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Abstract

It has been a common practice to predict total tropical cyclone (TC) genesis
frequency over the entire western North Pacific (WNP). Here we show that TC genesis
(TCG) exhibits distinct regional variability and sources of predictability. Therefore, we
divide the WNP into four quadrants with 140°E and 17°N being dividing lines plus
South China Sea (SCS) to predict five sub-regional as well as the entire WNP TCG
frequency. Besides the well-known ENSO-induced seesaw relationship between the
TCGs in the southeast and northwest quadrants, we found (a) an enhanced TCG in the
northeast WNP is associated with a pronounced anomalous cyclonic circulation, which
is maintained through its interaction with the underlying sea surface temperature (SST)
anomalies; (b) an active TCG in the southwest WNP is accompanied by a zonally
elongated positive vorticity anomaly and SST warming over the equatorial eastern
Pacific; and (c) the SCS TCG is influenced by the upper-level South Asia High through
modulating large-scale environmental parameters. Physically meaningful predictors are
identified and a set of empirical prediction models for TCG frequency is established for
each sub-region. Both the cross-validated reforecast for 1965-2000 and independent
forecast for 2001-2016 show significant temporal correlation skills. Moreover, the sum
of the predicted TCG frequency in five sub-regions yields a basin-wide TCG frequency
prediction with a temporal correlation skill of 0.76 for the independent forecast period
of 2001-2016. The results indicate its potential utility to improve the TC forecasting in

the WNP.
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1. Introduction

The WNP hosts about one-third of global named TCs per year (Gray 1968; Chan
2005) and experiences large year to year fluctuation in the total tropical storm days
(Wang et al. 2010). Billions of people living in Pacific islands and Asian coastal regions
are frequently subject to TC-induced disasters (Zhang et al. 2009; Peduzzi et al. 2012).
Skillful seasonal prediction for TC activity would immensely benefit disaster mitigation
(King et al. 2010). Therefore, achieving skillful seasonal forecasting products has been
at the heart of TC research community since the 1970s (Nicholls 1979; Gray 1984;

Chan et al. 1998; Camargo et al. 2007a, 2010; Zhan et al. 2012).

For the WNP, seasonal forecasting of TC activity was first attempted by the
National Climate Center of China Meteorological Administration at the early 1990s
(Zhan et al. 2012). Then, Chan et al. (1998) first issued seasonal forecasting products
for the WNP by taking large-scale atmospheric and oceanic conditions into their
statistical prediction model. Currently, various strategies including statistical method,
coupled dynamic model and the so-called hybrid statistical-dynamical approach, have
been used to make seasonal outlook for the WNP TC activity (Chan et al. 1998, 2001;
Camargo et al. 2007a, 2010; Chen and Lin 2013; Zhan and Wang 2016; Zhang et al.
2016b). While the coupled dynamic models gradually show valuable prediction skill in
recent decades (Chen and Lin 2013; Vecchi et al. 2014; Camp et al. 2015; Manganello
et al. 2016), the statistical approach is still the principal way to issue TC seasonal
forecast over the WNP (Chan et al. 1998, 2001; Camargo et al. 2007a, 2010; Fan and
Wang 2009; Lu et al. 2010; Zhan et al. 2012; Zhan and Wang 2016; Kim et al. 2017;

Zhang et al. 2018; Wang and Wang 2019).

Various factors have been used to predict the TCG frequency over the WNP,
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including El Nifio—Southern Oscillation (ENSO) (Chan et al. 1998, 2001; Wang and
Chan 2002; Zhao 2016; Zhao and Wang 2016; Wang et al. 2019a,b; Zhao and Wang
2019), North Pacific Oscillation (Wang et al. 2007b; Chen et al. 2015; Zhang et al.
2018), Antarctic Oscillation (Ho et al. 2005; Wang and Fan 2007) and the Hadley
circulation (Zhou and Cui 2008). More recently, the Pacific Meridional Mode (PMM,
Zhang et al. 2016a, 2017), SST variations in the Indian ocean (Du et al. 2011; Zhan et
al. 2011a; Tao et al. 2012), North Atlantic (Huo et al. 2015; Yu et al. 2015), and the
SST gradient between the southwestern Pacific and the western Pacific warm pool
(Zhou and Cui 2010; Zhan et al. 2013) have been suggested to be potential predictors
for TCG frequency over the WNP. Recently, Wang and Wang (2019) found that the
two leading modes of WNP subtropical high integrate the influences of the trans-basin
SST variations, including North Indian Ocean(Zhan et al. 2011b; Du et al. 2011), North
Pacific (Lander 1994; Wang and Chan 2002) and North Atlantic (Huo et al. 2015), on
the WNP TC activity. Therefore, the WNP subtropical high can establish a unified

framework for the seasonal forecasting of WNP TC activity (Wang and Wang 2019).

All of the aforementioned statistical prediction schemes usually take the basin-
wide TCG frequency over the whole WNP as the targeted predictand. However, TCG
over the WNP experiences distinct regional feature (Wang and Chan 2002; Kim et al.
2010) and the predictability sources of TCG in individual WNP sub-regions may differ
from each other (Kim et al. 2009; Lu et al. 2010). Variations of the TCG frequency in
individual sub-regions are usually not in phase, even anti-varied in some specific sub-
regions (Figure not shown). In fact, even to the same climate factor, TCGs in different
sub-regions respond differently due to the diverse responses in local large-scale
conditions over the vast WNP (Wang and Chan 2002). The non-unified variation in

sub-regions might make it difficult to predict the TCG frequency over the entire WNP
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as a whole. In addition, TC disasters vary regionally (Pielke et al. 2008; Zhang et al.
2009; Peduzzi et al. 2012), thus the basin-wide TC activity metrics usually act as a poor
indicator to those in sub-regions (Vecchi et al. 2014; Kossin 2017). The utility of these
statistical forecasts would therefore be enhanced if seasonal TCG on scales finer than
basin-wide could be skillfully predicted (Vecchi et al. 2014). Therefore, the primary
objectives of this study are to investigate the predictability sources of regional TCG
frequency, and further establish empirical models to predict the seasonal TCG

frequency in individual sub-regions over the WNP.

In the next section, we describe the data and methods to establish and evaluate
the prediction models. Section 3 explores the physical interpretation of TCG in
individual sub-regions from the perspective of large-scale conditions. Section 4
presents the identified predictors for each of five sub-regions. The region-dependent
seasonal forecasts and its predicting skill are shown in section 5 and a summary of the

results and discussions are presented in section 6.

2. Data and method
2.1 Data and definition of sub-regions

TCG frequency is derived from the Joint Typhoon Warming Center (JTWC),
which provides six-hourly records of positions (latitudes and longitudes) and maximum
sustain wind speeds of TCs. TCs in this study are defined as tropical storms whose
maximum wind speed reach or exceed 17.2 m st. Monthly atmospheric data from the
National Centers for Environmental Prediction (NCEP)-National Center for
Atmospheric Research (NCAR) reanalysis (Kalnay et al. 1996) and SST from the

Extended Reconstruction SST (ERSST) version 4 (Huang et al. 2015) are used to
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interpret the impacts of large-scale conditions on TCG and identify the potential

predictors.

The analysis period is from 1965 to 2016, and we focus on the peak season (July-
September, Wang and Chan 2002,Wang and Wu 2012) of TCG over the WNP (0°-
40°N,100°E-180°). 1965 is taken as the starting year because satellite monitoring
became routine around this year and TCs would be unlikely to be missed (Wang and
Chan 2002; Chan 2006). The WNP is divided into five sub-regions (Fig.1), South China
Sea (0°-25°N,100°E-120°E), southwest WNP (0°-17°N,120°E-140°E), northwest
WNP (17°N-40°N,120°E-140°E), southeast WNP (0°-17°N,140°E-180°) and

northwest WNP (17°N-40°N,140°E-180°) following Wang and Chan (2002).

2.2 Methods to build and validate empirical models

Following Wang et al. (2015), correlation maps between the predictands (i.e., TCG
frequency in five sub-regions during July-September) and anomalous large-scale
conditions (SST, 2-m temperature, sea level pressure (SLP) and 850 hPa wind) prior to
July are used to identify the potential predictors. Monthly/bi-monthly mean anomalies
and tendency in large-scale conditions are taken as the potential predictive signals. Two
types of predictors were used: (a) the persistent signals (represented by the seasonal
mean) that indicate the slow variation of the lower boundary anomalies which will
“persist” into the ensuing season, and (b) the tendency signals (represented by the
difference in two months mean) that signify the tendency of following evolution. The
potential predictive signals are identified as a potential predictor if there is a large-area
of grid points where the correlation coefficient is significant at 95% confidence level

(Lee et al. 2013; Yim et al. 2014; Wang et al. 2015b). After the above-mentioned two
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steps, several identified physical meaningful predictors are considered as candidates.
Then, stepwise regression, which can ascertain the relative independency of predictors
and the best combination of the predictors, is used to build the empirical model for each
sub-region. A 95% confidence level for Fisher’s F test is used as the criterion to select
predictors (Yim et al. 2014; Wang et al. 2015b). The lead-lag correlation between
predictors and July-September mean large-scale circulation and environmental
parameters are used to understand the cause-effect relationships between the predictors
and predictand. Two validation methods, including cross-validated reforecast and
independent forecast, are adopted to evaluate the prediction skills of empirical models
(Wang et al. 2013; Yim et al. 2014). The cross-validated reforecast is obtained by first
building the empirical model with samples excluding three years each time, and then
use the derived empirical model to predict the TCG frequency for the three withheld
years (Michaelsen 1987). These processes are then repeated for all other years to obtain
the cross-validated reforecast for 1965-2000. The independent forecast is then
conducted for the rest 16-year period (2001-2016). Both the predictors selection and
empirical model building is based on the samples during 1965-2000. The temporal
correlation coefficient (TCC) and Mean Square Skill Score (MSSS) are used to measure
the deterministic seasonal forecast skill (Murphy 1988). The MSSS compares the Mean
Square Error (MSE) of the forecast to the MSE of climatology and thus reflects the
forecast skill relative to the “forecasts” of climatology. Statistical significance of

correlation is assessed using the two-tailed Student’s t-test (Wilks 2006).

3. Physical interpretation of regional TCG frequency over the WNP

Large-scale atmospheric and oceanic conditions play a crucial role in TCG over
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the WNP (Gray 1968; Emanuel and Nolan 2004; Murakami and Wang 2010). In this
section, we examine the anomalous large-scale circulation patterns and the
corresponding boundary conditions concurring with the anomalous TCG frequency in
individual sub-regions, which can help us gain insight into the physical linkage between

the predictor and TCG frequency.

3.1 The northwest and southeast WNP

It has long been known that TCG in the northwest and southeast WNP is tightly
linked to the ENSO phenomenon (Lander 1994; Wang and Chan 2002; Camargo et al.
2007b; Zhao et al. 2010; Wang and Wu 2016, 2018a). Generally, the favorable large-
scale circulation pattern for TCG in the northwest and southeast WNP are consistent

with previous studies (Figs. 2-3).

An active TCG in the northwest WNP is usually concurrent with a La Nifia-like
pattern in SST anomalies (Fig. 2a). The anomalous convective heating related to SST
cooling over the equatorial central Pacific and SST warming over the Marine Continent
can extend the subtropical high eastward through stimulating Rossby and Kelvin wave
responses, respectively (Wang et al. 2013). The subtropical high ridge extends to the
Philippines, generating cyclonic shear vorticity to its western flank (Fig. 2a) and
favoring TCG in the northwest WNP. At the upper troposphere, the anomalous
southeasterly in south China and northwesterly to its east generate strong upper-level
divergence in the northwest WNP (Fig. 2b). The associated anomalous ascending

motion is favorable for TCG (Wang and Chan 2002).

The large-scale circulations concurring with the active TCG in the southeast

WNP are tightly linked to the developing phase of El Nifio (Fig.3a). Specially, The
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SST warming over the equatorial central-eastern Pacific can, through increasing
convective heating, generate pronounced equatorial westerly anomalies in the western
Pacific as Rossby response (Figs. 3a). The meridional shear vorticity of the anomalous
westerly serves to favor TCG in the southeast WNP. At the upper troposphere, the
anomalous anti-cyclone over the eastern WNP indicates the eastward migration in the
tropical upper troposphere trough, which can favor the TCG in the southeast WNP by

weakening vertical wind shear (Wu et al. 2015; Wang and Wu 2016, 2018b).

3.2 The northeast WNP

The favorable large-scale circulation patterns for TCG in the northeast WNP
receive relatively less attention due to its weak impacts on Asian countries (Fig.1).
Generally, active TCG in the northeast WNP are associated with anomalous ascending
motion and cyclonic circulation, which are well-known to be favorable to TCG (Figs.
4a-b, Gray 1968). Actually, the anomalous cyclonic circulation is coupled to the
underlying SST anomalies (Fig. 4a). On the one hand, the anomalous southwesterly to
the south and southeast of cyclonic circulation superposed on the mean easterly trade
wind, decreases total wind speed, suppresses sea surface evaporation and entrainment,
and thus warms the SST in a southwest-northeast tilted band from tropical eastern WNP
to the subtropical eastern Pacific. On the other hand, the anomalous southwesterly
transport wet and warm air to the northeast of the anomalous cyclonic circulation. Both
the SST warming and wet advection increase convective instability and serve to
enhance the convection to the southeast of anomalous cyclonic circulation. The
increased convective heating can then generate ascending Rossby waves, which in turn

reinforces the anomalous cyclonic circulation (Wang et al. 2000, 2003, 2013; Xiang et
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al. 2013). Meanwhile, the SST cooling induced negative convective heating over the
equatorial eastern Pacific can stimulate an anomalous low-level anti-cyclone as Rossby
wave response to its west. The southwesterly to the west flank of anomalous anti-
cyclone can enhance the atmosphere-ocean feedback and then enhance the anomalous
cyclonic circulation over the northeast WNP (Wang et al. 2000). Note that the Pacific
SST distribution favoring TCG in the northeast WNP resembles that of PMM (Chiang
and Vimont 2004), suggesting its impact on WNP TC activity comes mainly from the

northeast WNP (Zhang et al. 2016a).

3.3 The southwest WNP

TCs formed in the southwest WNP exert great impacts on the Philippines and
South Asia (Fig.1, Zhang et al. 2009). However, the favorable large-scale circulation
patterns for TCG in this region are still unclear. Here enhanced TCG in the southwest
WNP is associated with an anomalous cyclonic anomaly with convergence, which is
located to the south of an anti-cyclonic circulation anomaly and connected to a strong
cyclonic anomaly to its east (Fig. 5a). The corresponding 200 hPa winds show evident
divergence (Fig. 5b). Moreover, the enhanced convective heating over the equatorial
eastern Pacific can also contribute the cyclonic shear vorticity over the southwest WNP
by generating anomalous equatorial westerlies (Figs. 5a). It should be noted that only
the anomalous SST warming over the equatorial central-eastern Pacific can be treated
as a forcing, while the SST underlying the two aforementioned anti-cyclonic
circulations may just a result of atmospheric forcing (Figs. 5a-b,Wang et al. 2005). The
different origin of the anomalous circulations indicates the possible importance of

including the atmospheric forcing as predictors, which is usually missed in previous
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studies (Zhan et al. 2013; Zhang et al. 2018).

3.4 The South China Sea

Although most TCs formed in the South China Sea (SCS) usually make landfall
in South Asia, its variability sources are still unclear due to its weak relation to the local
large-scale conditions (Wang et al. 2007a). Previous studies did not find significant
correlation with the local thermodynamic conditions such as mid-level humidity and
SST due to their sufficient climatological value in boreal summer; on the other hand,
dynamic factors such as vorticity, large-scale vertical motion and vertical wind shear
are found to play important roles in TCG in the SCS (Wang et al. 2007a). Here we
found that these dynamic large-scale conditions are tightly linked to the variation in the
upper-level South Asia high (SAH) (Fig. 6). In particular, a weak South Asia high is
usually related to the suppressed vertical motion in Yangtze River valley, but enhanced
convection in the SCS (Fig. 6a, Wu et al. 2007; Xuan et al. 2011; Wang et al. 2012;
Yan et al. 2015) and thus favor the SCS TCG. Moreover, the anomalous upper-level
westerly, which serves to weaken the climatological easterly wind shear, creates a
favorable environment for TCG as well (Fig. 6a). At the lower troposphere, a cyclonic
circulation is found to be concurrent with the enhanced TCG in the SCS (Fig. 6b).
However, there is no significant local SST signal for TCG in the SCS (Fig. 6¢), which

Is consistent with Wang et al. (2007a).

4. Physical predictors for individual sub-regions

The concurrent large-scale conditions with the active TCG can help us to find

out the physically meaningful predictors for TCG in individual sub-regions. The
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precursor (prior to July) which can contribute to those concurrent large-scale conditions
are considered as potential predictors. Following this, the final predictors are identified
by stepwise regression for TCG frequency in each of sub-region, some predictors are

excluded due to their dependencies on the identified predictors (see section 2 for detail).

4.1 The northwest and southeast WNP

For TCG frequency in the northwest WNP, two SST predictors are identified.
The first one is a persistent predictor, NW-I, which features prominent La Nina-like
SST cooling over the equatorial central Pacific during May-June in the active phase of
TCG over the northwest WNP (Fig. 7a). Due to the phase locking feature of ENSO, the
SST cooling can maintain to ensuing July-September. One may note that there is
prominent SST warming in off-equatorial North Pacific as well, but it gradually
dissipates during the La Nina development (Fig. 2a and Fig. 8a). The SST-cooling
related decreasing Pacific zonal pressure gradient and the suppressed (enhanced)
convection in the equatorial central-eastern Pacific (marine continent) serve to enhance
the equatorial easterly and western North Pacific subtropical high (Fig. 8b, Wang et al.
2013; Xiang et al. 2013). The subtropical high ridge extends to the Philippines,
generating cyclonic shear vorticity to its western flank (Fig. 8b). The cyclonic vorticity
can increase the boundary layer Ekman convergence and then enhance the background
vertical motion (Fig. 8c), favoring TCG in the northwest WNP (Wang and Chan 2002).
The second predictor, NW-II, is an SST tendency predictor from September-October to
May-June (Fig. 7b). Generally, there is a prominent SST cooling tendency over the
north Indian ocean during the active period of TCG in the northwest WNP (Fig. 7b).

The cooling tendency can persist to the following July-September and foreshadow an
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enhanced Walker circulation and subtropical high via wind—evaporation—-SST feedback
(Figs. 8d-f). In a similar way, the anomalous subtropical high can enhance the TCG in

the northwest WNP by generating cyclonic shear vorticity.

Two ENSO-related SST predictors are identified for the TCG frequency in the
southeast WNP (Fig. 9). The first is a persistent predictor, SE-1, which shows prominent
SST warming over the equatorial central Pacific during May-June in the active period
of TCG in the southeast WNP. The anomalous SST warming can sustain to the
following July-September due to the phase-locking characteristic of EI Nifio (Fig. 10a).
The El Nifio-related enhanced (suppressed) convection in the equatorial central-eastern
Pacific (marine continent) shifts monsoon trough eastward, favoring the TCG in
southeast WNP by increasing the background vertical motion and cyclonic vorticity
(Fig. 10b, Wang and Chan 2002), In addition, at the upper-level, the tropical upper
troposphere trough migrates to the east, weakening the westerly shear and therefore
enhancing the TCG in the southeast WNP (Wu et al. 2015; Wang and Wu 2016, 2018b).
The second predictor is the SST tendency from September-October to May-June over
the equatorial central-Pacific (SE-II, Fig. 9b). The SST tendency can represent the
direction of subsequent evolution of ENSO signal and thus indicate strength of EI Nifio
and the migrations in large-scale circulations in ensuing July-September (Figs. 10d-f),
which can greatly modify the TCG over the southwest WNP (Lander 1994; Chia and

Ropelewski 2002; Wang and Chan 2002; Wang and Wu 2016, 2018b).

4.2 The northeast WNP

Two predictors are identified for the TCG frequency in the northwest WNP. The

first one is a persistent predictor, NE-I, which shows an SST dipole pattern with cooling
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in the equatorial eastern Pacific and warming in subtropical North Pacific during the
active phase of TCG in the northeast WNP (Fig. 11a). Such a dipole pattern resembles
that of PMM, which can maintain to following months through air-sea interaction and
sustain an anomalous cyclonic circulation over the northeast WNP (Figs. 12a-c, Chiang
and Vimont 2004). On the one hand, the enhanced atmospheric heating in the
subtropical North Pacific can stimulate an anomalous cyclonic circulation to its west
and north as a Rossby wave response. On the other hand, the surface westerly and
southwesterly anomalies to the eastern flank of the anomalous cyclonic circulation can
reinforce the underlying SST warming by reducing total wind speed and sea surface
evaporation and entrainment cooling (Wang et al. 2000; Chiang and Vimont 2004;
Wang et al. 2013; Xiang et al. 2013). Meanwhile, the SST cooling induced negative
convective heating over the equatorial eastern Pacific can stimulate an anomalous low-
level anticyclone as a Rossby wave response to its west. The southwesterly to the west
flank of anomalous anti-cyclone can further enhance the atmosphere-ocean feedback
and then reinforce the anomalous cyclonic circulation over the northeast WNP (Wang
et al. 2000; Chiang and Vimont 2004). The anomalous circulation can further regulate
the TC formation in the northeast WNP by modifying the ambient low-level vorticity
and vertical wind shear (Zhang et al. 2016a). The second predictor, NE-I1, is the 2m air
temperature tendency from September-October to May-June over the northwest Indian
ocean (Fig. 11b). The cooling tendency hints an SST cooling in the ensuring July-
September over the north Indian ocean (Fig. S1b). The SST cooling can further
stimulate a cold Kelvin wave propagating eastward to the WNP, decreasing the surface
pressure and leading to anomalous cyclonic circulation in the northeast WNP (Xie et al.
2009; Zhan et al. 2011b; Wang et al. 2013; Xie et al. 2016; Wang et al. 2017). The

opposite is true for an SST warming tendency over the northwest Indian ocean.
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Therefore, a cooling (warming) tendency foreshadows an anomalous cyclonic (anti-
cyclonic) circulation over the northeast WNP (Figs. 12d-f), which serves to enhance

(suppress) TCG in the northeast WNP.

4.3 The southwest WNP

For the southwest WNP, two predictors are identified to predict the TCG
frequency in this region (Fig. 13). The first one is the SLP tendency signal from
November-December to May-June, SW-I1, which is characterized by positive anomalies
over the WNP in active years of TCG in the southwest WNP (Fig. 13a). The SLP
tendency signal hints high pressures and anti-cyclonic circulations in the north WNP
and north Australia in the ensuring July-September (Fig. 14a). The SLP tendency
related circulation pattern in July-September is similar to that shown in Figure 5a,
suggesting the possible utility of the SLP predictor in predicting TCG in the southwest
WNP. The prominent easterly to the south flank of anti-cyclonic circulation can
increase the cyclonic shear vorticity to its south (i.e., southwest WNP), which tends to
favor TC development. Moreover, the two high-pressure zones to the north and south
sides of the southwest WNP eventually constructed a relatively low-pressure zone over
the southwest WNP, which can strengthen the low-level convergence and thus favor
the TCG in this region (Figs. 14b-c). The second predictor is an SST persistent predictor,
SW-II, which shows a warming over the equatorial eastern Pacific during May-June in
the active phase of TCG in the southwest WNP (Fig. 13b). The SST warming can
sustain to the ensuring July-September because of the phase-locking feature of ENSO.
The SST warming induced atmospheric heating can emanate a cyclonic circulation pair

symmetric about the equator as a Rossby wave response. The northern part of the
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cyclonic pair extends to the southwest WNP and increases cyclonic vorticity in the
southwest WNP (Figs. 14e-f). Meanwhile, meridional winds to the west edge of
cyclonic circulation pair converge in the southwest WNP, which tends to enhance TCG

in the southwest WNP as well.

4.4 The South China Sea

Two predictors are identified for the TCG frequency over the South China Sea
(Fig. 15). The first one is the June 850 hPa zonal wind over the tropical WNP, which
features anomalous easterlies over Indonesia islands during active years of TCG in the
South China Sea (Fig. 15a). In fact, the anomalous easterly suggests an inactive
monsoon circulation in the South China Sea, which is usually corresponding to a weak
South Asia High at the upper level (Liu and Zhu 2016). The persistent anomalous
easterly in the ensuring July-September is consistent with the weakening of the South
Asia High, which can favor TCG in the South China Sea by modifying vertical motion,
the mid-level humidity and the low-level vorticity (Figs. 16b-c, Wu et al. 2007; Wang
etal. 20073, 2012; Yan et al. 2015). The second predictor is SST tendency from March-
April to May-June over the eastern WNP (Fig. 15b). The warming tendency indicates
an SST warming in the ensuing July-September. Such an SST warming is concurrent
with an anomalous anti-cyclonic circulation extending from the eastern WNP to east
Asia. The cyclonic shear vorticity to the south flank of the anomalous anti-cyclonic
circulation creates a favorable environment for TCG in the SCS. Additionally, the
cyclonic vorticity induced boundary layer Ekman convergence may enhance the

ascending motion over the South China Sea as well (Figs. 16d-f).

Table 1 lists definitions of identified predictors for individual sub-regions. The
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different predictors for individual sub-regions reflect the diverse predictability sources
of TCG in individual sub-regions and further indicates the possible rationality of the

region-dependent forecasting strategy.

5. Predictability and prediction skill for TC genesis in individual sub-regions

5.1 Prediction

The empirical models derived using the identified predictors listed in Table 1
can reasonably reproduce the inter-annual variability of TCG frequency in individual
sub-regions. Particularly, the prediction (simulation) for TCG frequency in the
northwest WNP, southeast WNP, northeast WNP, southwest WNP and South China
Sea can achieve significant TCC skills of 0.65, 0.76, 0.62, 0.61 and 0.6, respectively,
over the 52-year period of 1965-2016, suggesting about 40%-60% of the total variance
of TCG frequency can be potentially predicted by using large-scale environmental

parameters.

In order to examine the prediction skills of prediction models, a leave-three-out
cross-validated reforecast is performed by taking 3 years out around the predicted year
for 1965-2000, and independent forecasts are then made for the rest 16-year during
2001-2016. It is found that both of the cross-validated reforecast and independent
forecast for TCG frequency are significantly correlated with observation in each of sub-
regions (Fig. 17). For the northwest WNP, The TCC (MSSS) skill of cross-validated
reforecast during 1965-2000 is 0.62 (0.22), and the independent forecast has significant
TCC skill of 0.55 for the recent 16 years (2001-2016) (Fig. 17a). The prediction for the
TCG frequency in southeast WNP exhibits the highest skill among the five sub-regions,

whose TCC (MSSS) skills are 0.76 (0.36) for 1965-2000 reforecast and 0.68 (0.19) for
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2001-2016 independent forecast (Fig. 17b). For the northeast WNP, TCC (MSSS) skill
of the cross-validated reforecast during 1965-2000 is 0.58 (0.14), and independent
forecast for 2001-2016 achieves a TCC (MSSS) skill of 0.55 (0.03). The TCC (MSSS)
skills for the southwest WNP are 0.51 (0.14) for the cross-validated reforecast during
1965-2000 and 0.61(0.2) for the independent forecast in 2001-2016. The predicted TCG
frequency in the South China Sea also shows valuable skill with TCC (MSSS) skills of
0.62 (0.22) for 1965-2000 reforecast and 0.61 (0.21) for 2001-2016 independent

forecast (Fig. 17e).

The valuable skills in the predicted TCG frequency in individual sub-regions
lend us confidence to further explore the predictability of basin-wide TCG frequency
over the whole WNP. The predicted TCG frequency over the WNP is simply obtained
by adding the predicted TC genesis frequency in all of five sub-regions (Fig. 17f).
Actually, the predicted basin-wide TCG frequency also shows significant skills (Fig.
17f). For instance, TCC skill of the independent forecast for 2001-2016 achieves 0.76,
which shows superior skill to that of traditional statistical approaches (Zhang et al.
2018). The superior prediction skills of the region-dependent strategy both in the basin-
wide and regional scales, in fact, indicate its higher utility than the traditional predicting

approaches, which can only provide us information about basin-wide TC activities.

5.2 Seasonal dependence of the prediction skill

One may curious that how long the prediction skills can last. Here we found that
the favorable large-scale circulation pattern for TCG in each sub-region in July-
September differs from that in the late season. Such differences are most evident in the

SCS and the southwest WNP due to the salient changes in the seasonal/sub-seasonal
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mean large-scale circulation pattern in these two sub-regions. For example, the SAH,
which plays an important role in the SCS TCG in July-September, shifts southward to
the Pacific Ocean in the late season and thus exerts relatively weak impact on the SCS
TCG. Moreover, some SST predictors are highly coupled with atmosphere through
wind-evaporation-SST (WES) feedback (Xie and Phlander 1994; Wang et al. 2000;
Chiang and Vimont 2004; Wang et al. 2005), which is sensitive to mean circulation
pattern. Accordingly, the WES feedback cannot work and maintain the anomalous
circulation when seasonal mean circulation changed (Xie et al. 2016). In other words,
the predicting skill highly depends on the seasonal mean large-scale circulation pattern.
Figure 18 further shows the seasonal evolution of predicting skills in five sub-regions.
For the SCS, meaningful skill can last to August-October. However, meaningful skill
disappears in September-November due to the southward migration in the SAH.
Meanwhile, the prediction skill for the southwest WNP experiences an abrupt
breakdown in August-October, which attributes to the salient change in the favorable
circulation pattern in October (Figure not shown). In contrast, the persistence of
predicting skills in the northwest, southeast and northeast WNP are relatively longer.
The longer-persistence in the northwest and southeast WNP can be attributed to the
phase-locking feature of ENSO, which plays a vital role in the TCG frequency in the
two sub-regions (Figs. 2-3). For the northeast WNP, two predictors are highly coupled
with atmosphere thorough wind-evaporation feedback (Xie and Phlander 1994; Wang
et al. 2000; Chiang and Vimont 2004). Therefore, the predicting skill gradually
decreases as the retreat of summer monsoon. On the basin-wide scale, the prediction
models can obtain a meaningful skill for July-October (Fig. 18). Table 2 shows the
predicting results with target season of July-October. It can be seen that the results are

generally similar to those in July-September except for the southwest WNP due to its
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salient change in the favorable large-scale pattern in October. It means that the
determinate factors for TCG in the southwest WNP are highly season-dependent,

making it is difficult to predict the TCG in the southwest WNP for a long season.

6. Summary

6.1 Conclusion

Traditional statistical seasonal forecasting approaches for TC activity over the
WNP take TCG frequency over the whole WNP as the targeted predictands. However,
TCG over the WNP displays distinct regional features, and the basin-wide TC metrics
usually act as a poor indicator to those in WNP sub-regions. The utility of the forecast
products would, therefore, be enhanced if seasonal TC activity on scales finer than
basin-wide could be skillfully predicted (Vecchi et al. 2014). This motivates us to
establish a regional-dependent seasonal forecasting framework for TCG frequency over

the WNP.

We have identified the large-scale circulation patterns and underlying boundary
conditions cooccurring with active TCG in individual sub-regions. Besides the well-
known ENSO-related seesaw relationship between the TCG frequency over the
southeast and northwest WNP, we find that the enhanced TCG in the northeast WNP is
associated with a pronounced cyclonic circulation anomaly, which is maintained
through interaction between the cyclonic circulation and the underlying tri-pole SST
anomalies in the northern Indo-Pacific. The anomalous cyclonic circulation can favor
the TCG by modifying ambient low-level vorticity and vertical wind shear. For the
southwest WNP, the favorable circulations and boundary conditions for TCG are the

two high pressures to the two sides of the southwest WNP and the SST warming over
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the equatorial central-eastern Pacific. The high-pressure associated circulations and the
SST warming-related anomalous equatorial westerly can generate cyclonic vorticity
and enhance the convergence in the southwest WNP, and thus favor the TCG. For the
South China Sea, we found that a weak South Asia High can contribute to the active
TCG by enhancing the vertical motion and weakening the climatological easterly wind

shear in the northern South China Sea.

Based on the simultaneous large-scale circulation and boundary conditions, the
precursors that can contribute to those concurrent large-scale conditions are considered
as potential predictors. Several physically meaning predictors are identified for each
sub-region. We found that ENSO precursors to predict TCG frequency over the
northwest and southeast WNP, while the May-June mean dipole SST pattern which
resembles PMM and 2-m temperature tendency over the west Indian ocean are found
to be useful to predict TCG frequency in the northeast WNP. Seasonal prediction for
TCG frequency in the southwest WNP and the South China Sea usually shows limited
skills. Here we found the SLP tendency over the northern WNP and SST over the
equatorial central-eastern Pacific can provide predictive information for TCG in the
southwest WNP. For TCG in the South China Sea, the June 850 hPa wind over the
Indonesia and SST tendency over the eastern WNP can provide useful precursors. The
possible causative linkages between identified predictors and predictands are also

discussed.

To investigate the predictability of TCG frequency in individual sub-regions, a
set of empirical prediction models are established using the aforementioned predictors.
It is found that the physical-empirical models can reasonably reproduce the inter-annual
variability of TCG frequency in each of five sub-regions. Particularly, the prediction
(simulation) for TCG frequency in the northwest WNP, southeast WNP, northeast WNP,
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southwest WNP and South China Sea can achieve significant TCC skills of 0.65, 0.76,
0.62, 0.61 and 0.6, respectively, over the 52-year period of 1965-2016. Moreover, we
used data from 1965-2000 as a training period to build prediction equation and
performed a 16-year independent prediction. The independent reforecast for TCG
frequency during 2001-2016 over the northwest WNP, southeast WNP, northeast WNP,
southwest WNP and the South China Sea achieves significant TCC skill of 0.55, 0.68,
0.55, 0.61, 0.61, respectively. Surprisingly, their sum (i.e. the predicted TCG frequency
for the whole WNP) also demonstrates superior predicting skill with a TCC skill of 0.76
for the independent forecast period of 2001-2016. The superior skills both in the basin-
wide and regional scales of the region-dependent strategy indicate its higher utility
comparing to the traditional statistical prediction approach, which only provides us with

TC information for the whole basin.

6.2 Discussion

TCG in the vast WNP experiences distinct regional features (Wang and Chan
2002; Kim et al. 2010), and it does not experience unified variations even in response
to the same large-scale forcing. The distinct regional characteristic in TCG over the
WNP should be considered when establishing prediction models. The proposed region-
dependent forecasting tragedy can be an effective pathway to yield higher skill and

utility than the traditional statistical prediction approaches.

Although valuable prediction skills in the basin-wide and regional TCG
frequency are found in the region-dependent forecasting strategy, some limitations exist
in this approach. The first is the possible nonstationary relationship between the

predictor and predictand, which is acommon limitation for empirical prediction method.

22

Accepted for publication in Journal of Climate. DOI10.1175/JCLI-D-19-0006.1.



535

536

537

538

539

540

541

542

543

544

545

546

547

548

549

550

551

552

553

554

555

556

557

558

559

For instance, the relation between the PMM and TCG frequency in the northeast WNP
weakens in the recent two decades, making the prediction skill comparatively low in
the independent forecast during 2000-2016 (Figure is not shown). Moreover, The TCC
skill for the TCG in the WNP during 1965-2000 relatively weaker than each sub-region,
but it shows better skill than those in sub-regions for 2001-2016. It means the predicting
errors in each subregion may be accumulated during 1965-2000 but offset each other
during 2001-2016. This result indicates an unstable relationship of predicting errors in
individual may play a role in predicting skills. Second, the proposed physical linkages
between the predictors and predictands are largely based on physical reasoning. While
the involved physical processes how the selected predictors affect TCG in the southeast
and northwest WNP have been well-established by previous studies, how the selected
predictors influence TCG in northeast and southwest WNP and the South China Sea
still requires more work to examine the detailed physical processes. Numerical models
provide us with a promising pathway to resolve these issues. Additionally, definitions
of sub-regions are originally designed to understand the ENSO impacts on TCG over
the WNP (Wang and Chan 2002), which may not be best suitable for representing the
regional features of TCG on the inter-annual time scale. The predictable mode analysis
may be a more viable strategy to portraying this regional features as used in Wang et al.

(2015a), and we intend to explore this issue in a future study.
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Table 1 Definitions of predictors for TCG in individual sub-regions

Name Definition Meaning
NW-I May-June mean SST over (5°S— Central Pacific SST
10°N, 180°-130°W) predictor
May-June minus October- .
NW-II November SST tendency over Indian (?jc_:ean S5T
(5°S-20°N, 50°E—100°E) predictor
SE-| May-June mean SST over (10°S— Central Pacific SST
10°N, 180°-130°W) predictor
May-June minus October- -
SE-II November SST tendency over ffgéﬁcpacﬁggi;ir
(10°S-10°N, 180°-220°E) yp
May-June mean SST (10°S—10°N, e
NE-I 130°W-80°W) minus SST Pacific dipole S5T
(10°N-25°N, 160°E—160°W) predictor
May-June minus September-
NE-| October 2m air temperature West Indian Ocez_in
tendency over (0—30°N, 40°E— | T2m tendency predictor
70°E)
May-June minus November-
SW-I December SLP tendency over WNP SL(I;. ttendency
(10°N—20°N, 140°E—180°) predictor
SW-II May-June mean SST over (5°S— Central Pacific SST
5°N, 170°W-100°W) predictor
June 850 hPa zonal wind over Indonesia zonal wind
SCS-I (0°-10°N, 110°E-125°E) and dictor
(2.5°S-7.5°N, 125°E-140°E) predic
May-June minus March-April
SCS-1I SST tendency over (5°N-20°N, Eastern WNP .SST
150°E-180°) tendency predictor

Table 2 Correlation ecoefficiency between the observed TC genesis frequency and

cross-validated reforecast (1965-1999) and prediction (2000-2016) during July-

October in individual subregions and the WNP. The significant correlations are bold.

SCS SW NW SE NE WNP
1965-1999 | 0.51 0.1 0.61 0.77 0.58 0.47
2000-2016 | 0.59 0.38 0.52 0.69 0.49 0.68
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Figure captions:

Figure 1 Climatological TC geneses and tracks over the WNP. TC genesis locations
(green dots) and tracks (light blue lines) during July-September over 1965-2016. The
grey dash lines indicate the boundaries of five sub-regions (i.e. South China Sea (SCS),
southwest WNP (SW), northwest WNP (NW), southeast WNP(SE) and northeast
WNP(NE)). Numbers represent the annual mean TC genesis frequency in individual

sub-regions.

Figure 2 Large-scale circulation pattern and boundary condition anomalies favoring
TCG in the northwest WNP. Simultaneous correlation map between TCG frequency in
the northwest WNP and (a) SST (over ocean) and T2m (over land) (shadings) and 850
hPa wind (vectors) and (b) 500 hPa omega (shadings) and 200 hPa wind (vectors) in
July-September during 1965-2000. The green vectors and dotted areas denote regions
with correlation coefficients significant at 95% confidence level. The green boxes

indicate boundaries of the northwest WNP.

Figure 3 The same as Figure 2 but for southeast WNP.

Figure 4 The same as Figure 2 but for northeast WNP.

Figure 5 Large-scale circulation pattern and boundary condition anomalies favoring
TCG in the southwest WNP. Simultaneous correlation map between TCG frequency in
the southwest WNP and (a) SST (over ocean) and T2m (over land) (shadings), SLP
(contours) and 850 hPa wind (vectors) and (b) 500 hPa omega (shadings) and 200 hPa
wind (vectors) in July-September during 1965-2000. The green vectors and dotted
areas denote regions with correlation coefficients significant at 95% confidence level.

The green boxes indicate boundaries of the southwest WNP.

Figure 6 Large-scale circulation patterns and boundary conditions anomalies favoring
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TCG in the South China Sea. Simultaneous correlation map between TCG frequency
in the South China Sea and (a) 200 hPa zonal wind (black contours) and 500 hPa
omega(shadings), (b) 850 hPa winds (vectors) and vorticity (shadings) and (c) SST in
July-September during 1965-2000. The green vectors in (b) and dotted areas denote
regions with correlation coefficients significant at 95% confidence level. The vectors
in (a) display the climatological 200 hPa wind, indicating the mean circulation
associated with the South Asian high. The grey line in (a) shows the zero contour of
climatological 200 hPa zonal wind, which denotes the ridge of the South Asian high.

The green boxes indicate the boundaries of the South China Sea.

Figure 7 Predictors for TCG frequency in the northwest WNP. Correlation map between
TCG frequency in the northwest WNP and (a) May-June mean SST and (b) SST
tendency from September-October to May-June during 1965-2000. Dotted areas denote
regions with correlation coefficients significant at 95% confidence level. The black
boxes represent the locations of predictors and green boxes indicate boundaries of the

northwest WNP.

Figure 8 The lead-lag correlation between predictors for TCG in the northwest WNP
and July-September mean large-scale conditions. Correlation maps between NW-I and
July—September mean (a) SST (b) SLP (shadings) and 850 hPa wind (vectors) and (c)
500 hPa omega during 1979-2000. (d)-(f) are the same as (a)-(c), but for predictor NW-
Il. The green vectors and dotted areas denote regions with correlation coefficients
significant at 95% confidence level. The green boxes indicate boundaries of the

northwest WNP.

Figure 9 Predictor for TCG frequency in the southeast WNP. Correlation map between

TCG frequency over the southeast WNP and (a) May-June mean SST (b) SST tendency
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from September-October to May-June during 1965-2000. Dotted areas denote regions
with correlation coefficients significant at 95% confidence level. The black boxes
represent the location of predictors and green boxes indicate boundaries of the southeast

WNP.

Figure 10 The lead-lag correlation between predictors for TCG in the southeast WNP
and July-September mean large-scale conditions. The correlation maps between
predictor SE-I and July—September mean (a) SLP (shadings) and 850 hPa wind
(vectors), (b) SST and (c) 500 hPa omega during 1965-2000. (d)-(f) are the same as

(a)-(c), but for predictor SE-II.

Figure 11 Predictors for TCG frequency in the northeast WNP. Correlation map
between TCG frequency over the northwest WNP and (a) May-June mean SST (b) 2m
air temperature tendency from September-October to May-June during 1965-2000.
Dotted areas denote regions with correlation coefficients significant at 95% confidence
level. The black boxes represent the location of predictors and red boxes indicate

boundaries of the northeast WNP.

Figure 12 The lead-lag correlation between predictors for TCG in the northeast WNP
and July-September mean large-scale conditions. The correlation maps between
predictor NE-I and July—September mean (a) SST (b) SLP (shadings) and 850 hPa wind
(vectors), and (c) 500 hPa omega during 1965-2000. (d)-(f) are the same as (a)-(c), but
for predictor NE-I1. The green vectors and dotted areas denote regions with correlation
coefficients significant at 95% confidence level. The green boxes indicate boundaries

of the northeast WNP.

Figure 13 Predictors for TCG frequency in the southwest WNP. Correlation map

between TC genesis frequency in the southwest WNP and (a) SLP tendency from
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November-December to May-June (shading), and (b) May-June mean SST during
1965-2000. Dotted areas denote regions with correlation coefficients significant at 95%
confidence level. The black boxes represent the location of predictors and green boxes

indicate boundaries of the southwest WNP.

Figure 14 The lead-lag correlation between predictors for TCG in the southwest WNP
and July-September mean large-scale conditions. The correlation maps between
predictor SW-I and July—September mean (a) SLP (shadings), (b) SST (shadings) and
850 hPa wind (vectors), and (c) 500 hPa omega during 1965-2000. The correlation
maps between predictor SW-II and July—September mean (a) SST (shadings), (b) SLP

(shadings) and 850 hPa wind (vectors), and (c) 500 hPa omega during 1965-2000.

Figure 15 Predictors for TCG frequency in the South China Sea. Correlation map
between TC genesis frequency in the South China Sea and (a) SLP tendency from
November-December to May-June (shading), and (b) SST tendency from September-
October to May-June during 1965-2000. Dotted areas denote regions with correlation
coefficients significant at 95% confidence level. The black boxes represent the location

of predictors and green boxes indicate boundaries of the South China Sea.

Figure 16 The lead-lag correlation between predictors for TCG in the South China Sea
and July-September mean large-scale conditions. The correlation maps between
predictor SCS-I and July—September mean (a) 850 hPa zonal wind (shadings), (b) 200
hPa zonal wind (shadings) and 200 hPa wind (vectors), and (c) 500 hPa omega during
1965-2000. The correlation maps between predictor SCS-11 and July—September mean
(d) SST (shadings), (e) SLP (shading) and 850 hPa (vectors), and (f) 500 hPa omega
during 1965-2000. The grey line (b) shows the zero contour of climatological 200hPa

zonal wind, which denotes the ridge of the South Asian high.
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940  Figure 17 Predictability and prediction skill for the TCG frequency in individual sub-
941  regions and the whole WNP. Time series of TC counts over the (a) northwest WNP (b)
942  southeast WNP, (c) northeast WNP, (d) southwest WNP, (e) South China Sea and (f)
943  WNP obtained from the JTWC best track (black line), cross-validated reforecast (blue
944  line) and prediction (green line) from 1965-2016. The grey dash lines sperate the

945  training and prediction period. The corresponding TCC is shown in each panel.

946  Figure 18 Correlation coefficient of predicted and observed seasonal TC genesis
947  frequency in the SCS (blue squares), (b) southwest WNP (red squares), (c) northwest
948  WNP (black squares), (d) southeast WNP (green squares), (e) northeast WNP (brown
949  squares), and (f) WNP (purple squares) during 1965-2016. The black line denotes the

950  95% significant level.
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Figure 1 Climatological TC geneses and tracks over the WNP. TC genesis locations
(green dots) and tracks (light blue lines) during July-September over 1965-2016. The
grey dash lines indicate the boundaries of five sub-regions (i.e. South China Sea (SCS),
southwest WNP (SW), northwest WNP (NW), southeast WNP(SE) and northeast
WNP(NE)). Numbers represent the annual mean TC genesis frequency in individual

sub-regions.
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Figure 2 Large-scale circulation pattern and boundary condition anomalies favoring

TCG in the northwest WNP. Simultaneous correlation map between TCG frequency in
the northwest WNP and (a) SST (over ocean) and T2m (over land) (shadings) and 850
hPa wind (vectors) and (b) 500 hPa omega (shadings) and 200 hPa wind (vectors) in
July-September during 1965-2000. The green vectors and dotted areas denote regions
with correlation coefficients significant at 95% confidence level. The green boxes

indicate boundaries of the northwest WNP.
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972  Figure 3 The same as Figure 2 but for southeast WNP.
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Figure 4 The same as Figure 2 but for northeast WNP.
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Figure 5 Large-scale circulation pattern and boundary condition anomalies favoring
TCG in the southwest WNP. Simultaneous correlation map between TCG frequency in
the southwest WNP and (a) SST (over ocean) and T2m (over land) (shadings), SLP
(contours) and 850 hPa wind (vectors) and (b) 500 hPa omega (shadings) and 200 hPa
wind (vectors) in July-September during 1965-2000. The green vectors and dotted
areas denote regions with correlation coefficients significant at 95% confidence level.

The green boxes indicate boundaries of the southwest WNP.
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Figure 6 Large-scale circulation patterns and boundary conditions anomalies favoring
TCG in the South China Sea. Simultaneous correlation map between TCG frequency
in the South China Sea and (a) 200 hPa zonal wind (black contours) and 500 hPa
omega(shadings), (b) 850 hPa winds (vectors) and vorticity (shadings) and (c) SST in
July-September during 1965-2000. The green vectors in (b) and dotted areas denote
regions with correlation coefficients significant at 95% confidence level. The vectors
in (a) display the climatological 200 hPa wind, indicating the mean circulation
associated with the South Asian high. The grey line in (a) shows the zero contour of
climatological 200 hPa zonal wind, which denotes the ridge of the South Asian high.

The green boxes indicate the boundaries of the South China Sea.
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Figure 7 Predictors for TCG frequency in the northwest WNP. Correlation map between
TCG frequency in the northwest WNP and (a) May-June mean SST and (b) SST
tendency from September-October to May-June during 1965-2000. Dotted areas denote
regions with correlation coefficients significant at 95% confidence level. The black
boxes represent the locations of predictors and green boxes indicate boundaries of the

northwest WNP.
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Figure 8 The lead-lag correlation between predictors for TCG in the northwest WNP
and July-September mean large-scale conditions. Correlation maps between NW-I and
July—September mean (a) SST (b) SLP (shadings) and 850 hPa wind (vectors) and (c)
500 hPa omega during 1979-2000. (d)-(f) are the same as (a)-(c), but for predictor NW-
Il. The green vectors and dotted areas denote regions with correlation coefficients

significant at 95% confidence level. The green boxes indicate boundaries of the

northwest WNP.
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Figure 9 Predictor for TCG frequency in the southeast WNP. Correlation map between
TCG frequency over the southeast WNP and (a) May-June mean SST (b) SST tendency
from September-October to May-June during 1965-2000. Dotted areas denote regions
with correlation coefficients significant at 95% confidence level. The black boxes
represent the location of predictors and green boxes indicate boundaries of the southeast

WNP.
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Figure 10 The lead-lag correlation between predictors for TCG in the southeast WNP
and July-September mean large-scale conditions. The correlation maps between
predictor SE-I and July—September mean (a) SLP (shadings) and 850 hPa wind
(vectors), (b) SST and (c) 500 hPa omega during 1965-2000. (d)-(f) are the same as
(a)-(c), but for predictor SE-I1. The green vectors and dotted areas denote regions with
correlation coefficients significant at 95% confidence level. The green boxes indicate

boundaries of the southeast WNP.
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Figure 11 Predictors for TCG frequency in the northeast WNP. Correlation map
between TCG frequency over the northwest WNP and (a) May-June mean SST (b) 2m
air temperature tendency from September-October to May-June during 1965-2000.
Dotted areas denote regions with correlation coefficients significant at 95% confidence
level. The black boxes represent the location of predictors and red boxes indicate

boundaries of the northeast WNP.
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1041  Figure 12 The lead-lag correlation between predictors for TCG in the northeast WNP
1042  and July-September mean large-scale conditions. The correlation maps between
1043  predictor NE-I and July—September mean (a) SST (b) SLP (shadings) and 850 hPa wind
1044  (vectors), and (c) 500 hPa omega during 1965-2000. (d)-(f) are the same as (a)-(c), but
1045  for predictor NE-11. The green vectors and dotted areas denote regions with correlation
1046  coefficients significant at 95% confidence level. The green boxes indicate boundaries

1047  of the northeast WNP.
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Figure 13 Predictors for TCG frequency in the southwest WNP. Correlation map
between TC genesis frequency in the southwest WNP and (a) SLP tendency from
November-December to May-June (shading), and (b) May-June mean SST during
1965-2000. Dotted areas denote regions with correlation coefficients significant at 95%
confidence level. The black boxes represent the location of predictors and green boxes

indicate boundaries of the southwest WNP.
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Figure 14 The lead-lag correlation between predictors for TCG in the southwest WNP
and July-September mean large-scale conditions. The correlation maps between
predictor SW-I and July—September mean (a) SLP (shadings), (b) SST (shadings) and
850 hPa wind (vectors), and (c) 500 hPa omega during 1965-2000. The correlation
maps between predictor SW-I1 and July—September mean (a) SST (shadings), (b) SLP
(shadings) and 850 hPa wind (vectors), and (c) 500 hPa omega during 1965-2000. The
green vectors and dotted areas denote regions with correlation coefficients significant

at 95% confidence level. The green boxes indicate boundaries of the southwest WNP.
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Figure 15 Predictors for TCG frequency in the South China Sea. Correlation map

between TC genesis frequency in the South China Sea and (a) SLP tendency from
November-December to May-June (shading), and (b) SST tendency from September-
October to May-June during 1965-2000. Dotted areas denote regions with correlation
coefficients significant at 95% confidence level. The black boxes represent the location

of predictors and green boxes indicate boundaries of the South China Sea.
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Figure 16 The lead-lag correlation between predictors for TCG in the South China Sea
and July-September mean large-scale conditions. The correlation maps between
predictor SCS-I and July—September mean (a) 850 hPa zonal wind (shadings), (b) 200
hPa zonal wind (shadings) and 200 hPa wind (vectors), and (c) 500 hPa omega during
1965-2000. The correlation maps between predictor SCS-11 and July—September mean
(d) SST (shadings), (e) SLP (shading) and 850 hPa (vectors), and (f) 500 hPa omega
during 1965-2000. The grey line (b) shows the zero contour of climatological 200hPa
zonal wind, which denotes the ridge of the South Asian high. The green vectors and
dotted areas denote regions with correlation coefficients significant at 95% confidence

level. The green boxes indicate boundaries of the South China Sea.

57

Accepted for publication in Journal of Climate. DOI10.1175/JCLI-D-19-0006.1.



1086
1087

1088

1089

1090

1091

1092

1093

1094

Northlwest WNPI i i i Southfasl WNPI i ; ;
8 i
TCC=0.62 e a) [ - -
6 ¢ A " ¢ = 1 [
n I~ = =
= ‘ ,\ ‘ N - 4y =
S 4 SUNL Y\ T 1 -
3 1\ J W E ] E
O 23 v v R ' : -
= 1 ¥ - C * X R -
0 - =e=Observation TCC=0.55 | 0 - ¥ N } \ -
]=——Cross-validated reforecast ——Independent forecast [ 1 TCC=0.76 TCC=0.68
N LA [ e e e e e e e L I LA e s s ey e e S R
1970 1980 1990 2000 2010 1970 1980 1990 2000 2010
Northeast WNP Southwest WNP
NN AP REN E I I PR [N B I | I AR I
3 of d) £
& 19 < TCC=0.58 TCC=0.55 [ | E
[ IRV RS Ol
3 - \ AT A vz
< [ e =
‘ T e 3
- a1 TCC=0.51 TCC=0.61 E
T l T T T T I T T T T I ¢ T T T I T L T I T T T T T I T T T T l T T T T l T T T T l T T T T I T T ™
1970 1980 1990 2000 2010 1970 1980 1990 2000 2010

South China Sea WNP
o ol pomea | g pa Lepn pa Lo popg Lo g pa ln vopn Uy oo o Wa pa oWy o pl gong

L

TC Counts

1970 1980 1990 2000 2010 1970 1980 1990 2000 2010

Figure 17 Predictability and prediction skill for the TCG frequency in individual sub-

regions and the whole WNP. Time series of TC counts over the (a) northwest WNP (b)
southeast WNP, (c) northeast WNP, (d) southwest WNP, (e) South China Sea and (f)
WNP obtained from the JTWC best track (black line), cross-validated reforecast (blue
line) and prediction (green line) from 1965-2016. The grey dash lines sperate the

training and prediction period. The corresponding TCC is shown in each panel.
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Figure 18 Correlation coefficient of predicted and observed seasonal TC genesis
frequency in the SCS (blue squares), (b) southwest WNP (red squares), (c) northwest
WNP (black squares), (d) southeast WNP (green squares), (€) northeast WNP (brown
squares), and (f) WNP (purple squares) during 1965-2016. The black line denotes the

95% significant level.

59

Accepted for publication in Journal of Climate. DOI10.1175/JCLI-D-19-0006.1.





