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Abstract. Accurate prediction of the South China Sea sum-
mer monsoon (SCSSM) onset date is important for wa-
ter resources, agriculture, and disaster preparedness across
East Asia, yet reliable seasonal prediction remains chal-
lenging. Here, we propose a synoptic clustering-based on-
set definition that identifies monsoon onset as a persistent
transition into large-scale monsoon circulation regimes de-
rived from clustering of low-level atmospheric fields. Us-
ing ECMWF SEAS5 seasonal forecasts, we compare pre-
dictions based on this regime-based framework with those
based on the conventional area-averaged 850 hPa zonal-wind
criterion of Wang et al. (2004). The clustering-based defi-
nition yields improved deterministic prediction skill, more
favorable ratio of predictable component values, and gener-
ally higher categorical and probabilistic forecast skill during
both the dependent training period and an independent fore-
cast period. Additional diagnostics show that the identified
regime transition is accompanied by coherent convective and
thermodynamic changes, supporting its physical consistency
with monsoon establishment. Overall, the results suggest that
circulation-regime-based onset definitions provide a physi-
cally meaningful and practically useful alternative to conven-
tional threshold-based approaches for seasonal prediction of
SCSSM onset.

1 Introduction

The onset of the South China Sea (SCS) summer monsoon
(SCSSM) marks a rapid reorganization of the Asian monsoon
system, characterized by a transition from a dry, trade-wind-
dominated spring regime to a convectively coupled summer

circulation (Wang and LinHo, 2002; Ding et al., 2004, 2015;
Wang et al., 2004). Climatologically occurring in mid-May,
this transition is marked by a reversal of lower-tropospheric
zonal winds over the SCS, enhanced low-level moisture con-
vergence, and the eastward retreat of the western North Pa-
cific (WNP) subtropical high (WNPSH), leading to the es-
tablishment of deep convection over the basin (Zhou and
Chan, 2007; Wang et al., 2009). As a precursor to the broader
East Asian summer monsoon, variability in the SCSSM on-
set date (OD) strongly regulates the initiation of the regional
rainy season over Southeast Asia and southern China. Pre-
vious studies have shown that this transition is sensitive to
subseasonal disturbances and remote forcing, including in-
traseasonal oscillations, tropical–extratropical wave interac-
tions, and large-scale Indo-Pacific circulation anomalies that
modulate low-level westerlies and convective instability over
the SCS (Ding and Chan, 2005; Geen, 2021).

Although the SCSSM onset occurs every year, its inter-
annual variability exerts a strong control on regional cli-
mate through modulation of large-scale circulation, moisture
transport, and convective activity. Variations in OD alter the
establishment and persistence of low-level westerlies over
the SCS and the WNP, thereby redistributing summer rainfall
across East and Southeast Asia and shaping regional drought
and flood risks. An early SCSSM onset is often followed by
suppressed summer rainfall over subtropical East Asia, in-
cluding the middle and lower reaches of the Yangtze River
basin, whereas a delayed onset tends to prolong the pre-
monsoon rainfall regime and enhance flood potential (Jiang
et al., 2018; He and Zhu, 2015). Over Southeast Asia, early
onset favors enhanced convection and an increased likeli-
hood of extreme rainfall events, while delayed onset is as-
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sociated with reduced low-level moisture convergence and
suppressed heavy rainfall in May (Hu et al., 2022a, b). The
SCSSM OD also modulates tropical cyclone activity over
the WNP by influencing background vorticity, vertical wind
shear, and monsoon trough development, with earlier onset
linked to increased tropical cyclone genesis and a higher fre-
quency of landfalling storms along the southeastern coast of
China (Chen et al., 2017; Huangfu et al., 2017; Wang and
Chen, 2018). In addition to rainfall and tropical cyclone im-
pacts, variability in SCS summer circulation is also closely
connected to regional oceanic and thermal extremes. Recent
studies have shown that summer marine heat waves in the
SCS exhibit pronounced spatial diversity linked to circula-
tion anomalies and local air–sea interaction processes (Tang
et al., 2025), while water-vapor transport from the SCS can
strongly modulate tropical-night variability over South China
(Chen et al., 2023). Together, these mechanisms identify SC-
SSM OD variability as a key driver of seasonal-scale climate
variability with direct implications for agriculture, water re-
sources, disaster risk management, and broader climate haz-
ards across the ocean–land system.

Motivated by these impacts, substantial efforts have been
devoted to predicting the SCSSM OD using dynamical sea-
sonal forecast systems. Despite the chaotic nature of the
atmosphere, previous studies demonstrate that useful pre-
dictive skill for interannual variability in SCSSM onset ex-
ists at seasonal lead times of approximately one to three
months (Zhu and Li, 2017; Martin et al., 2019; Chevuturi
et al., 2019, 2021; Attada et al., 2022). This seasonal pre-
dictability is derived primarily from slowly evolving bound-
ary conditions, most notably El Niño–Southern Oscillation
(ENSO), which modulates large-scale circulation over the
WNP through the Indo-Pacific Ocean Capacitor effect (Xie
et al., 2016). As a result, operational forecast systems such
as the UK Met Office GloSea5 and the European Centre for
Medium-Range Weather Forecasts (ECMWF) seasonal fore-
casting system 5 (SEAS5) can skillfully identify early and
late onset years up to three months in advance, particularly
when onset is defined using robust pentad-mean circulation-
based metrics, such as the area-averaged 850 hPa zonal wind
over the SCS (USCS) index of Wang et al. (2004), rather than
local precipitation alone (Bombardi et al., 2017, 2020; Che-
vuturi et al., 2019; Martin et al., 2019). The broader value
of improving circulation-based seasonal prediction is also
reflected in related forecast applications over South China,
where extended-range skill for extreme heat events depends
strongly on the prediction of relevant large-scale circulation
anomalies, with ECMWF generally outperforming other S2S
systems (Li et al., 2024).

However, extending this predictive capability to longer
lead times of four to five months remains a formidable chal-
lenge. State-of-the-art dynamical models encounter a pro-
nounced spring predictability barrier, during which the influ-
ence of ENSO conditions from the preceding winter weak-
ens and stochastic atmospheric variability associated with

the seasonal transition becomes dominant, often rendering
forecasts initialized in winter (e.g., preceding December or
January) statistically insignificant for predicting a May on-
set (Martin et al., 2019). In addition to intrinsic predictability
limits, systematic model deficiencies persist. Coupled sys-
tems such as ECMWF SEAS5 frequently exhibit a cold sea
surface temperature (SST) bias over the SCS and struggle to
realistically simulate the northward propagation of intrasea-
sonal oscillations, leading to a systematic late-onset bias and
degraded forecast skill at extended lead times (Chevuturi
et al., 2021; Bui-Minh et al., 2024). Together, these limi-
tations suggest that existing linear indices and conventional
dynamical frameworks may not adequately capture the non-
linear precursors required to bridge the predictability gap
between seasonal (∼ three-month) and long-range (∼five-
month) forecasts.

In parallel with advances in dynamical seasonal predic-
tion, recent studies have proposed alternative circulation-
based approaches to defining monsoon onset using cluster-
ing of synoptic-scale atmospheric patterns (e.g., Borah et al.,
2013; Dai et al., 2021; Bui-Minh et al., 2024). These ap-
proaches typically employ self-organizing maps (SOM; Ko-
honen, 2001) to project high-dimensional atmospheric fields
onto a finite set of representative circulation patterns, which
are subsequently grouped using clustering algorithms such
as K-means. The resulting clusters objectively distinguish
between pre-monsoon and monsoon circulation regimes, al-
lowing onset to be identified as the sustained transition from
dry, pre-monsoon patterns to convectively active monsoon-
associated patterns. By construction, this framework cap-
tures the full spatial structure and temporal evolution of the
large-scale circulation, rather than relying on a single vari-
able or threshold-based index. Bui-Minh et al. (2024) shows
that synoptic-pattern clustering provides a more physically
consistent and temporally coherent identification of monsoon
onset than traditional index-based definitions. Importantly,
such pattern-based definitions are more closely aligned with
the dynamical structures resolved by numerical models, sug-
gesting potential advantages for seasonal prediction.

Despite this promise, the extent to which synoptic-pattern-
based definitions can improve the predictability of SCSSM
OD in operational seasonal forecast systems, particularly at
lead times exceeding three months, has not yet been sys-
tematically assessed. This study addresses this gap by devel-
oping a synoptic clustering-based definition of SCSSM on-
set using the combination of SOM and clustering techniques
and evaluating its performance within a seasonal prediction
framework. Specifically, the proposed onset definition will be
applied to retrospective forecasts from the ECMWF SEAS5
system to assess whether it enhances prediction skill for SC-
SSM onset date at extended lead times. By explicitly linking
monsoon onset to large-scale circulation regimes rather than
single-variable indices, this work aims to provide a more ro-
bust and dynamically meaningful framework for understand-
ing and predicting the SCSSM onset.
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Table 1. Main abbreviations and key forecast verification metrics used in this study.

Abbreviation/Metric Full term/Definition

ACC Accuracy, defined as the proportion of correct categorical forecasts

BSS Brier Skill Score, measuring the improvement of probabilistic forecasts relative to a reference
forecast

CIV Cross-index Validation, in which the observed SCSSM onset date is defined using W04, while
the predicted onset date is derived from NL26.

HSS Heidke Skill Score, measuring categorical forecast skill relative to random chance

MTG Meridional Temperature Gradient of the 500–200 hPa layer-mean temperature

NL26 Synoptic clustering-based South China Sea summer monsoon onset definition proposed in this
study, applied to pentad-mean circulation regimes

OD Onset date

OLR Outgoing Longwave Radiation

OLRSCS Area-averaged Outgoing Longwave Radiation over the South China Sea box (5–15° N,
110–120° E)

RPC Ratio of Predictable Component, measuring the consistency between ensemble-mean signal
and realized forecast skill

RPSS Ranked Probability Skill Score, measuring the skill of probabilistic forecasts relative to a
reference forecast

SCS South China Sea

SCSSM South China Sea summer monsoon

SEAS5 ECMWF seasonal forecast system version 5

SOM Self-Organizing Map

USCS Area-averaged 850 hPa zonal wind over the South China Sea box (5–15° N, 110–120° E)

W04 Conventional pentad-mean USCS-based South China Sea summer monsoon onset definition of
Wang et al. (2004)

WNP Western North Pacific

WNPSH Western North Pacific Subtropical High

The remainder of this paper is organized as follows. Sec-
tion 2 describes the data and methodology. Section 3 presents
the synoptic clustering-based definition of the SCSSM OD.
Section 4 evaluates its performance in seasonal prediction.
Finally, discussions and conclusions are given in Sect. 5.

2 Datasets and methodology

2.1 Datasets

2.1.1 Observational data

The fifth generation of the ECMWF Reanalysis dataset
(ERA5; Hersbach et al., 2020) for the period 1979 to the
present, with a horizontal resolution of 0.25°×0.25°, is used
to analyze atmospheric circulation. The analysis focuses on

850 hPa zonal wind (U850), meridional wind (V850), geopo-
tential height (Z850), and 500–200 hPa layer-mean tempera-
ture. Pentad (5 d) means are computed from hourly ERA5
data. Pentad mean outgoing longwave radiation (OLR) data
are obtained from the National Oceanic and Atmospheric
Administration (NOAA) Climate Data Record (CDR) of
Daily OLR, which provides global daily mean OLR on a
1°× 1° grid from 1979 to the present (Lee, 2025). Because
OLR is closely related to deep convection, it is used to char-
acterize the convective evolution associated with SCSSM on-
set. Monthly SST data are taken from the UK Met Office
Hadley Centre Global Sea Ice and Sea Surface Temperature
dataset (HadISST; Rayner et al., 2003), with a resolution of
1°× 1°, available from 1870 to the present. Anomalies are
calculated by subtracting the 1981–2010 climatology from
detrended data over the corresponding period of record.
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2.1.2 Model data

The ECMWF SEAS5 (Johnson et al., 2019) coupled fore-
casting system consists of the Integrated Forecast System
(IFS) atmospheric model, the HTESSEL land surface model,
and the Nucleus for European Modelling of the Ocean
(NEMO). SEAS5 provides seasonal forecasts at an O320
horizontal resolution (approximately 36 km) with 91 verti-
cal levels in the atmosphere, and an ORCA 0.25° grid (ap-
proximately 27 km) with 75 vertical levels in the ocean. The
SEAS5 hindcasts and forecasts are initialized on the first day
of each month and integrated for seven months, using a 21-
member ensemble for hindcasts over 1981–2016 and a 51-
member ensemble for real-time forecasts from 2017 onward.

2.2 Methodology

2.2.1 Clustering

The methodology applied in this study follows Nguyen-Le
et al. (2017) and Nguyen-Le and Yamada (2019) and is de-
signed to classify synoptic scale atmospheric circulation pat-
terns over the SCS and surrounding regions before and af-
ter the SCSSM onset using SOM. From a synoptic perspec-
tive, SCSSM onset is characterized by the development of
the low-level monsoon trough and cross-equatorial flow near
105° E, the eastward retreat of the WNPSH, and the es-
tablishment of a coherent monsoonal meridional circulation
(Liu et al., 2016; Huangfu et al., 2017; Hu et al., 2018). Based
on these dynamical features, SOM input vectors are con-
structed from pentad-mean ERA5 reanalysis fields of Z850,
U850, and V850, which are concatenated for each pentad to
form a single high-dimensional input vector for SOM train-
ing. A total of 864 input vectors is generated, corresponding
to 18 pentads per year (from pentad 19, 1–5 April, to pentad
36, 25–29 June) over the 38 year period 1979–2016. The spa-
tial domain spans 5° S–25° N and 95–135° E, yielding 161
longitude points and 81 latitude points. This domain was
selected to include the main circulation systems associated
with SCSSM onset, including the SCS, the Indochina Penin-
sula, the cross-equatorial flow near 105° E, the tropical east-
ern Indian Ocean–western Pacific pathway, and the WNPSH.
It is broad enough to capture the large-scale transition from
pre-monsoon easterlies to monsoon southwesterlies while re-
maining focused on circulation features directly relevant to
SCSSM onset. Consequently, each raw input vector contains
3×161×81= 39 123 elements. Because these elements are
not statistically independent owing to strong spatial coher-
ence and inter-variable correlations, direct use of the full in-
put vectors is neither efficient nor optimal. To reduce dimen-
sionality and remove redundant information, principal com-
ponent analysis (PCA) is applied jointly to the three original
reanalysis fields. Prior to PCA, each variable is normalized to
ensure comparable variance contributions, as both PCA and
SOMs are sensitive to variable scaling. The first d = 144 em-

pirical orthogonal function (EOF) modes are retained, corre-
sponding to 99 % of the cumulative explained variance. The
associated principal components (PCs) are then used as input
to the SOM in place of the original fields. This procedure re-
duces the dimensionality of each input vector from 39 123–
144, corresponding to a reduction factor of approximately
270, thereby improving statistical independence among in-
put elements and substantially reducing computational cost.

The SOM training outcome depends on both the lattice
size and several training parameters, including the learning
rate, neighborhood radius, and training length. A trial-and-
error approach is therefore employed to identify an optimal
SOM configuration. Multiple lattice sizes (4×4, 5×5, 6×6,
7×7, and 8×8) are tested and evaluated based on node occu-
pancy, quantization error (QE), and topographic error (TE).
Specifically, an excessive number of samples assigned to in-
dividual nodes (e.g., > 10) indicates insufficient pattern sep-
aration and suggests the need for a larger lattice, whereas
the presence of empty nodes implies over-partitioning and
an excessively large lattice. Based on these criteria, a SOM
with a 6× 6 hexagonal lattice (36 nodes) is selected, using
a learning rate of 0.2 and a neighborhood radius of three.
To ensure numerical stability and convergence, the SOM is
trained for two million iterations. Given the relatively lim-
ited sample size, bootstrap resampling is incorporated into
the training procedure, whereby samples are randomly drawn
with replacement from the original dataset. A total of 1000
SOM realizations are generated using this configuration. The
final “master” SOM is selected as the realization exhibiting
the lowest QE and TE (Fig. S1 in the Supplement) and a rel-
atively smooth Sammon mapping (Sammon, 1969), indicat-
ing good preservation of the topological relationships among
patterns (Fig. S2 in the Supplement).

Because the SOM is designed to preserve the topological
structure of the original high-dimensional input space in a
two-dimensional lattice, nodes that are adjacent in the SOM
represent more similar circulation patterns than those that are
farther apart (Vesanto and Alhoniemi, 2000). This similar-
ity can be quantified using the unified distance matrix (U-
matrix), which measures the average distance between the
codebook vector of a given node and those of its nearest
neighbors (Ultsch and Siemon, 1990). To enhance the ob-
jectivity and robustness of pattern classification, a two-step
clustering strategy is adopted. First, the SOM organizes the
atmospheric states according to their topological similarity.
Second, the resulting SOM nodes are further grouped into a
smaller number of circulation regimes based on the U-matrix
structure using K-means clustering. A known limitation of
K-means is the need to predefine the number of clusters, K .
To address this issue,K is determined objectively by examin-
ing the spatial distribution of U-matrix values. Potential clus-
ters are identified around local minima of the U-matrix, while
cluster boundaries correspond to nodes with relatively large
U-matrix values separating adjacent minima. Figure S3 in the
Supplement shows the U-matrix of the master SOM, with
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values normalized to the unit interval. Based on the num-
ber, spatial separation, and surrounding high-distance bound-
aries of the local minima, the SOM lattice is partitioned into
six distinct clusters (K = 6), representing six characteris-
tic synoptic-scale circulation regimes during the April–June
period. Four clusters correspond to pronounced local min-
ima located in the top-left, bottom-left, bottom-middle, and
bottom-right regions of the lattice. In addition, elevated U-
matrix values in the top-middle and top-right portions of the
SOM indicate circulation patterns that are markedly differ-
ent from those elsewhere, supporting their identification as
two additional, independent regimes. Further methodolog-
ical details regarding the combined use of SOMs and U-
matrix-guided clustering can be found in Nishiyama et al.
(2007), Nguyen-Le et al. (2017), and Nguyen-Le and Ya-
mada (2019).

2.2.2 Prediction

In the prediction phase, the circulation clustering results
are applied to prognostic atmospheric fields from SEAS5.
Pentad-mean forecasts of Z850, U850, and V850 fields from
pentad 19 (1–5 April) to pentad 36 (25–29 June) for the
period 2017–2025 are extracted over the same spatial do-
main used in the SOM training. Forecasts initialized from
December of the preceding year through April, correspond-
ing to lead times of approximately five to one months, are
analyzed to assess lead-time dependence. The forecast fields
are normalized using the means and standard deviations de-
rived from the ERA5 training period and projected onto
the same PCA space to construct a forecast vector p =

[p1,p2, . . .,pd ], where d = 144. The Euclidean distance be-
tween p and the centroid of each synoptic-scale circulation
cluster (C1–C6) is then computed, and each forecast pentad
is assigned to the cluster with the minimum distance. The
SCSSM onset date is subsequently identified using the syn-
optic clustering-based definition introduced in Sect. 3.

2.3 Measures of prediction skill

Following Chevuturi et al. (2019, 2021), the prediction skill
of the SCSSM OD is evaluated separately for the depen-
dent and independent periods by comparing onset dates di-
agnosed from SEAS5 hindcasts (1981–2016) and forecasts
(2017–2025) with those derived from ERA5 reanalysis. OD
are calculated for each individual ensemble member as well
as for the ensemble mean, allowing assessment of both deter-
ministic and probabilistic forecast skill. Skill is further eval-
uated for different initialization months to examine lead-time
dependence.

2.3.1 Deterministic prediction skill

The ability of SEAS5 to reproduce the observed interannual
variability of the SCSSM OD is quantified using the Pearson
correlation coefficient (r) between predicted and observed
onset dates. The statistical significance of the correlation is
assessed using a two-tailed Student’s t test, with p < 0.05
indicating significance.

Because correlation alone does not fully characterize pre-
dictability, potential predictability is further evaluated using
the ratio of predictable component (RPC) (Eade et al., 2014)
defined as

RPC=
r√

σ 2
sig/σ

2
tot

(1)

where r is the correlation between the ensemble-mean pre-
diction and observations, σ 2

sig is the variance of the ensemble
mean representing the predictable signal, and σ 2

tot is the total
variance across all ensemble members. RPC quantifies the
consistency between the ensemble-mean forecast signal and
the realized forecast skill. An RPC close to unity indicates
good agreement between signal amplitude and skill, whereas
values below and above unity indicate underconfident and
overconfident forecast systems, respectively.

2.3.2 Categorical skill of ensemble-mean forecasts

To evaluate the skill of SEAS5 in predicting the relative tim-
ing of SCSSM onset, observed and predicted OD are clas-
sified into three tercile-based categories: early, normal, and
late. These categories are defined from the historical ob-
served climatology, such that onset dates below the 33.3rd
percentile are classified as early, those between the 33.3rd
and 66.7th percentiles as normal, and those above the 66.7th
percentile as late. This framework provides a balanced ref-
erence climatology with equal probability for each category
and enables forecast skill to be assessed using standard cate-
gorical and probabilistic verification metrics, including the
Heidke Skill Score (HSS), Brier Skill Score (BSS), and
Ranked Probability Skill Score (RPSS).

For deterministic forecasts based on ensemble-mean OD,
categorical prediction skill is quantified using Accuracy
(ACC) and the HSS (WCRP, 2015). ACC measures the frac-
tion of correct categorical forecasts relative to the total num-
ber of forecasts and is defined as

ACC=
1
N

C∑
i=1

n(Fi,Oi) (2)

where C(FiOi) equals 1 if the forecast category Fi matches
the observed category Oi (early–normal–late), and 0 other-
wise, and N is the total number of forecasts. ACC ranges
from 0 (no skill) to 1 (perfect accuracy).
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The HSS evaluates forecast accuracy relative to random
chance and is defined as

HSS=
1
N

∑C
i=1n(Fi,Oi)−

1
N2

∑C
i=1n(Fi)n(Oi)

1− 1
N2

∑C
i=1n(Fi)n(Oi)

(3)

where C(Fi) and n(Oi) denote the marginal frequencies
of forecast and observed categories, respectively. The HSS
ranges from negative values (worse than random) to 1 (per-
fect skill), with 0 indicating no skill relative to climatological
chance.

2.3.3 Probabilistic skill of ensemble forecasts

Probabilistic prediction skill is evaluated using the full en-
semble information. For each forecast, probabilities for the
three onset categories (early/normal/late) are defined as the
fraction of ensemble members predicting each category.
These probabilistic forecasts are verified against observa-
tions using the BSS and the RPSS, which assess forecast re-
liability, resolution, and discrimination relative to a climato-
logical reference forecast. The discrete BSS (dBSS) for each
category is defined as

dBSS= 1−
BSc

BSclim+D
(4)

where BSc is the Brier Score for a given category,

BSc =
1
N

N∑
i=1
(Fi −Oi)

2 (5)

where Fi denoting the forecast probability, Oi the observed
category indicator (1 for the observed category and 0 other-
wise), and N the number of forecasts. The reference score
BSclim is computed assuming equal climatological probabili-
ties (1/3). The dBSS ranges from negative values (worse than
climatology) to 1 (perfect skill), with 0 indicating no skill.

The discrete RPSS (dRPSS) evaluates cumulative proba-
bility errors across ordered onset categories (early–normal–
late) and is defined as

dRPSS= 1−
RPS

RPSclim+D
(6)

where the Ranked Probability Score (RPS) is given by

RPS=
1
N

N∑
i=1

[
1

(C− 1)

(
C∑
j=1
(Fj −Oj )

2

)]
(7)

with C = 3 denoting the number of ordered categories. The
reference score RPSclim is calculated using climatological
probabilities of 1/3 for each category. The dRPSS similarly
ranges from negative values to 1, with 0 indicating no skill
relative to climatology, and summarizes forecast errors aris-
ing from systematic biases while accounting for discrimina-
tion and resolution.

To account for finite ensemble size, a discrete correction
termD is applied to both dBSS and dRPSS following Weigel
et al. (2007),

D =
1
M

K∑
i=1

[
pi

(
1−pi − 2×

K∑
j=i+1

pj

)]
(8)

where M is the ensemble size and pk is the climatological
forecast probability for category k. The correction term is av-
eraged across all years to account for variations in ensemble
size and becomes negligible for large ensembles. This cor-
rection is particularly important for small ensembles, where
limited probability spread can otherwise lead to artificially
inflated skill estimates.

3 Synoptic clustering-based definition of the South
China Sea summer monsoon onset

3.1 Definition of SCSSM onset based on synoptic
circulation regimes

Figure 1 presents the six synoptic circulation regimes (C1–
C6) identified from the combination of SOM and K-means
clustering, illustrated by composites of 850 hPa winds and
geopotential height. Together, these clusters represent the
dominant low-level circulation regimes spanning the sea-
sonal transition from pre-monsoon to monsoon conditions.
Specifically, clusters C2, C4, and C5 (Fig. 1a–c) are repre-
sentative of pre-monsoon regimes. These patterns are char-
acterized by easterly or southeasterly low-level flow over the
SCS region, associated with the westward extension or per-
sistence of the WNPSH. Geopotential height contours are
largely zonal and tightly packed north of the SCS, indicat-
ing weak low-level convergence and unfavorable conditions
for sustained deep convection over the basin. Consistent with
this interpretation, these clusters occur almost exclusively
before the SCSSM onset defined by the USCS index of Wang
et al. (2004), as reflected by their low post-onset occurrence
frequencies (3.1 % for C2, 11.0 % for C4, and 24.0 % for C5).

In contrast, clusters C1, C3, and C6 (Fig. 1d–f) correspond
to monsoon regimes, characterized by the establishment of
low-level westerlies over the SCS and enhanced cyclonic
curvature of the flow. These regimes are associated with an
eastward retreat and weakening of the WNPSH, strengthened
geopotential height gradients across the SCS, and enhanced
low-level convergence conducive to deep convection. Among
the monsoon regimes, C6 (Fig. 1f) represents the most ma-
ture and canonical monsoon state, characterized by strong
and spatially coherent southwesterly flow extending across
the SCS into the WNP and a pronounced eastward retreat of
the WNPSH. This regime occurs almost exclusively after the
onset defined by Wang et al. (2004), with a post-onset oc-
currence frequency of 95.5 %, indicating a fully established
monsoon circulation. C3 (Fig. 1e) also corresponds to a ma-
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Figure 1. Synoptic circulation regimes associated with the SCSSM identified from SOM clustering. Shown are composites of 850 hPa winds
(vectors), zonal wind (shades) and geopotential height (contours) for six clusters (C1–C6). The black box denotes the SCS region used for
onset definition based on the USCS of Wang et al. (2004). Cluster labels and their relative frequencies of occurrence (%) are shown in each
panel, while numbers in the upper-right corner indicate the percentage of occurrences after the SCSSM OD defined by Wang et al. (2004).
(a) C2, (b) C4, and (c) C5 represent pre-monsoon regimes, whereas Clusters (d) C1, (e) C3, and (f) C6 correspond to monsoon regimes.

ture monsoon regime, exhibiting stronger low-level wester-
lies over the SCS and a further eastward withdrawal of the
WNPSH compared to C1, reflecting a more developed mon-
soon structure. While C1 (Fig. 1d) represents a relatively
weaker or early-stage monsoon circulation, the high post-
onset occurrence frequencies of C3 (89.0 %) and C1 (91.9 %)
confirm that all three regimes are robustly associated with
post-onset monsoon conditions and collectively capture vari-
ability in monsoon strength and maturity.

The clear dynamical separation between pre-monsoon and
monsoon circulation patterns, together with their contrast-
ing post-onset occurrence frequencies, demonstrates that the
combination of SOM and K-means clustering effectively
captures the large-scale circulation transition underlying SC-
SSM onset. Importantly, the presence of multiple monsoon
regimes indicates that SCSSM onset is not associated with a
single circulation pattern, but rather with a regime transition
toward persistent low-level westerlies and enhanced conver-
gence marked by the eastward retreat of the WNPSH over the
SCS. Based on this regime framework, the OD of the SCSSM
can be defined objectively using synoptic circulation transi-
tions rather than a single-variable threshold.

The OD of the SCSSM is defined as the first pentad
from pentad 24 (26–30 April onward) that satisfies
the following two criteria: (a) Regime continuity
criterion: both the onset pentad and the subsequent
pentad must belong to the monsoon regimes (C1,

C3, or C6); and (b) Mature monsoon condition:
within the subsequent four pentads (including the
onset pentad), cluster C3 or C6 must occur at least
once.

The first criterion ensures that the identified onset reflects
a genuine transition into a monsoon regime rather than a tran-
sient synoptic fluctuation, thereby excluding “bogus” onsets
associated with brief westerly intrusions (Wang et al., 2004).
The second criterion requires the emergence of C3 or C6,
which represent more developed monsoon circulation states,
thereby ensuring that the identified onset is followed by a
sufficiently mature and dynamically robust monsoon config-
uration. Together, these criteria identify SCSSM onset as a
regime transition associated with the establishment of low-
level westerlies over the SCS and the retreat of the WNPSH,
providing a dynamically grounded alternative to traditional
single-index onset definitions.

Figure 2 compares the SCSSM OD identified using the
synoptic clustering-based definition (NL26; red line) with
those derived from the USCS index of Wang et al. (2004)
(W04; black line). The two definitions agree well, with a
statistically significant correlation of 0.75 (p < 0.01), indi-
cating that the clustering-based definition captures the dom-
inant interannual variability of SCSSM onset timing rep-
resented by the conventional circulation-based index. This
overall agreement suggests that the new framework remains
broadly consistent with established onset metrics while being
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Figure 2. Interannual evolution of synoptic circulation regimes and SCSSM onset date (OD). Colored shading indicates the dominant
synoptic circulation regime (C1–C6) for each pentad from early April to late June in individual years during 1979–2016. (a) Onset dates
identified by the synoptic clustering-based definition in the present study are indicated by the black line. (b) Comparison between onset dates
identified by the synoptic clustering-based definition (black line) and those identified by the USCS-based definition of Wang et al. (2004) (red
line). The two onset time series are significantly correlated (r = 0.75, p < 0.01). Only the monsoon regimes (C1, C3, and C6) are shown in
(b).

explicitly grounded in large-scale circulation regimes. Nev-
ertheless, the two definitions differ in several years because
they emphasize different aspects of the onset transition. The
W04 definition is based on the crossing of a regional low-
level zonal-wind threshold and can therefore identify onset
when westerlies emerge over the SCS, even if the broader
circulation has not yet fully transitioned into a mature mon-
soon regime. By contrast, the NL26 definition requires a con-
tinuous transition into one of the monsoon regimes in two
consecutive pentads and further requires the occurrence of
cluster C3 or C6 within the subsequent four pentads, thereby
ensuring that the identified onset is followed by a more de-
veloped monsoon circulation state.

Representative examples are shown in Figs. S4–S6 in the
Supplement. In 2014 (Fig. S4), NL26 identifies onset ear-
lier than W04 because a coherent monsoon-type circulation
had already been established by 13 May, with southwesterly
flow extending from the Indian Ocean across the Indochina
Peninsula into the southern and western SCS, along with
an eastward retreat of the WNPSH, even though the area-

averaged USCS threshold had not yet been met. Particularly
in 1982 (Fig. S5), which shows the largest discrepancy be-
tween the two definitions, NL26 identifies onset much ear-
lier, on 3 May, because the circulation in early May already
exhibited a monsoon-like spatial organization. On 3 and 8
May, southwesterly flow extended from the eastern Indian
Ocean across Indochina into the western and central SCS,
and the WNPSH had retreated eastward, indicating an early
large-scale reorganization toward a monsoon regime. How-
ever, during the following three pentads, the circulation over
the SCS became weaker and more transitional again, and the
USCS remained weak or negative. This interrupted evolution
may also have been influenced by Typhoon Pat, which oc-
curred from 13–23 May 1982 and could have contributed
to the disturbed low-level circulation over the SCS during
the period when the two definitions diverged most strongly.
From 28 May onward, the monsoon flow re-intensified and
expanded westward and northward, covering nearly all of In-
dochina and extending into southern China, indicating the re-
covery of the summer monsoon circulation. As a result, W04
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did not identify onset until 2 June, when stronger and more
widespread low-level westerlies were finally re-established
over the basin. In contrast, in 2006 (Fig. S6), W04 identi-
fies onset earlier than NL26 because the USCS threshold was
crossed on 13 May during an early westerly event, while
the broader circulation over the SCS remained transitional
and lacked a coherent monsoon structure. This early westerly
surge may also have been influenced by Typhoon Chanchu,
which has been suggested as an important contributor to the
unusually early SCSSM onset signal in 2006 (Mao and Wu,
2008). A more robust monsoon regime, with sustained south-
westerlies and clearer large-scale reorganization, was not es-
tablished until 28 May, when NL26 identifies onset. These
examples suggest that NL26 can reduce sensitivity to iso-
lated zonal-wind threshold crossings and better captures the
structural maturity of the monsoon circulation. Overall, the
NL26 definition preserves the large-scale timing of SCSSM
onset while providing a more dynamically constrained and
physically interpretable identification, supporting its use in
seasonal prediction.

It should be noted that the advantage of NL26 is not sim-
ply the addition of a persistence requirement. A persistence-
filtered USCS index could reduce some false onsets associ-
ated with brief wind reversals, but it would still be based
on a single area-averaged variable. By contrast, NL26 iden-
tifies onset through the evolution of multivariate circulation
regimes, thereby incorporating the spatial coherence of low-
level winds, the retreat of the WNPSH, and the structural ma-
turity of the monsoon circulation. This distinction explains
why NL26 can differ from W04 even when both are applied
at the pentad scale.

3.2 Climatological evolution and interannual
modulation of SCSSM onset

Figure 3 illustrates the climatological evolution of low-level
circulation from two pentads prior to SCSSM onset to three
pentads after onset, based on the synoptic clustering-based
definition. The composites show 850 hPa winds and geopo-
tential height, with the black box indicating the SCS region
used to calculate area-averaged U850 (USCS). During the
pre-onset phase P[−2] and P[−1] (Fig. 3a and b), the SCS
is dominated by easterly to northeasterly low-level flow, re-
flected by negative USCS values (−2.5 and −2.2m s−1, re-
spectively). This circulation is associated with a westward-
extending WNPSH, as indicated by the orientation and pack-
ing of geopotential height contours north of the SCS. Low-
level convergence over the basin is weak, consistent with
suppressed convective conditions characteristic of the pre-
monsoon regime.

At the onset pentad P[0] (Fig. 3c), an abrupt circulation
transition occurs. Low-level winds over the SCS reverse to
westerly, with USCS becoming positive (2.0 ms−1), marking
the establishment of monsoon flow. This transition is accom-
panied by an eastward retreat of the WNPSH and enhanced

meridional geopotential height gradients across the SCS, in-
dicating strengthened low-level convergence favorable for
deep convection.

In the post-onset period P[1]–P[3] (Fig. 3d–f), west-
erly flow intensifies and becomes more spatially coherent
across the SCS, with USCS increasing to 3.4–4.0 ms−1 be-
fore slightly weakening by P[3]. The circulation exhibits
a well-developed monsoon structure, characterized by per-
sistent southwesterlies extending from the equatorial Indian
Ocean into the SCS and WNP. The sustained positive USCS
and stable geopotential height configuration demonstrate that
the onset identified by the clustering-based definition corre-
sponds to a robust and persistent transition into the summer
monsoon regime rather than a transient wind reversal.

Figure 4 further examines the thermodynamic and con-
vective evolution associated with the synoptic clustering-
based SCSSM onset definition using pentad composites of
OLR and MTG. During the pre-onset phase, relatively high
OLR values persist over the SCS, with area-averaged values
(OLRSCS) remaining above 240 Wm−2, indicating weak or
suppressed convection. Over the same period, MTG over the
SCS is weak and locally negative, indicating that the merid-
ional thermal contrast in the middle-to-upper troposphere re-
mains unfavorable for the establishment of monsoon circula-
tion. From the onset pentad onward, however, area-averaged
OLRSCS decreases markedly to below 240 Wm−2, indicat-
ing enhanced deep convection, while MTG becomes pos-
itive over most of the SCS, reflecting the development of
a thermally favorable large-scale environment for monsoon
onset. These features persist through the subsequent pentads,
consistent with the sustained circulation transition shown in
Fig. 3. Together, Figs. 3 and 4 indicate that the onset iden-
tified by the clustering-based definition is not only dynami-
cally consistent in terms of low-level circulation reorganiza-
tion but is also accompanied by robust convective and ther-
modynamic signatures.

Interannual variations in the timing of this transition are in-
fluenced by slowly varying large-scale boundary conditions,
including tropical SST anomalies, which modulate the back-
ground circulation over the Indo-western Pacific. To avoid
interrupting the climatological narrative, composite SST and
850 hPa wind anomalies associated with early and late onset
years during the preceding winter and spring are presented in
Fig. S7 in the Supplement. These composites show that early
onset years are generally associated with La Niña-like condi-
tions and a circulation background more favorable for earlier
establishment of low-level westerlies over the SCS, whereas
late onset years are associated with El Niño-like conditions
and a strengthened WNPSH that delays the monsoon tran-
sition. Therefore, the onset timing identified by the NL26
definition can be interpreted as arising from the interaction
between a slowly varying large-scale background state and
the rapid transition into monsoon circulation regimes docu-
mented in Figs. 3 and 4.
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Figure 3. Climatological evolution of 850 hPa winds (vectors; ms−1), zonal wind (U850; shades; ms−1) and geopotential height (Z850;
contours; m) from two pentads before to three pentads after the SCSSM onset, based on the synoptic clustering-based definition. Panels
show composites for P[−2] and P[−1] (pre-onset), P[0] (onset), and P[1]–P[3] (post-onset). The black box denotes the SCS region used to
compute the area-averaged U850 (USCS), whose values are indicated in the upper-right corner of each panel.

Figure 4. Climatological evolution of outgoing longwave radiation (OLR; shading; Wm−2) and meridional temperature gradient (MTG;
contours; K per 1000 km) from two pentads before to three pentads after the SCSSM onset, based on the synoptic clustering-based definition.
Panels show composites for P[−2] and P[−1] (pre-onset), P[0] (onset), and P[1]–P[3] (post-onset). The black box indicates the South China
Sea (SCS) region used to calculate the area-averaged OLRSCS, and the corresponding values are shown in the upper-right corner of each
panel.

4 Application to seasonal prediction of SCSSM onset

This section examines the applicability of the synoptic
clustering-based SCSSM onset definition to seasonal pre-
diction using SEAS5 forecasts. Prediction skill is evaluated

separately for a dependent period (1981–2016) and an in-
dependent forecast period (2017–2025) to assess both in-
sample performance and out-of-sample robustness. Forecast
results based on the clustering-based definition proposed in
this study (NL26) are systematically compared with those
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based on the conventional USCS-based definition of W04.
This comparison is performed separately for each initializa-
tion month, allowing the added value of NL26 to be assessed
under the same lead time as W04.

4.1 Prediction skill during the training (hindcast)
period (1981–2016)

First, performance of the ECMWF SEAS5 seasonal pre-
diction system in forecasting SCSSM OD using both the
W04 and NL26 definitions is evaluated during the dependent
training period (1981–2016). Forecasts initialized from De-
cember (approximately five-month lead time) to April (one-
month lead time) are examined to assess lead-time depen-
dence, and both deterministic and probabilistic skill metrics
are considered.

4.1.1 Deterministic prediction skill

Figure 5 shows the deterministic hindcast skill of SEAS5
when SCSSM onset is defined using W04. Correlation co-
efficients between the ensemble-mean predictions and ob-
served onset dates range from 0.31–0.45, with statistically
significant skill only for the February (r = 0.43) and April
(r = 0.45) initializations. Although the forecast system cap-
tures part of the interannual variability, the overall skill re-
mains modest, particularly at longer lead times. The corre-
sponding RPC values are consistently below unity (0.41–
0.61), indicating an underconfident forecast system in which
the ensemble-mean signal is weaker than implied by the
achieved skill. This behavior suggests that, in some years,
onset dates defined by the USCS threshold can be affected
by transient westerly events that are not yet accompanied by
a coherent basin-scale monsoon transition, as illustrated by
the 2006 case in Fig. S5, which reduces deterministic pre-
dictability even during the dependent period.

In contrast, Fig. 6 shows a clear improvement in determin-
istic forecast skill when the NL26 definition is applied. Cor-
relation coefficients increase to 0.34–0.51, with statistically
significant skill for all initialization months. The strongest
skill is obtained for the February (r = 0.50) and April (r =
0.51) initializations, but improvement is already evident at
longer lead times. For example, the December-initialized
forecast correlation increases from 0.32 under W04 to 0.49
under NL26, indicating that the clustering-based definition is
more strongly linked to the slowly varying large-scale circu-
lation signals that seasonal forecast systems can capture.

The RPC values also increase substantially under NL26,
ranging from 0.81–1.72. For January and March initializa-
tions, RPC values are close to unity (1.08 and 1.10, respec-
tively), indicating good consistency between the ensemble-
mean signal and the realized forecast skill. For Decem-
ber and February, however, RPC exceeds 1 more clearly
(1.72 and 1.51), suggesting that the ensemble-mean sig-
nal amplitude is stronger than would be expected from the

achieved skill alone. Even so, the marked increase in both r
and RPC relative to W04 suggests that the clustering-based
definition reduces sensitivity to isolated threshold-crossing
events and aligns the onset metric more closely with coher-
ent large-scale circulation features represented in SEAS5.
In addition, the lead-time dependence is not strictly mono-
tonic. Skill for January and March initializations is slightly
lower than for December and February, respectively. This be-
havior likely reflects the limited sample size, initialization-
dependent model errors, and the mixed influence of slowly
varying boundary forcing and subseasonal circulation vari-
ability on SCSSM onset. Thus, shorter lead time does not
necessarily guarantee higher onset-prediction skill.

Figure 7 further tests whether the improved deterministic
skill under NL26 is simply a consequence of verifying the
forecast against its own target definition. In this cross-index
validation (CIV), the observed onset dates are defined using
W04, whereas the forecast onset dates are still derived us-
ing NL26. The correlations remain statistically significant for
all initialization months, ranging from 0.33–0.44. Although
these values are generally lower than those obtained when
NL26 forecasts are verified against NL26 observations (cf.
Fig. 6), they are comparable to or slightly higher than those
obtained using W04 for both prediction and verification (cf.
Fig. 5), especially for the December, January, and March ini-
tializations. This result indicates that the improvement as-
sociated with NL26 is not solely an artifact of matched-
definition verification.

The RPC values in the CIV range from 0.71–1.33. These
values are generally closer to unity than those in the matched
NL26 verification for several initialization months, particu-
larly January and March, suggesting a more balanced rela-
tionship between ensemble-mean signal amplitude and re-
alized forecast skill in the cross-index framework. Over-
all, the cross-index results support the practical forecasting
value of the clustering-based definition: even when evalu-
ated against the conventional W04 observational benchmark,
NL26-based forecasts retain meaningful deterministic skill
and outperform or match the conventional W04-based fore-
casts at most lead times.

4.1.2 Categorical and probabilistic prediction skill

Figure 8 compares the categorical and probabilistic predic-
tion skill of SEAS5 under the W04, NL26, and CIV frame-
works using ACC, HSS, category-specific BSS, and RPSS.
For deterministic categorical skill (Fig. 8a and b), NL26 con-
sistently outperforms W04 across all initialization months.
ACC increases from about 0.39–0.44 under W04 to 0.46–
0.56 under NL26, while HSS rises from 0.12–0.25 to 0.18–
0.29. The largest gains are found for the shorter lead times,
especially April, but the improvement is evident for all start
months. These results indicate that the clustering-based defi-
nition provides more skillful categorical forecasts and better
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Figure 5. Hindcast performance of the ECMWF SEAS5 system in predicting SCSSM onset during the dependent training period (1981–
2016) using the U850-based definition of Wang et al. (2004). Time series show observed onset dates from ERA5 (black) and ensemble-mean
predictions (red) for forecasts initialized from December–April. Blue shading denotes the interquartile range (Q1–Q3), while red shading
indicates the full ensemble spread. The Pearson correlation coefficient (r) and ratio of predictable component (RPC) are shown for each
initialization month. The * denotes r is statistically significant at the 95 % confidence level.

discriminates among early, normal, and late onset years than
the conventional threshold-based definition.

CIV yields intermediate but still positive results. Its ACC
ranges from 0.39–0.47 and is generally higher than W04 for
all initialization months except December, while HSS ranges
from 0.10–0.20 and remains above the W04 values for Febru-
ary and March and comparable in April. Thus, even when
NL26-based forecasts are verified against W04-observed on-
set categories, the skill remains broadly competitive with,
and in several cases superior to, that of the conventional
W04.

The probabilistic metrics further highlight the advantage
of NL26. RPSS is negative for W04 in December and only
weakly positive in January and March, suggesting limited
improvement over climatology at longer lead times. By con-
trast, RPSS is positive for all initialization months under
NL26, with values of about 0.10–0.19 and is consistently
higher than W04. CIV also maintains positive RPSS for all
start months and remains close to NL26, especially from
February onward. This indicates that the improved proba-

bilistic skill under NL26 is not merely an artifact of matched-
definition verification.

Consistent improvements are also evident in the category-
specific BSS values (Fig. 8c–e). For the early onset category,
W04 shows little skill at long lead times and even negative
BSS in December and January, whereas NL26 yields posi-
tive skill for all months except January and reaches its highest
values in March and April. CIV also remains positive from
February onward and is notably higher than W04 in March
and April. For the late onset category, all three frameworks
show useful skill, but NL26 again performs best, with the
largest BSS values in February and generally higher scores
than W04 and CIV across all lead times. Skill for the normal
onset category is comparatively modest for all frameworks,
with negative BSS in several months, especially for W04.
Nevertheless, NL26 shows clear positive skill in February
and April and is generally less degraded than W04, while
CIV remains close to zero or weakly positive in the better-
performing months. This suggests that near-normal onset re-
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Figure 6. Same as Fig. 5, but for SCSSM OD defined using the synoptic clustering-based definition (NL26).

mains the most difficult category to predict, whereas early
and late onset years tend to be more predictable.

Overall, the results from the dependent training period
demonstrate that defining SCSSM onset using NL26 im-
proves categorical and probabilistic prediction skill relative
to W04. The CIV further shows that these improvements are
not solely due to verification against the same onset def-
inition: even when evaluated against W04-based observa-
tions, NL26-derived forecasts retain broadly comparable or
superior skill. These results suggest that the clustering-based
framework aligns onset timing more closely with the large-
scale circulation features that are predictable in SEAS5,
thereby yielding more skillful categorical and probabilistic
forecasts.

4.2 Prediction skill during the independent forecast
period (2017–2025)

This section evaluates the out-of-sample performance of the
synoptic clustering-based SCSSM onset definition using in-
dependent SEAS5 forecasts for 2017–2025, which were not
included in the training of the SOM circulation regimes.

4.2.1 Deterministic prediction skill

Figure 9 shows the deterministic forecast skill of SEAS5
during the independent period (2017–2025) when SCSSM
onset is defined using W04. As expected for a short out-
of-sample evaluation period, the skill is generally weaker
than during the dependent period (cf. Fig. 5). Correlations
between ensemble-mean forecasts and observed onset dates
range from −0.21 to 0.25 and are not statistically significant
for any initialization month. Skill is weak for all initializa-
tions and becomes near zero or negative for January, March,
and April. The corresponding RPC values range from −0.35
to 0.76, with negative values for several start months, indi-
cating poor consistency between the ensemble-mean signal
and the realized forecast skill. Overall, these results suggest
that the W04-defined onset is difficult to predict robustly in
independent forecasts, likely because it remains sensitive to
transient wind fluctuations that are poorly constrained at sea-
sonal lead times.

In contrast, Fig. 10 shows that the NL26 definition yields
consistently better deterministic forecast skill during the in-
dependent period. Correlations are positive for all initializa-
tion months, ranging from 0.34–0.43. Although none of these
values reaches statistical significance given the short sam-
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Figure 7. Same as Fig. 5, but for cross-index validation (CIV), in which the observed SCSSM onset date is defined using W04, while the
predicted onset date from SEAS5 is derived using the synoptic clustering-based definition (NL26).

Figure 8. Categorical and probabilistic prediction skill of SEAS5 for SCSSM onset date during the dependent training period (1981–
2016), comparing the USCS-based definition of Wang et al. (2004) (W04), the synoptic clustering-based definition (NL26), and cross-index
validation (CIV). Shown are (a) Accuracy (ACC), (b) Heidke Skill Score (HSS), (c) Brier Skill Score (BSS) for early onset, (d) BSS for
normal onset, (e) BSS for late onset, and (f) Ranked Probability Skill Score (RPSS) for forecasts initialized from December–April.
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Figure 9. Forecast performance of the ECMWF SEAS5 system in predicting SCSSM onset during the independent forecast period (2017–
2025) using the U850-based definition of Wang et al. (2004). Time series show ERA5 onset dates (black) and ensemble-mean forecasts
(red), with blue shading denotes the interquartile range (Q1–Q3) and red shading indicates the full ensemble spread. The Pearson correlation
coefficient (r) and ratio of predictable component (RPC) are shown for each initialization month. The * denotes r is statistically significant
at the 95 % confidence level.

ple size, they are uniformly higher than those obtained un-
der W04 and indicate a more stable year-to-year relation-
ship between ensemble-mean forecasts and observed onset
dates. The strongest skill is obtained for April (r = 0.43),
followed by December (r = 0.39) and January–March (r =
0.34− 0.35).

The RPC values under NL26 range from 1.00–1.75 and are
therefore substantially higher than those under W04. For De-
cember and February, RPC equals 1.00, indicating close con-
sistency between ensemble-mean signal amplitude and real-
ized skill. For January and March, RPC exceeds unity more
clearly (1.75 and 1.20), suggesting that the forecast system
is somewhat overconfident for those initializations, with a
stronger ensemble-mean signal than implied by the achieved
skill. Nevertheless, the marked improvement in both correla-
tion and RPC relative to W04 indicates that the clustering-
based definition is more closely tied to predictable large-
scale circulation variability and is more robust under out-of-
sample conditions.

Figure 11 further evaluates the practical forecasting value
of NL26 through CIV. In this case, the forecast onset dates
are derived using NL26, but verification is performed against
observed W04 onset dates. Correlations remain positive for
all initialization months, ranging from 0.29–0.45. The high-
est skill is found for December (r = 0.45) and February
(r = 0.43), while January and April also retain moderate pos-
itive correlations (0.40 and 0.39, respectively). These values
are generally comparable to, or higher than, those obtained
from the NL26 (cf. Fig. 10) and clearly exceed those ob-
tained under W04 (cf. Fig. 9), indicating that the improved
performance of NL26 is not simply an artifact of verification
against its own target definition.

The RPC values in the CIV range from 0.95–2.08. For
March and April, the values are close to unity (0.99 and
0.95), indicating good consistency between ensemble-mean
signal amplitude and realized forecast skill. For December–
February, RPC is larger than 1, especially in January (2.08),
suggesting overconfidence in the forecast signal. Even so,
the consistently positive correlations and generally favorable
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Figure 10. Same as Fig. 9, but for SCSSM OD defined using the synoptic clustering-based definition (NL26).

RPC values support the practical utility of the clustering-
based framework: NL26-based forecasts retain meaningful
deterministic skill even when evaluated against the conven-
tional W04 observational benchmark.

The year-to-year relationship between the two onset defi-
nitions during the independent period is further illustrated in
Fig. S8 in the Supplement. Similar to the dependent period,
NL26 and W04 remain strongly correlated (r = 0.90, p <
0.01), indicating that the clustering-based definition contin-
ues to capture the dominant interannual variability of SC-
SSM onset timing. At the same time, differences remain ev-
ident in several years, reflecting the distinct physical mean-
ings of the two definitions. In particular, W04 is more sen-
sitive to threshold crossing in USCS, whereas NL26 empha-
sizes coherent regime transition and monsoon maturity. This
supports the interpretation that the improved forecast skill
of NL26 arises not from a fundamentally different onset
chronology, but from a more dynamically constrained iden-
tification of the same large-scale seasonal transition.

Overall, the independent-period results confirm that deter-
ministic forecast skill is more robust under NL26 than un-
der W04. While the short evaluation period limits statistical
significance, the consistent improvement in correlation and
RPC across nearly all initialization months, together with the

favorable CIV results, indicates that the clustering-based def-
inition provides a more predictable representation of SCSSM
onset for seasonal forecasting applications. Although ENSO-
related SST anomalies remain an important source of back-
ground modulation, recent studies suggest that the ENSO–
SCSSM onset relationship has weakened in recent decades,
which may reduce the strength and stability of seasonal pre-
dictability during the independent period (Hu et al., 2022c,
2026). This weakening may partly explain why forecast skill
in 2017–2025 is generally lower and less statistically ro-
bust than during 1979–2016, particularly for the conventional
W04.

4.2.2 Categorical and probabilistic prediction skill

Figure 12 compares the categorical and probabilistic predic-
tion skill under the W04, NL26, and CIV frameworks dur-
ing the independent period (2017–2025). Consistent with the
deterministic results, the categorical skill is generally mod-
est due to small sample size, but NL26 still outperforms
W04 across most metrics and initialization months. For de-
terministic categorical forecasts (Fig. 12a and b), ACC and
HSS are generally higher under NL26 than under W04. The
largest improvement occurs for the February initialization,

Weather Clim. Dynam., 7, 1219–1240, 2026 https://doi.org/10.5194/wcd-7-1219-2026



D. Nguyen-Le: Synoptic clustering of SCSSM onset and prediction 1235

Figure 11. Same as Fig. 9, but for cross-index validation (CIV), in which the observed SCSSM onset date is defined using W04, while the
predicted onset date from SEAS5 is derived using the synoptic clustering-based definition (NL26).

when ACC increases from 0.29 under W04 to 0.43 under
NL26 and HSS increases from 0.22–0.26. Positive gains are
also evident in December, January, and April. CIV typically
yields intermediate values, indicating that the categorical im-
provement under NL26 is only partly reduced when verifica-
tion is performed against W04-based observations.

The probabilistic skill metrics show a more nuanced but
still favorable picture for NL26. RPSS values under W04 are
negative for most initialization months and reach their low-
est value in December, indicating that the W04-based prob-
abilistic forecasts often perform worse than climatology. By
contrast, RPSS under NL26 is near zero or slightly positive
for January, March, and April and is less negative than W04
in the remaining months. CIV yields RPSS values close to
those of NL26 and generally remains better than W04, par-
ticularly in December and February. These results suggest
that the probabilistic advantage of NL26 persists, although
the improvement is weaker than in the dependent period.

Category-specific BSS values further illustrate the forecast
characteristics. For the early onset category (Fig. 12c), W04
shows negative skill for most initialization months, whereas
NL26 becomes positive from January onward and reaches its
highest values in March and April. CIV also shows positive

skill from January onward and approaches NL26 in April, in-
dicating that the gain for early onset prediction is robust. For
the normal onset category (Fig. 12d), skill is mixed. W04
remains negative for all start months, while NL26 shows
clear positive skill from January–March, with the best perfor-
mance in January and February. CIV likewise becomes posi-
tive in January and February, but all three frameworks show
negative skill in April, suggesting that near-normal onset re-
mains difficult to predict robustly. For the late onset category
(Fig. 12e), skill is generally weak for all three frameworks,
with mostly negative BSS values. Even so, NL26 is consis-
tently less negative than W04 and nearly neutral in March,
while CIV remains broadly comparable to NL26. This sug-
gests that although late-onset prediction is challenging dur-
ing the independent period, the clustering-based framework
still provides a modest improvement over the conventional
threshold-based definition.

Overall, the results from the independent forecast period
indicate that the synoptic clustering-based definition of SC-
SSM onset remains more skillful than the conventional W04
definition across deterministic, categorical, and probabilistic
metrics, despite the expected reduction in absolute skill un-
der true out-of-sample conditions. The gains are especially
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Figure 12. Categorical and probabilistic prediction skill of SEAS5 for SCSSM onset date during the independent forecast period (2017–
2025), comparing the USCS-based definition of Wang et al. (2004) (W04), the synoptic clustering-based definition (NL26), and cross-index
validation (CIV). Shown are (a) Accuracy (ACC), (b) Heidke Skill Score (HSS), (c) Brier Skill Score (BSS) for early onset, (d) BSS for
normal onset, (e) BSS for late onset, and (f) Ranked Probability Skill Score (RPSS) for forecasts initialized from December–April.

evident for deterministic correlation, categorical skill, and
the prediction of early onset years, while the benefits for
probabilistic skill are more modest but still generally favor-
able. Together with the cross-index validation, these results
demonstrate that the clustering-based definition is not only
more predictable within the training period but also retains
useful forecast value when applied to independent forecasts.

5 Discussions and Conclusions

5.1 Discussions

This study shows that defining SCSSM OD in terms of per-
sistent synoptic circulation regimes improves seasonal pre-
diction skill relative to the conventional USCS-based defi-
nition of Wang et al. (2004). The superior performance of
the synoptic clustering-based definition (NL26) can be un-
derstood from both physical and predictability perspectives.
The conventional W04 definition is based on threshold cross-
ing in area-averaged low-level zonal wind and is therefore
sensitive to short-lived westerly intrusions and transient syn-
optic disturbances. Such events may satisfy the onset crite-
rion without representing a genuine transition into a mature
summer monsoon circulation, thereby introducing noise into
the diagnosed onset date and degrading forecast verification.
By contrast, NL26 identifies onset as a continuous transi-
tion into monsoon circulation regimes and further requires
the emergence of a more developed monsoon regime shortly
thereafter. This framework filters out spurious or short-lived
events and places greater emphasis on large-scale circula-

tion structures that evolve more smoothly and are more pre-
dictable on seasonal timescales.

The physical relevance of NL26 is supported not only
by its circulation characteristics, but also by its thermody-
namic and convective consistency. The OLR and MTG anal-
ysis shows that the onset identified by NL26 is accompa-
nied by a marked decrease in area-averaged OLR over the
SCS and the emergence of positive MTG over most of the
basin, indicating enhanced deep convection and a more fa-
vorable large-scale thermal structure for monsoon develop-
ment. These features persist beyond the onset pentad and are
consistent with the sustained circulation transition shown in
the low-level wind and geopotential height composites. Thus,
the improved forecast skill of NL26 does not arise simply
from redefining the onset target mathematically, but from
identifying a more dynamically and thermodynamically co-
herent monsoon transition.

The present results show that NL26 and W04 do not repre-
sent entirely different year-to-year variations in SCSSM on-
set. In both the dependent and independent periods, the two
onset definitions remain strongly correlated, indicating that
they capture the same main interannual signal. Their differ-
ences arise mainly in years when the crossing of the USCS
threshold does not coincide with a coherent transition to a
mature monsoon circulation. In practice, NL26 can identify
onset later than W04 when brief westerly surges satisfy the
wind threshold without a mature monsoon reorganization,
and earlier than W04 when a coherent monsoon-type circu-
lation becomes established before the formal wind threshold
is crossed. This suggests that NL26 improves forecast skill
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by providing a more dynamically constrained identification
of the same large-scale seasonal transition.

The results also support a multi-timescale view of SCSSM
onset. Slowly varying large-scale boundary forcing, includ-
ing tropical sea surface temperature anomalies, helps shape
the background circulation for onset timing. At the same
time, the abrupt circulation transition near the onset pen-
tad suggests that higher-frequency atmospheric disturbances
can affect the exact onset date once the background state be-
comes favorable. However, the present analysis does not ex-
plicitly separate the effects of interannual and subseasonal
variability. Therefore, the role of subseasonal disturbances
should be regarded as a physically plausible interpretation
rather than a demonstrated causal result. In this sense, NL26
may better isolate the predictable component of onset tim-
ing, while the detailed subseasonal triggering mechanisms
remain beyond the scope of this study.

The weaker and less statistically robust forecast skill dur-
ing the independent period also deserves attention. Although
NL26 continues to outperform W04 in deterministic, cate-
gorical, and several probabilistic measures, the magnitude
of skill is reduced compared with the dependent period.
This likely reflects both the shorter verification sample and
changes in the underlying climate drivers of SCSSM onset.
In particular, recent studies suggest that the ENSO–SCSSM
onset relationship has weakened in recent decades, which
may reduce the stability of the low-frequency predictability
that seasonal forecast systems exploit. This change is likely
one reason why forecast skill in the independent period is
lower overall, especially for the conventional W04 defini-
tion, which is more sensitive to localized wind fluctuations
and less directly tied to the large-scale circulation transition.

Despite its advantages, the proposed method also has sev-
eral limitations. First, although the clustering-based frame-
work shows promise for seasonal forecasting, its use in real-
time operational prediction would require stable classifica-
tion of circulation regimes from forecast output, which may
be sensitive to model biases and ensemble spread. The re-
sulting SOM regimes may also be partly sensitive to the se-
lected spatial domain; although the domain used here was
chosen to include the key circulation systems controlling SC-
SSM onset, sensitivity tests with alternative domains should
be explored in future work. Second, the combined SOM
and K-means workflow is more complex than conventional
threshold-based onset definitions and may pose practical
challenges for implementation and replication unless the al-
gorithm settings and reference patterns are carefully docu-
mented. Third, the independent verification period remains
relatively short, so skill estimates may be sensitive to a few
unusual years. Finally, although the added OLR and MTG di-
agnostics support the physical consistency of NL26, a more
complete diagnosis of precipitation, moisture, and subsea-
sonal variability would further strengthen understanding of
the mechanisms behind the improved predictability. These
considerations do not undermine the value of the approach,

but they indicate that further testing across longer hindcasts,
additional forecast systems, and other monsoon regions is
still needed.

5.2 Conclusions

This study introduces a synoptic clustering-based definition
of SCSSM onset that identifies onset as a persistent transi-
tion into large-scale monsoon circulation regimes rather than
a simple threshold crossing in regional low-level zonal wind.
The method uses SOM andK-means clustering to character-
ize the dominant synoptic circulation regimes over the SCS
and defines onset using continuity and maturity criteria that
distinguish genuine monsoon establishment from short-lived
westerly intrusions.

Several main conclusions emerge. First, the proposed defi-
nition is physically consistent with SCSSM onset. In addition
to the abrupt reversal of low-level winds and the eastward re-
treat of the WNPSH, the onset identified by NL26 is accom-
panied by enhanced convection, reflected in reduced OLR
over the SCS, and by a more favorable thermal structure,
reflected in positive MTG over much of the basin. Second,
NL26 remains strongly correlated with the conventional W04
index, indicating that it captures the same dominant inter-
annual variability of SCSSM onset timing, while providing
a more dynamically constrained identification of the transi-
tion in years when threshold crossing and coherent monsoon
reorganization differ. Third, application to ECMWF SEAS5
forecasts demonstrates that NL26 improves seasonal predic-
tion skill relative to W04. During the dependent training pe-
riod, the clustering-based definition yields higher determinis-
tic skill, more favorable RPC values, and generally improved
categorical and probabilistic forecast skill. Cross-index vali-
dation further shows that these improvements are not solely
due to matched-definition verification: NL26-based forecasts
remain competitive when evaluated against W04-observed
onset dates. During the independent forecast period, abso-
lute skill is reduced, as expected, but NL26 still shows more
robust deterministic and categorical performance than W04
and retains useful predictive value under out-of-sample con-
ditions.

Overall, the results suggest that predictability-oriented,
circulation-regime-based definitions provide a physically
meaningful and practically useful alternative to traditional
threshold-based onset indices for SCSSM seasonal predic-
tion. More broadly, the framework developed here may also
be useful for other monsoon systems and climate-transition
phenomena in which persistence and structural maturity of
circulation regimes are central to predictability. Future work
should test the method in longer hindcast archives, additional
forecast systems, and other monsoon regions, while also ex-
ploring more explicit diagnostics of precipitation, moisture,
and subseasonal variability to better understand the mecha-
nisms linking circulation regimes to forecast skill.
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