) of
the leading EOF modes derived from seasonally accumulated TC intensity (PDI, cubed max wind speed) in both
CCLM simulations, as well as the time series of annual
mean intensity (wind speed) in both reanalyses. The spatial EOF patterns exhibit very similar features. Both patterns indicate that the main contribution to the variance in
TC intensity is centered in the region between Taiwan and
Japan, which is also the region with the highest mean TC
intensity (Fig S2). The temporal evolution of those patterns in both CCLM runs shows a radical increase in variance in the late 1970s. This feature is also recognizable in
time series of the reanalyses (Fig. 10) and in the leading
EOF (Fig. S1, Supplementary Material) representing the
main mode of simulated variability in annual numbers of
TC days.
Inhomogeneities manifested by amplified variance of
intense TC days since the late 1970s, can impact their longterm statistics and spuriously amplify the derived upward
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Fig. 10  a Time series of the EOF analysis-reconstructed RC1 component of TC intensity fields (annually aggregated tripled wind speed,
unit: (m3 s−3) derived from CCLM-NCEP (blue) and CCLM ERA
(red) simulations. Time series of the wind speed intensity in NCEP

and ERA reanalysis are denoted with stippled blue and red lines. b
EOF pattern, which represents the main mode of seasonally TC intensity variability in CCLM NCEP (blue) and CCLM ERA (red). EOF
was derived for the common period 1961–2001

trend. To remove this potential effect, we adjusted the analyzed time series by normalizing them to zero-mean and unit
variance, separately in the pre-satellite (before 1978) and
satellite periods. This adjustment (Fig. 4c) removes a longterm trend and amplifies a contribution of multi-decadal TC
fluctuations during the last six decades. These temporal features, e.g. positive anomalies in the late 1950s–1970s and in
the mid1980s–2000s, better agree with the observed TC variability (JTWC and CMA BTD), as well as with the multidecadal SST fluctuations in the tropical Central Pacific.
Given these results, great caution must be used when
interpreting long-term trends derived from reanalysisforced simulations as well as BTD. Deriving realistic TC
representations may require us to make some compromises
between the two alternative data sets, and to analyze the
pre-satellite and satellite periods separately.

This approach enabled us to provide an alternative for
observations-based TC climatologies, strongly affected
by temporal and spatial inhomogeneities.
In this study we downscaled two different atmospheric
reanalyses: NCEP-NCAR for 1948–2010 and ERA-40 for
the period 1959–2001. These are the longest TC climatologies that have so far been constructed using a dynamical
downscaling approach. This allowed us to assess the skill
of the model to hindcast TC climatologies, in terms of
track patterns, intensity, temporal variations on the interannual-to-decadal time scale and their association with
large-scale environmental patterns.
The experimental design also enabled us to estimate
the uncertainty caused by the different representation of
atmospheric state and SST in these datasets, and potential
temporal inhomogeneities impacting the quality of the
reanalyses.
The first part of the study demonstrates that CCLM is
highly capable of simulating TC climatologies in a way
that is realistic and comparable with BTD for the recent
three decades (1978–2010). Both simulations successfully reproduced the BTD interannual to decadal variability and trends of intense TCs. The spatial distribution of
tropical storms as well as their temporal variability exhibits strong sensitivity to ENSO. This applies especially to
intense storms reaching at least category 2 (intense TCs).
For example 39% of the variance of their number can be
explained by the NINO3.4 index and in 59% explained
by the SST in the equatorial Central Pacific (0°–10°N,
180°–160°W), suggesting that these indices may be a
robust proxy for TC activity predictions.
High skill of CCLM in reproducing the observed interannual and decadal TC variations is obtained with the

4 Summary and conclusions
This study presents two climatologies of tropical storms,
that focus on intense TCs, (category 2–5 on the Saffir–
Simpson-Hurricane-Scale) in the western North Pacific
basin, derived from the last six decades (1948–2012,
1959–2001). These two datasets were reconstructed with
a dynamical downscaling approach using the regional
climate model Cosmo-CLM with a grid distance of 50
km. The model downscales the weather using prescribed
SSTs and interior nudging towards the observed largescale atmospheric state. Assuming a reliable representation of the observed large-scale atmospheric circulation,
we expect the model to provide a reliable and homogenous representation of the weather at the regional scale.
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application of the spectral nudging method. This approach
facilitates the model to successfully reproduce the atmospheric patterns associated with the ENSO-type SST variations on interannual and decadal time scales.
MSSA analysis allowed us to extract a coupled SSTatmosphere component, which shapes Pacific climate variability on decadal time scales. Analysis of the 20CR dataset
indicates, that the component manifests mostly in the tropical SSTs, modulates pressure gradient, trade winds and
precipitation, being most likely associated with the fluctuations of the Walker Circulation cell. These Pacific climate
decadal variations are consistent with other studies analyzing records and paleo-reconstructions of SST, atmospheric
variables, Southern Oscillation index and subsurface ocean
variability (Tourre et al. 2001; Brassington 1997; White and
Tourre 2003; Luo and Yamagata 2001; White et al. 2003).
We have shown, that the derived decadal variations in
the Pacific large-scale circulation are consistent with the
east–west shift of TC tracks and TC lifetime, which e.g.
contributed to the anomalously high seasonal numbers of
TC days in the mid-1990s and mid-2000s. The decadal climate variations in the 20CR dataset reach back to the 20th
century. Their presence as well as their statistical and physical link with the basin-average number of TC days, suggests its potential predictive utility on decadal time scales.
It is important to note that the 20CR dataset also contains
temporal inhomogeneities (Krueger et al. 2013). Therefore
the predictive value of the derived Pacific climate component should be confirmed further, preferentially with idealized model experiments.
Analysis of the long-term tendencies of TC activity shows that both CCLM-simulations can reproduce
the observed increase of TCs and intense TCs during the
period 1970s–1990s and a drop in the 2000s. Nevertheless,
the short length of the time series and their large interannual variability led to the large spread between the data
sets (e.g. 0.4 TCs/decade for CMA, 2.0 for JTWC, and
2.4 for CCLM-NCEP). The increase in the frequency of
the intense TCs in CCLM-ERA (1.2 TC/decade) is substantially weaker than in CCLM-NCEP (2.4 TC/decade).
However, due to a strong sensitivity of these trends to the
interannual variations, we cannot claim their significance
nor attribute them with high confidence to the different representation of reanalyzed atmospheric state such as different trends in the upper atmospheric temperature.
The linear trends of the simulated frequency of intense
TCs for the six decades (1948–2010/1959–2001 for CCLM
NCEP/CCLM ERA) show a substantial increase, in contrast to the multidecadal variations present in BTD. This
discrepancy is likely associated with measurement uncertainties in the pre-satellite era, which may impact BTD and
simulated TC intensities in opposite ways. While Landsea
et al. (2006) suggested that records of TC intensities are
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likely overestimated in the pre-satellite era, we found that
the poor quality of the atmospheric circulation in both reanalyses in this period caused an underestimation of CCLM
TC intensity and number of intense TCs days during 1948–
1978. A pronounced increase in the variance of yearly TC
statistics in 1978, consistent with the introduction of satellite measurements, might have amplified the long-term
tendencies derived from both CCLM reconstructions.
Additional analysis, which removes the long-term
upward trend from CCLM simulations emphasizes pronounced multi-decadal fluctuations of TC activity with
local maxima in the 1960s–1970s and mid-1980s–1990s.
These multi-decadal TC variations are consistent with
BTD datasets. They are also physically consistent with
the fluctuations of the large-scale SST pattern in the tropical Pacific, shown previously to be tightly linked with
the Pacific atmospheric overturning cell. Modeling study
of Matsuura et al. (2003) confirmed this relationship and
corroborated the existence of multi-decadal TC variations
in the second half of the 20th century.
The results of this study suggest that the CCLM simulations provide very valuable insights on TC climatology
for the satellite era (1978–2010), including spatio-temporal TC variations and their linkage to the large-scale circulation features. They reproduce the observed interannual-to-decadal variability of TC activity as well as their
upward trend. However, thorough analysis of the simulations for the whole 1948–2010 period suggests that TC
activity in the pre-satellite era (e.g. intensity and frequency) is severely underestimated, compared to the latter period. This casts doubt on the physical significance of
the reconstructed increase for the period 1948–2010. The
analysis can’t rule out an alternative hypothesis, namely
that TCs predominantly experience strong multi-decadal
variations. The quantification of the relative importance
of these two components of variability as well as their
origin is an issue requiring further investigation. Finally,
we recommend that caution should be used when interpreting long-term TC statistics, either when using atmospheric reanalyses or BTD sets in the pre-satellite period.
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