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Abstract Meteorological seasons are typically defined through fixed calendar intervals or region‐specific
thresholds, yet such approaches fail to capture the actual variability of the annual cycle. Here we present a
machine learning framework that objectively detects meteorological seasons and projects their future evolution.
The method combines Radially Constrained Clustering (RCC) to identify seasons from reanalysis data with a
supervised Multinomial Logistic Regression Classifier (MLRC) that allows these definitions to be applied also
to climate model projections. We use the Indian subcontinent as a detailed proof of concept region since it has
established operational references for monsoon onset and withdrawal, and it includes contrasting seasonal
regimes, from monsoon dominated lowlands to high mountain regions influenced by winter disturbances. The
RCC‐derived seasons recover the main operational seasonal phases adopted by the India Meteorological
Department, while also providing consistent definitions of transition periods. Evaluation against a CMIP6
multi‐model ensemble shows that models capture the seasonal cycle with high skill in Central and Southern
India, but exhibit lower performance in complex mountainous regions. Future projections indicate a robust
lengthening of the monsoon season, primarily due to delayed withdrawal, and a concurrent shortening of winter,
driven by the loss of days in December–January. These findings highlight the asymmetric nature of seasonal
shifts under global warming and demonstrate the potential of data‐driven approaches to provide objective and
reproducible definitions of seasonality.

Plain Language Summary Seasons are often described in calendar terms, such as winter from
December to February. In reality, the climate does not follow such fixed rules: the timing and length of seasons
vary from year to year, and from region to region. In this study we use a machine learning approach to let the
data itself define the seasons, based on temperature, rainfall, and wind. We then apply this method to climate
model simulations to see how seasons may change in the future. We focus on the Indian subcontinent, where the
summer monsoon brings most of the annual rainfall and winter storms recharge the Himalayan snowpack. Our
results show that climate models reproduce the seasonal cycle well in central and southern India, but less
reliably in mountainous regions. Looking to the future, we find that the monsoon season is likely to become
longer, mainly because it ends later, while the winter season is projected to lose several days, particularly in
December and January. This work demonstrates how machine learning can provide an objective and flexible
way to track changes in seasonality, supporting better planning for agriculture, water management, and
adaptation to a warming climate.

1. Introduction
The notion of season brings together aspects at once that are both trivial and elusive. Although anyone, from the
layperson to the scientist, holds a general understanding of what a season is, attempts to define its boundaries in a
rigorous and objective way quickly uncover an inherent complexity. Traditional definition stems from astronomy,
which divides the year into four parts based on equinoxes and solstices. Meteorologists, by contrast, usually
define seasons as fixed intervals of the year characterized by relatively homogeneous weather conditions. For
example, in temperate climates the year is generally divided into four equal 3‐month periods (winter, spring,
summer, fall) (Trenberth, 1983).

In reality, such strict regularity hardly exists in the climate system. The actual timing and duration of seasonal
phases vary considerably, and the climate or ecological periods that define a “season” may be shorter or longer
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than the conventional 3 months (Littleboy et al., 2024). The annual variation of insolation, which drives the annual
climate variations, follows an approximately sinusoidal pattern which by definition does not present
discontinuities.

On top of that, the four‐season scheme is inherently linked to mid‐latitude temperate areas. In low‐latitude re-
gions, where annual temperature variations are small, dividing the year into four temperature‐based seasons is
often meaningless; instead, a two‐season classification tied to the precipitation cycle provides a more accurate
representation of climatic patterns (Callaghan & Bonell, 2005; Guo et al., 2022). Similarly, the polar annual cycle
presents two distinct phases, one dominated by a long, cold winter and one by a short, mild summer (Serreze &
Barry, 2014).

This variability is mirrored in how societies conceptualize the annual cycle. Anthropological research shows that
“seasons” are flexible, locally constructed frameworks used to organize livelihoods according to environmental
rhythms, including the onset of rainfall, river levels, vegetation cycles, the presence of sea‐ice, light conditions,
and ecological cues (Bremer & Wardekker, 2024; Orlove, 2003).

The very notion of “seasons” appears to be context‐dependent: societies define seasons based on the environ-
mental variables and thresholds that matter locally, rather than adhering to universal criteria. There is a need for a
framework that accommodates such variability rather than imposing fixed temporal boundaries, especially in
these times of rapid climate change. Anthropogenic global warming is already changing the timing and duration
of seasonal cycles: in many regions, the spring and summer onset is occurring earlier, winters are becoming
shorter and traditional seasonal patterns are shifting (Cayan et al., 2001; Morisette et al., 2009; Sparks &
Menzel, 2002; Woolway, 2023). Such changes have wide‐ranging impacts on ecosystems (Ren et al., 2024;
Uphus et al., 2023), agriculture (Minoli et al., 2022; Tran et al., 2025), water resources (Zhao et al., 2025), and
human health (Lüthi et al., 2023; Ruan et al., 2025). In this context, fixed calendar definitions and region‐specific
thresholds remain useful for many operational applications, but they are less suited to consistently tracking
seasonal changes across data sets, periods, and climate model projections. An objective, adaptive, and repro-
ducible approach would be beneficial to consistently track and quantify these shifts.

Traditional approaches for defining meteorological seasons frequently use fixed or quartile‐based thresholds
applied to one or more atmospheric variables to determine their onset and end dates (Kutta & Hubbart, 2016;
J. Wang et al., 2021; Hekmatzadeh et al., 2020; de la Franca et al., 2013). While such methods are suitable for
specific regions or purposes, their dependence on local climatology prevents broad applications and
generalization.

Data‐driven approaches based on machine learning offer a powerful alternative to traditional threshold‐based
definitions of meteorological seasons. In particular, unsupervised clustering techniques enable the identifica-
tion of groups of days or months sharing similar atmospheric meteorological states, deriving seasonal regimes
directly from observed variability while integrating multiple variables for a multidimensional view of the seasonal
cycle (Chattopadhyay et al., 2020; Chidean et al., 2020; Lee et al., 2023). At the same time, clustering provides an
objective, reproducible framework that limits a priori assumptions about the number, timing, or drivers of sea-
sons, letting the data determine the most coherent segmentation of the annual cycle by optimizing within‐cluster
similarity and maximizing between‐cluster separation (Xu & Wunsch, 2008).

In this work we introduce a data‐driven system to detect meteorological seasons and project their evolution
through the 21st century. This study uses Radially Constrained Clustering (RCC; Cannon 2005) to divide the year
into distinct, contiguous periods that can be interpreted as seasons, based on atmospheric conditions. While RCC
provides an objective way to define current seasons, it cannot be directly applied to new data, such as future
climate projections. To address this, we use a Multinomial Logistic Regression Classifier (MLRC; Hastie
et al., 2009) to link atmospheric variables to the RCC‐defined seasons, allowing the classification to be extended
to independent observations and future climate scenarios.

The primary aim of this study is methodological. We propose a workflow for identifying local meteorological
seasonal regimes and consistently extending these definitions from reanalysis data to climate model simulations.
The Indian subcontinent is used as a proof of concept case study. This region is particularly suitable for this
purpose because it combines established reference dates for monsoon onset and withdrawal, strong societal
relevance, and substantial internal climatic diversity.
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The seasonal cycle of the Indian subcontinent is primarily shaped by the Indian Summer Monsoon (ISM), which
provides the majority of India's annual rainfall. The ISM underpins agricultural cycles and livelihoods
(Gadgil, 2003), and its timing significantly affects water resource availability and economic stability
(Amrith, 2018). At the same time, the region is not climatically homogeneous and its seasonality is not controlled
by the summer monsoon alone. Indeed, winter precipitation over northern India and the surrounding mountain
ranges is influenced byWestern Disturbances (WDs; Pisharoty and Desai, 1956), which are extratropical cyclonic
systems embedded within the subtropical westerly jet that bring cold‐season precipitation, contribute to Hima-
layan snowpack recharge, and influence downstream hydrology (Dimri et al., 2015; Hunt et al., 2025). The
coexistence of monsoon‐dominated lowlands and mountain regions affected by winter circulation systems makes
the Indian subcontinent a suitable domain for assessing whether the proposed framework can identify physically
meaningful seasonal regimes under geographically contrasting climatic conditions.

The proposed framework is not intended to replace operational definitions of monsoon onset and withdrawal,
which are designed to monitor specific transitions. Rather, its added value lies in providing a multivariate seg-
mentation of the full annual cycle without prescribed variable‐specific thresholds, including winter and the pre‐
and post‐monsoon transition seasons, that can be transferred consistently from reanalysis to climate model
simulations.

The paper is structured as follows: Section 2.1 introduces the case study region and its climatic peculiarities, and
Section 2.3 the machine learning algorithms deployed for the analysis. Finally, Sections 3.1 and 3.2 describe the
results obtained respectively for the definition of the seasons in the historical period and their projection in the
21st century.

2. Study Area, Data and Methods
2.1. Study Area

Since the primary objective of this study is methodological, the choice of the test region is critical. We selected the
Indian subcontinent (5–40°N, 65–100°E) because it offers extensive information, established operational refer-
ences for the seasonal cycle, and substantial internal climatic diversity. Here we examine spatial patterns
throughout the region with a special focus on four sub‐regions, selected to represent contrasting seasonal regimes
(Figure 1).

The first region, Southwest India (74–78°E, 8–15°N), mostly includes the Indian state of Kerala and represents
the typical early landfall area of the Indian Summer Monsoon. The timing of the onset of the monsoon in this
region is operationally monitored and widely used as a reference indicator for the seasonal transition across the
subcontinent (Pradhan et al., 2017). The second region, Central India (75–85°E, 15.5–25.5°N), lies within the
core monsoon zone and is considered a benchmark for evaluating changes in the onset, duration and intensity of
the monsoon season (Desamsetti et al., 2022; Pawar et al., 2012). The third region, Himalayas (78–93°E, 25–32
°N), features a complex topography and is predominantly influenced by the Indian Summer Monsoon, which
produces most of the annual precipitation from June to September (Palazzi et al., 2013). Finally, the Hindu Kush‐
Karakoram region (71–78°E, 32–37°N) spans the north western mountainous belt and is affected by both the
summer monsoon and, to a greater extent, winter Western Disturbances, synoptic systems known to trigger
precipitation during the cold season (Hunt et al., 2025; Palazzi et al., 2013). As a consequence, this region has a
considerably different seasonal cycle from the monsoon‐dominated lowlands and is included as an internal
benchmark for assessing whether the framework can identify meaningful seasonal structures beyond the ca-
nonical Indian monsoon cycle. This within‐domain heterogeneity does not constitute a full test of transferability
across global climatic regimes, but it provides a first evaluation of the method under contrasting seasonal con-
ditions within South Asia.

2.2. Data

We used both reanalysis and climate model simulations. As reference, we employed ERA5 reanalysis daily data
(Hersbach et al., 2020), obtained from hourly outputs at original resolution (0.25° × 0.25°). The variables
considered are 2‐m temperature (tas), total precipitation (pr), and the zonal (ua850) and meridional (va850) wind
components at 850 hPa. These variables are among the most widely used in climatic characterization studies, as
they jointly capture the main thermodynamic and dynamic components of the seasonal cycle.
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Reference values for the resulting seasonal transitions were compared with the most recent climatological normal
onset and withdrawal dates of the Indian Summer Monsoon (ISM), as provided by the India Meteorological
Department (IMD). The climatological normals correspond to the mean onset and withdrawal dates calculated
over the period 1961–2019. These reference dates, available on a location‐wise basis in Pai et al. (2020), were
interpolated onto a 1° × 1° latitude–longitude grid using bilinear interpolation. The IMD dates are derived from a
multi‐step deterministic algorithm that combines precipitation thresholds with temporal continuity criteria. For a
detailed description of this procedure, readers are referred to Pai et al. (2020).

To assess future changes, we analyzed a Coupled Model Intercomparison Project Phase 6 (CMIP6) Multi‐Model
Ensemble (MME), including both historical simulations (1961–2014) (Eyring et al., 2016) and future projections
under the high‐emission SSP5‐8.5 scenario (2015–2100) (O’Neill et al., 2016), using daily data. The ensemble
includes one member for each different model to maximize model spread. The list of models used is reported in
Table 1.

ERA5 and CMIP6 data underwent a common pre‐processing pipeline. First, all instances of 29th February were
removed to ensure a uniform 365‐day calendar. The data were then regridded to a common 1° × 1°
latitude–longitude grid using bilinear interpolation to ensure spatial consistency across different native resolu-
tions. Finally, a 15‐day centered rolling mean was applied to each variable to smooth high‐frequency fluctuations
and emphasize intra‐seasonal variability relevant to the identification of meteorological seasons.

Since one of the goals of the analysis is to evaluate how seasonal patterns are represented in future projections, we
additionally applied a common detrending and normalization procedure to both ERA5 and CMIP6 data in order to
remove signals that could bias the detection. Specifically, for each variable and each grid point, standardized
anomalies (z‐scores) were computed within a 10‐year moving window for every calendar day by subtracting the
running mean and dividing by the corresponding running standard deviation. This normalization was therefore
applied consistently across variables, spatial locations, and temporal windows in both data sets. The resulting

Figure 1. Overview of the selected domain over the Indian subcontinent. Orography is represented by shadings. The four
analyzed regions are highlighted by colored boxes.
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standardized fields filter out low‐frequency drifts, such as the gradual warming signal, and act as an effective
debiasing procedure across models and periods, ensuring that the clustering and classification focus on the in-
ternal seasonal dynamics rather than on systematic model biases or long‐term trends.

2.3. Methods

To identify meteorological seasons in the current climate, to validate the capabilities of the models to reproduce
them and to estimate their future evolution we adopted a two‐step approach. First, we defined the baseline seasons
from a set of multiple atmospheric variables using ERA5 reanalysis by applying an unsupervised temporal
clustering algorithm. Second, we used a supervised classification model to extend this seasonal segmentation to
the CMIP6 multi‐model ensemble, both in present‐day conditions and in future projections.

In the first step, Radially Constrained Clustering (RCC; Cannon, 2005) was applied to identify temporally
contiguous seasons. In the second step, a Multinomial Logistic Regression Classifier (MLRC; Hastie et al., 2009)
was trained to learn the association between atmospheric states and the RCC‐derived seasonal labels. Once
trained, the MLRC was applied to classify each day in the CMIP6MME. This framework allowed us to assess the
ability of CMIP6 models to reproduce the seasonal cycle identified in ERA5 and to explore projected changes in
seasonal characteristics over the 21st century.

2.3.1. Radially Constrained Clustering

The Radially Constrained Clustering algorithm (RCC; Cannon, 2005) is used to define a number k of seasons by
their breakpoints B = {b1,… ,bk}, that is the dates that mark the transition from one season to another. In this
study we set k = 4, corresponding to the four main phases of the seasonal cycle in India: winter, pre‐monsoon,
monsoon, and post‐monsoon. This choice was made to obtain a level of temporal granularity that is consistent
with the commonly used seasonal description of the Indian climate and allows a direct comparison with existing
literature and operational classifications.

To assess the sensitivity of this methodological choice, we repeated the analysis using k = 3 and k = 5 and report
the results in Supporting Information S1. The comparison shows that the main seasonal organization is broadly
preserved across the three configurations, while changes in k mainly affect the degree of aggregation or subdi-
vision of specific regimes in some regions. This indicates that k primarily controls the temporal granularity of the
segmentation, supporting k = 4 as a physically interpretable compromise for the Indian subcontinent.

Differently with other widely used clustering algorithms that partition the data in the feature space (such as
k‐means (Lloyd, 1982)), RCC ensures that the clusters are temporally disjoint. Furthermore, RCC treats the last

Table 1
List of CMIP6 Climate Models Used in This Study

Model Institution Resolution [lat x lon] Member Reference

ACCESS‐CM2 CSIRO‐ARCCSS ∼1.25° × 1.875° r1i1p1f1 Bi et al. (2020)

BCC‐CSM2‐MR BCC ∼1° × 1° r2i1p1f1 Wu et al. (2019)

CanESM5 CCCma ∼2.8° × 2.8° r1i1p1f1 Swart et al. (2019)

CESM2‐WACCM NCAR ∼1.25° × 0.94° r1i1p1f1 Danabasoglu (2019)

CNRM‐CM6‐1 CNRM‐CERFACS ∼0.7° × 0.7° r1i1p1f2 Voldoire et al. (2019)

EC‐Earth3 EC‐Earth‐Consortium ∼0.7° × 0.7° r1i1p1f1 Döscher et al. (2022)

FGOALS‐g3 CAS ∼2° × 2° r1i1p1f1 Li et al. (2020)

GFDL‐CM4 NOAA‐GFDL ∼1° × 1° r1i1p1f1 Held et al. (2019)

IPSL‐CM6A‐LR IPSL ∼1.3° × 2.5° r1i1p1f1 Boucher et al. (2020)

MIROC6 JAMSTEC ∼1.4° × 1.4° r1i1p1f1 Tatebe et al. (2019)

MPI‐ESM1‐2‐HR MPI‐M ∼0.94° × 0.94° r1i1p1f1 Gutjahr et al. (2019)

MRI‐ESM2‐0 MRI ∼1.1° × 1.1° r1i1p1f1 Yukimoto et al. (2019)

UKESM1‐0‐LL Met Office Hadley Centre ∼1.25° × 1.875° r1i1p1f2 Sellar et al. (2019)
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day of the year as continuous to the first, allowing a season to span across the boundary between December 31st
and January 1st.

To run the clustering we considered, for each grid point, the four time series of tas, pr, ua850, and va850 from
ERA5 for 59 years from 1961 to 2019. The temporal domain was chosen to align with the study by Pai
et al. (2020), which defines the monsoon onset and withdrawal normal dates (i.e., the average onset and with-
drawal date over the period 1961–2019). These dates were used as a reference for validating the results of the
clustering in the present study.

We reshaped the data into a design matrix X with dimensions 365 × 236. Rows correspond to calendar days,
while columns correspond to variable–year combinations. Since four variables (tas, pr, ua850, and va850) were
considered over 59 years (1961–2019), the total number of features is 4 × 59 = 236. Thus, each column
contains the 365‐day annual cycle of one variable for one specific year. We then applied a min–max normalization
independently to each feature to preserve the seasonal evolution and relative phasing of the variable throughout
the year.

The clusters were then defined by the set B of the k breakpoints that minimizes the Within Clusters Sum of
Squares (WCSS):

WCSS = ∑
k

i=1
∑
j∈ci

∑
d∈D

( xj,d − μi,d)
2

(1)

where xj,d is the value of the feature d ∈ D on day j, and μi,d is the mean value of feature d within cluster ci.

The minimum of the WCSS is searched through an iterative algorithm:

1. Generate a set B of k breakpoints equally spaced in the year.
2. Update each breakpoint bi in B by adding a random value drawn from U(− η,η). In this work we set η = 3.
3. Compute WCSS over the design matrix X using the updated breakpoints.
4. If WCSS decreases, retain the new breakpoints, otherwise, revert to the previous ones.
5. Repeat steps 2–4 for a predefined number of iterations.

2.3.2. Multinomial Logistic Regression Classifier

To project the seasons defined on ERA5 with RCC onto each climate model from CMIP6, we employed a
Multinomial Logistic Regression Classifier (MLRC; Hastie et al., 2009). For each day, the MLRC estimates the
probability of belonging to each season k ∈ {1,… ,K} using the SoftMax function:

pi,k =
exp(wk ⋅ xi)

∑
K
j=1 exp(wj ⋅ xi)

(2)

where xi is the vector of predictors (precipitation, near‐surface air temperature, and zonal and meridional wind
components),wk is the weight vector for class k, and pi,k is the estimated probability that day i belongs to season k.

The model parameters w are optimized by minimizing the categorical cross‐entropy loss over N samples:

L = −
1
N
∑
N

i=1
∑
K

k=1
yi,k log(pi,k) (3)

where yi,k is a binary indicator equal to 1 if sample i belongs to season k, and 0 otherwise. The optimization is
performed over multiple epochs using the Adam algorithm (Kingma & Ba, 2017).

We trained the MLRC on ERA5 daily data for the period 1961–2009, using the seasons identified by the RCC as
categorical labels. An independent MLRC was trained at each grid point, and the resulting pointwise classifi-
cations and coefficients were subsequently aggregated over the four representative regions. As predictors, we
used the same four atmospheric variables employed in the clustering step (tas, pr, ua850, va850) thus ensuring full
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consistency between the unsupervised and supervised phases of the framework. The training data set comprised
17,885 daily samples, which were divided into batches of size 52, and the model was trained over 100 epochs.

Since the MLRC is based on a linear decision function, the learned coefficients provide a direct interpretation of
the influence of each predictor on the seasonal classification (Hastie et al., 2009). To compare the relative role of
the different predictors, we quantified their importance from the normalized magnitude of the class‐specific
coefficients:

Im,k =
|wm,k|

∑
M
m=1 |wm,k|

× 100(%), (4)

where wm,k denotes the coefficient associated with predictor m in the weight vector wk. By construction, the
resulting importance values sum to 100% for each season and grid point, providing an interpretable measure of the
relative contribution of temperature, precipitation, zonal wind, and meridional wind to the classification.

2.3.3. Validation and Skill

To assess the capability of the CMIP6 MME to reproduce the seasonal cycle and the effectiveness of our clas-
sification algorithm in identifying the correct season, we classified each day of each model for the period that
overlaps ERA5 (1961–2015), and we computed the F1 Score (Blair, 1979) for each model and season across the
four spatial boxes (Figure 1).

To provide an out‐of‐sample reference for classifier performance, the trained MLRCs were also applied to the
held‐out ERA5 period 2010–2019, and the resulting F1 scores were computed against the RCC‐derived seasonal
labels.

F1 score is the harmonic mean of precision and recall, and it is defined as:

F1 = 2 ∗
precision ∗ recall
precision + recall

(5)

where the precision measures the fraction of days classified in the season x that actually belong to season x, and
the recall the fraction of days classified in the season x over the total number of days in the season x:

precision =
True positive

True positive + False positive
(6)

recall =
True positive

True positive + False negative
(7)

Values of F1 range from 0 to 1, with higher scores indicating better agreement between the predicted and
reference seasonal labels. A value close to 1 denotes high classification accuracy, meaning that most days are
correctly assigned to their corresponding season. In the present four‐class problem, a random assignment would
yield an expected F1 of approximately 0.25. Therefore, values around 0.5 indicate that the model performs
roughly twice as well as random guessing, representing a threshold between poor and moderate skill. In this study,
we adopt F1 = 0.7 as a practical threshold for good performance. From the definition in Equation 5, this value
implies that neither precision nor recall can fall below 0.5 unless the other is very high (e.g., P = 0.9 if R = 0.5).
Hence, setting the threshold at 0.7 ensures that both metrics are simultaneously satisfactory, balancing detection
capability and false alarm rate.

3. Results and Discussion
3.1. Clustering Results

We first applied the RCC algorithm to all grid points within the study domain and then aggregated the resulting
seasonal breakpoints by averaging them over the four subregions shown in Figure 1. Here, the clustering identifies
four distinct seasons that closely reproduce the partitioning adopted by the India Meteorological Department
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(IMD): monsoon (June–September), post‐monsoon (October–November), winter (December–February), and pre‐
monsoon (March–May) (Praveen et al., 2020), as shown in Figure 2. The timing of monsoon onset and withdrawal
aligns well with the IMD‐defined phases of the Indian Summer Monsoon (ISM) (Pai et al., 2020), with the onset
in Southwest India (blue line) occurring earlier than in other regions, in agreement with the climatological
progression of the monsoon (Figure 2).

For the other three seasons, whose boundaries are not as clearly defined in the literature, the clustering still
provides a coherent segmentation (Figure 2). The main discrepancy with the IMD subdivision emerges in the
transition from winter to pre‐monsoon, where the algorithm identifies a boundary that extends further into pre‐
monsoon. This behavior is more consistent with the definition of the Western Disturbance season proposed by
Palazzi et al. (2013), spanning from December to April. Indeed the Hindu Kush– Karakoram (yellow line) region
is the one which present a longer winter season duration (Figure 2).

To further assess the physical consistency of the detected ISM onset and decay, we compared the identified
breakpoints with the official monsoon onset and withdrawal normal dates provided by the IMD for each grid point
over India. This comparison is intended as an external climatological benchmark rather than as a strict validation
target. Indeed, the RCC breakpoints identify transitions between multivariate seasonal regimes in ERA5, whereas
the IMD normal dates are based on a different, operationally oriented methodology. Therefore, exact point‐wise
agreement is not expected. Instead, the purpose of this comparison is to evaluate whether the unsupervised
multivariate segmentation, which is neither trained nor constrained by IMD dates, recovers the broad timing and
spatial progression of the Indian Summer Monsoon as represented by the most established regional reference. The
IMD onset normal dates have been established using precipitation criteria over the period 1961–2019, on a regular
grid 1° × 1° (latitude × longitude) (Pai et al., 2020). Although this methodology is precipitation‐oriented, it was
developed with the explicit goal of reproducing the spatial progression obtained from the IMD operational
procedure, which also takes into account circulation at different atmospheric levels (Pradhan et al., 2017). For
monsoon withdrawal, the normal dates were established as the average of the operationally declared dates (Pai
et al., 2020). The operational withdrawal criteria are based on precipitation, together with low‐tropospheric
pressure, soil moisture content, and circulation patterns. Since the dates provided by the IMD cover the Indian
national territory only, the comparison was limited to this area and is reported in Figure 3.

The RCC‐derived monsoon onset is broadly consistent with the IMD climatology, although non‐negligible
regional differences are present. Positive differences occur in the southeastern part of the domain,

Figure 2. Seasonal coverage for the four focus regions. Each colored arc corresponds to the median duration of the four
identified seasons (pre‐monsoon, monsoon, post‐monsoon, and winter), estimated from RCC clustering. The black outer
reference ring highlights the subdivision adopted by the India Meteorological Department (IMD). The shaded gray sectors
around the monsoon onset and withdrawal represent the spatial variability (i.e., minimum and maximum dates) of IMD onset
and withdrawal across India. The monsoon onset and withdrawal medians are derived from (Pai et al., 2020), using the
normal onset and withdrawal dates averaged across the entire Indian landmass. Month labels (e.g., “Feb”) indicate the first
day of each month, following a clockwise chronological order starting from January.
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corresponding to Andhra Pradesh, and in the northern part, corresponding to Ladakh, whereas negative differ-
ences are found in the northwestern part, particularly over Punjab and Rajasthan (see Figure 3a). A point‐wise
comparison of onset dates (Figure 4a) indicates that RCC tends to anticipate the advance of the monsoon rela-
tive to the IMD normals. The linear fit between the IMD reference dates (x‐axis) and the RCC‐derived dates (y‐
axis) yields a slope m = 0.39, indicating that the spatial progression detected by RCC is more compressed in time
than in the IMD reference. The spatial correspondence between the two fields is moderate, with a Pearson
correlation coefficient r = 0.35.

For monsoon withdrawal, the RCC–IMD differences are overall slightly positive, except over the southwestern
part of the peninsula, where RCC identifies an earlier transition (Figure 3b). The point‐wise comparison
(Figure 4b) shows that RCC defines a slightly faster withdrawal progression (m = 0.77), largely driven by the
negative differences over the southern peninsula. The spatial correspondence is higher than for onset, with
r = 0.53. This result should nevertheless be interpreted cautiously, since the monsoon withdrawal has been less
explored than the onset (Pai et al., 2020), and its assessment remains challenging because of the larger interannual
variability (Syroka & Toumi, 2004).

These discrepancies are expected given the different methodologies and data employed in defining and detecting
monsoon transitions. They reflect both data set dependence and the fact that the two approaches diagnose related,
but not identical, quantities. IMD uses different criteria and data from multiple sources for defining the onset and
withdrawal of the monsoon, while the RCC method identifies transitions between multivariate seasonal regimes
using temperature, precipitation, and 850 hPa winds from ERA5 reanalysis only. Accordingly, the RCC break-
points should be interpreted as the onset and decay of a multivariate monsoon‐like regime, rather than as
precipitation‐only onset or withdrawal dates. Furthermore, while some studies have attempted to evaluate the
reliability of ERA5 in reproducing regional precipitation patterns (Paul et al., 2024; Singh et al., 2021), the present
comparison should not be read as an assessment of the ability of ERA5 to reproduce IMD transition dates, but as a
benchmark of consistency for the multivariate seasonal segmentation. Thus, the comparison with IMD is retained

Figure 3. Differences between the ISM phases by the RCC algorithm, compared to the reference dates provided by the IMD.
Panel (a) shows the difference in monsoon onset dates between the RCC output and the IMD‐defined climatological onset,
while Panel (b) shows the difference in withdrawal dates. Positive values indicate a later transition identified by the RCC, and
negative values an earlier one. Both fields are clipped over the IMD reference domain.
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as an external benchmark of climatological consistency, while the RCC–IMD differences highlight the sensitivity
of monsoon transition dates to both the underlying data set and the adopted definition.

3.2. Classification Results

Before applying the trained MLRC to the CMIP6 ensemble, we analyzed the relative importance of the model
predictors in order to provide an interpretation of the classification framework. Using the normalized magnitude
of the regression coefficients we quantified the contribution of temperature, precipitation, zonal wind, and
meridional wind to the identification of each season. The resulting feature importance values are summarized in
Table 2. The relative importance of the MLRC predictors varies substantially across seasons and regions.
Temperature is the dominant predictor during the pre‐monsoon season in all four regions, accounting for
39%–56% of the total importance. Winter classification shows a stronger regional dependence, with temperature
contributing most in HKK and the Himalaya (43%–44%), while precipitation becomes the leading predictor in
Central and Southwest India (32%–44%). During the monsoon season, precipitation is the dominant predictor in
the Himalaya and Central India (31%–49%), whereas zonal wind contributes most in Southwest India (39%). Post‐
monsoon classification is characterized by a larger contribution from circulation‐related variables, with zonal
wind emerging as the dominant predictor in Central and Southwest India (36%–40%). Overall, the results indicate
that the relative importance of the predictors is season‐ and region‐dependent, with no single variable dominating
the classification across all conditions.

We then apply the MLRC to the CMIP6 data to evaluate the fidelity of the season representation in the climate
models. Figure 5 shows, for each season and sub‐region, the boxplot distribution of F1 scores obtained using the
CMIP6 multi‐model ensemble (MME) for the historical period that overlaps the ERA5 data set used in the
clustering (1961–2015). For comparison, Figure 5 also reports the F1 scores obtained by applying the trained
MLRCs to the held‐out ERA5 period 2010–2019. This comparison helps distinguish two contributions to the
CMIP6 scores: the intrinsic ability of the linear classifier to separate the RCC‐derived seasonal classes, repre-
sented by its out‐of‐sample performance on ERA5, and the additional mismatch introduced when the classifier is
applied to climate model data. Thus, CMIP6 scores lower than the ERA5 reference suggest a contribution from
model biases, whereas similarly low scores in both data sets indicate that limited class separability also plays a
role. In addition, we plotted the monthly distribution of days assigned to the two extreme seasons (winter and
monsoon) across the multi‐model ensemble, and compared this distribution with that obtained from clustering
applied to ERA5 data (Figure 6).

Figure 4. Scatter plots comparing the seasonal transition dates identified by the RCC algorithm with the climatological
reference dates from the IMD, across all grid points over the Indian subcontinent. Panel (a) shows the comparison for the
monsoon onset, while Panel (b) refers to the monsoon withdrawal. Each point represents a single grid cell, with the reference
date on the x‐axis and the corresponding RCC‐based date on the y‐axis. The black dashed line indicates perfect agreement
(1:1 line), while the red dashed line shows the linear regression fit. The slope of the fit is reported in each panel: slope weaker
than 1 implies that the onset/withdraw of the monsoon system is progressing in space at a faster pace than in the IMD data set.
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The models show consistently strong performance across all seasons in Central and Southwest India. The
monsoon season, in particular, stands out with high and stable F1 scores, with most models exceeding 0.8 (Central
India: 0.86 ± 0.09, Southwest India: 0.91 ± 0.02), indicating a clear and well‐captured seasonal signal
(Figure 5c). The only exceptions are Central India during the pre‐monsoon (0.74 ± 0.10, Figure 5b) and
Southwest India during the post‐monsoon (0.73 ± 0.07, Figure 5d), where the ensemble average drops slightly
below this threshold. The held‐out ERA5 score is comparable to the CMIP6 distribution for the Central India
monsoon, while it is generally lower than the CMIP6 medians for the other seasons in Central and Southwest
India. This may reflect smoother and more regular seasonal cycles in the model. Notably, the MME shows only a

Table 2
Relative Importance (%) of the MLRC Predictors

Season Variable HKK Himalaya Central India Southwest India

winter tas 44 43 19 10

pr 19 16 32 44
ua850 20 29 30 26

va850 17 13 19 21

pre‐monsoon tas 39 42 56 45
pr 15 16 18 20

ua850 23 22 14 21

va850 23 20 13 14

monsoon tas 38 23 15 29

pr 17 31 49 18

ua850 23 30 18 39
va850 22 17 17 13

post‐monsoon tas 31 15 30 29

pr 30 36 17 20

ua850 20 27 40 36
va850 19 22 14 14

Note. The dominant predictor for each season and region is shown in bold and underlined.

Figure 5. Boxplot distribution of F1 scores computed for each grid point, season, and CMIP6 model over the four
representative regions during the historical period (1961–2015). Boxes summarize the distribution across all grid points and
13 CMIP6 models, with the interquartile range, median, and whiskers extending to 1.5 × IQR. Black crosses indicate the
corresponding regional mean F1 scores obtained by applying the trained pointwise MLRCs to the held‐out ERA5 period
2010–2019. These ERA5 scores provide an out‐of‐sample reference for interpreting the contribution of class separability and
climate‐model differences to the CMIP6 scores.
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slight delay in monsoon onset compared to the reference, while the withdrawal timing is almost identical
(Figures 6c and 6d).

In contrast, models over the Hindu Kush–Karakoram are notably less reliable. F1 scores are particularly low
during the pre‐monsoon (0.53 ± 0.08) and post‐monsoon (0.44 ± 0.10), as shown in Figures 5b and 5d. The
monsoon season also shows poor results, with an F1 score of 0.56 ± 0.09 (Figure 5c). The held‐out ERA5 scores
are higher than the CMIP6 distribution in all four seasons, with the largest differences during monsoon and post‐
monsoon, suggesting an important contribution from model biases. During pre‐monsoon, however, the ERA5
score is itself comparatively low, indicating that limited linear separability also contributes to the reduced CMIP6
performance. Although the onset and withdrawal timing are in reasonable agreement with the reference, there is a
significant misclassification in July and August, where an average of 10 days are not identified as monsoon days
(Figure 6a). This misclassification degrades algorithm performance. Interestingly, winter performance in this
region is comparatively more robust (0.72 ± 0.05) (Figure 5a) and more aligned with scores observed in other
regions, suggesting that the winter regime is better represented by CMIP6 than the other seasonal regimes over
this region, although its score remains below the ERA5 reference.

The Himalaya region shows intermediate performance, with F1 scores ranging between 0.6 and 0.8 depending on
the season. The spread among models is particularly wide during winter (0.74 ± 0.07) (Figure 5a) and pre‐
monsoon (0.61 ± 0.08) (Figure 5b), pointing to larger uncertainty and less consistent seasonal behavior
across models. The corresponding ERA5 scores exceed the CMIP6 medians during winter, pre‐monsoon, and
monsoon, suggesting an additional contribution from model biases. During post‐monsoon, ERA5 and CMIP6
show comparable and only moderate performance, indicating that limited separability of this transition season
may also contribute.

Overall, these results highlight the models' strong ability to capture the dominant seasonal cycle in lowland re-
gions influenced by the Indian Summer Monsoon, while also revealing substantial challenges in regions with

Figure 6. Monthly distribution of days classified as winter (blue) and monsoon (green) in the historical period over (a) Hindu
Kush–Karakoram (b) Himalaya (c) Central India (d) Southwest India. Each panel shows the average number of days assigned
to a given season, based on the classification performed on the CMIP6 MME (solid lines). The shaded bands represent the
inter‐model spread (min–max range) of the CMIP6 projections. The result of RCC applied to ERA5 data (dashed lines) is
displayed as reference.
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complex orography. The held‐out ERA5 scores also provide context for the fixed F1 > 0.7 threshold used to
construct the SMME: where ERA5 performance is itself relatively low, reduced CMIP6 scores should be
interpreted cautiously because they may partly reflect limited class separability rather than climate‐model dif-
ferences alone.

It is known that CMIP6 models represent well the monsoon system, despite some limited bias in timing (Khadka
et al., 2022). This result has also been proved for precipitation in the mountain area of the Indian subcontinent
(Gusain et al., 2020). Our results remain consistent with the known difficulties of GCMs in representing climate
characteristics over the Himalayan mountains (Lalande et al., 2021), although the ERA5 comparison indicates
that low F1 scores may also partly reflect limited separability of the seasonal classes.

While the historical evaluation offers a robust benchmark for model skills and classification performance, our
primary objective was to extend the analysis to future projections, in order to assess the potential evolution of the
seasonal cycle in the next decades. To this end, we focused in the main text on changes in the lengths of the winter
and monsoon seasons over the 21st century, while the corresponding time series for the pre‐ and post‐monsoon
seasons are reported in Supporting Information S1 (Figure S2 in Supporting Information S1).

The transition season anomalies are generally smaller than those found for winter and monsoon. The SMME
means indicate modest increases in both transition seasons over the Himalaya and Central India and decreases
over Southwest India, while no coherent change emerges over Hindu Kush–Karakoram. Because the four sea-
sonal classes partition the 365‐day calendar, their durations sum to 365 days for every model, grid point, and year.
The balance is therefore exact before ensemble aggregation; small residuals in the regional SMME means arise
because model selection is performed independently for each season and grid point. To account for regional and
seasonal variability in model performance, we selected, for each grid point and season, only those models with
acceptable classification skill in the historical period, defined by an F1 score greater than 0.7. We refer to this
subset as the Significant Multi‐Model Ensemble (SMME). The SMME varies across grid points and seasons, with
the median number of contributing models summarized in Table 3, showing higher model consistency in Central
and Southern India and lower coverage in mountainous regions such as the Himalaya and Hindu
Kush—Karakoram.

We focused the analysis on three complementary aspects: the spatial distribution of long‐term changes in seasonal
duration (Figure 7), the inter‐annual evolution of these changes within the four representative spatial boxes
(Figure 8), and the intra‐annual timing of such variations (Figures 9 and 10). Figures 7 and 8 describe where and
when the overall duration of the monsoon and winter seasons is projected to change, but they do not indicate
which parts of each season contribute to these variations. To address this aspect, Figures 9 and 10 present a
monthly breakdown of the projected changes, showing how the number of days classified within each month
evolves across future periods. This monthly perspective highlights the internal structure of the seasonal shifts and
helps identify asymmetric extensions or contractions within the annual cycle, clarifying whether the projected
changes are concentrated in the early or late phases of the monsoon and winter seasons.

In the monsoon season, most of the subcontinent shows a significant lengthening of the season, especially across
Central, Western, and Southern India, with trends exceeding +0.5 days per decade in several regions (Figure 7a).
Northern areas and parts of the northeastern region display weaker or slightly negative trends, often without
statistical significance.

Table 3
Median Number of Models Included in the Significant Multi‐Model Ensemble (SMME) for Each Season and Region

Region Winter Pre‐monsoon Monsoon Post‐monsoon

Hindu Kush–Karakoram 8 (62%) 2 (15%) 6 (46%) 1 (8%)

Himalaya 9 (69%) 6 (46%) 10 (77%) 7 (54%)

Central India 12 (92%) 10 (77%) 12 (92%) 11 (85%)

Southwest India 13 (100%) 12 (92%) 13 (100%) 12 (92%)

Note. Percentages are relative to the maximum number of models (13).
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Central India shows the most prominent monsoon lengthening, with an increase of nearly 5 days projected by the
end of the century (Figure 8c). This increase is not uniform throughout the season, but it is largely driven by a
delay in the monsoon withdrawal (Figure 9c). The onset timing, in contrast, shows only minor changes, con-
firming the asymmetry of the seasonal extension. A similar pattern is observed in Southwest India, where an
average increase of 5 monsoon days is expected by 2100 (Figure 8d). Also in this case, the extension is mostly
attributable to a delayed withdrawal, suggesting a persistent shift toward wetter conditions in the post‐monsoon
period (Figure 9d). In the Himalayan region, the models project little or no change in the total length of the
monsoon season, as shown in Figure 8b. However, the internal structure of the season appears to be evolving, with
a redistribution of approximately 2 days from the early to the late phase (Figure 9b). In contrast, Hindu
Kush–Karakoram does not exhibit any consistent trend (Figure 8a). The region shows a mix of weak positive and
negative signals, with low inter‐model agreement, highlighting the difficulty that current GCMs face in repre-
senting monsoon processes in an area characterized by complex topography and scarcity of observations (Lalande
et al., 2021). In many grid points over the HKK region, the lack of significant trends coincides with low skill
scores during the historical period, which further reduces confidence in the projections.

These regional patterns are broadly consistent with the CMIP6‐based picture of a wetter Indian monsoon under
global warming. It has been assessed that CMIP6 models project an increase in monsoon precipitation (B. Wang
et al., 2020) and in the number of wet days (Norgate et al., 2024). Recent CMIP6 analyses further project increases
in JJAS precipitation and precipitation extremes over India, although with substantial model biases and spatial
heterogeneity (Norgate et al., 2024). A post‐AR6 assessment similarly reports a projected increase in India
southwest monsoon rainfall, including intensification of heavy precipitation, while emphasizing strong regional
variability and persistent inter‐model spread (Dhara et al., 2025). Furthermore, the delay of the ISMwithdrawal in
CMIP6 projections has already been observed in previous studies (Ha et al., 2020) using a threshold method
applied to a smoothed precipitation time series (B. Wang & LinHo, 2002). The present study confirms the results

Figure 7. Spatial distribution of linear trends in the number of days classified as part of the monsoon season (a) and winter
season (b) over the Indian subcontinent for the period 2020–2100. Trends are expressed in days per decade and computed
over the SMME mean. Only trends statistically significant at the 95% confidence level (Mann–Kendall test (Gilbert, 1987),
p < 0.05) are shown. Grid points with non‐significant trends are marked with black crosses.
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Figure 8. Time series of projected anomalies in the number of days classified as part of the winter (blue) and monsoon (green)
seasons over four representative spatial boxes of the Indian subcontinent. Anomalies are computed relative to the historical
mean seasonal length (1970–2020) and smoothed using a 15‐year centered rolling average. Solid lines show the mean across
all models in the SMME; shaded bands show the inter‐model spread (min–max range).

Figure 9. Projected monthly change in the number of days classified as part of the Monsoon season for three future periods
(2040–2060, 2060–2080, 2080–2100), relative to the historical climatology (1970–2000). Each panel refers to a specific
subregion. Box‐plots represent the distribution across grid points and models. Boxes show the interquartile range (IQR),
horizontal lines indicate the median, and whiskers extend to 1.5× IQR.
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on this delayed withdrawal signal by a classification‐based approach relying on multiple climate variables. At the
same time, ISM duration changes should be interpreted as metric‐dependent. Using a large‐scale definition based
on the reversal of the meridional gradient of upper‐tropospheric temperature, and applying observational con-
straints to CMIP6 projections, Cheng et al. (2025) found a shortening of ISM duration under a high‐emission
scenario, associated with delayed onset and earlier withdrawal. This apparent contrast may reflect the different
components and spatial scales of the monsoon diagnosed by the two approaches. The upper‐tropospheric tem-
perature gradient provides a thermodynamic proxy for the establishment and decay of the large‐scale monsoon
circulation, whereas the grid‐point classification used here diagnoses the persistence of a regional multivariate
hydroclimatic regime. This distinction is particularly relevant for Central India, where precipitation is the leading
predictor of the monsoon class, accounting for 49% of its relative feature importance (Table 2). Under warming,
these hydrological and dynamical expressions need not evolve synchronously. Model projections indicate that
precipitation can increase even when upper‐tropospheric circulation weakens, owing to increased moisture
availability and changes in lower‐tropospheric circulation (Ma & Yu, 2014). Thus, the later persistence of locally
defined monsoon‐like conditions need not imply a later decay of the large‐scale monsoon circulation. This
interpretation remains tentative, however, because Cheng et al. (2025) also used observational constraints, a
different model ensemble, and a different spatial aggregation. Applying both diagnostics to the same simulations
would be required to isolate the contribution of the adopted definition.

For the winter season, a shortening is observed across most of the Indian subcontinent, particularly in Central and
Southern India, where trends reach up to − 1.5 days per decade, and in the Western part of the Bay of Bengal
(Figure 7b). This contraction is statistically significant over a large portion of the domain. Mountain areas exhibit
the same trend, but with many grid points showing non‐significant trends.

Regarding the spatial averages, Central India exhibits the most pronounced winter shortening, which accelerates
after 2040. By the end of the century, the region is projected to lose up to 10 winter days (Figure 8c). This
reduction is spread across the entire winter season but is particularly concentrated in December–January, where
approximately 4 winter days are expected to be lost (Figure 10c). A similar pattern emerges in the Himalaya
region, where the total reduction in winter duration reaches about 5 days by the end of the century (Figure 8b). As
in Central India, the loss is most evident in December–January, although with a lower magnitude of around 2 days

Figure 10. Projected monthly change in the number of days classified as part of the Winter season for three future periods
(2040–2060, 2060–2080, 2080–2100), relative to the historical climatology (1970–2000). Each panel refers to a specific
subregion. Box‐plots represent the distribution across grid points and models. Boxes show the interquartile range (IQR),
horizontal lines indicate the median, and whiskers extend to 1.5× IQR.
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(Figure 10b). In contrast, Hindu Kush–Karakoram (HKK) and Southwest India do not exhibit any clear trend in
the duration of the winter season (Figures 8a and 8d). In the case of HKK, this absence of trend is associated with a
limited number of significant grid points, reflecting a lack of coherence among climate models in reproducing the
seasonal cycle in this region. Conversely, in Southwest India, most grid points show statistically significant
trends, but with opposing signs, resulting in a spatially heterogeneous pattern and no consistent regional signal.

Projected warming over India could in principle contribute to the apparent loss of winter days, by making winter
conditions less distinguishable from the rest of the annual cycle. However, our framework explicitly removes
long‐term drifts in temperature and other meteorological variables, and therefore does not directly detect the mean
warming trend itself. Instead, it focuses on changes in the intra‐annual distribution of the multivariate climate
state. In this respect, our results are more closely related to studies showing that warming over India is projected to
be more pronounced in winter than during the monsoon season, whereas precipitation and wind speed are ex-
pected to intensify mainly in the monsoon season (Almazroui et al., 2020; Kumar et al., 2023; Salunke et al., 2023;
Zakari et al., 2022).

The feature importance analysis supports this interpretation. In Central India, where the winter shortening is
strongest, the winter class is not primarily defined by temperature, but by precipitation and low‐level zonal
circulation (Table 2). This suggests that the projected reduction in winter days is not simply the direct expression
of background warming, but rather reflects a change in the relative position of winter within the annual cycle of
precipitation and circulation. In other words, winter‐like conditions become less frequent as the seasonal cycle
shifts toward states that are dynamically and hydrologically less distinct from the surrounding transition and
monsoonal regimes.

The regional differences in feature importance also help explain why the winter‐duration signal is not spatially
uniform. In the Himalaya and HKK regions, winter classification is dominated by temperature, which accounts
for 43% and 44% of the winter feature importance, respectively. However, despite the strong projected warming
over the Himalayan–Karakoram sector reported in previous CMIP6 studies (Almazroui et al., 2020; Kumar
et al., 2023), this does not translate into a coherent winter shortening over HKK in our results.

4. Conclusions
In this study, we developed a machine learning framework for the objective identification and projection of
meteorological seasons, combining Radially Constrained Clustering with a supervised classification scheme. The
primary contribution of this work is methodological: the proposed framework defines multivariate seasonal re-
gimes from reanalysis data and consistently extends these definitions to climate model simulations. We used the
Indian subcontinent as a climatically heterogeneous and well‐documented proof of concept region. Applied to this
domain, the method successfully captured the main phases of the seasonal cycle, including the onset and with-
drawal of the Indian Summer Monsoon and the winter season associated with Western Disturbances.

The comparison with IMD reference dates indicates that the RCC‐derived transitions are broadly consistent with
the climatological timing and spatial progression of the Indian Summer Monsoon. This comparison should be
interpreted as an external benchmark of climatological consistency rather than as a strict validation target, because
RCC identifies transitions between multivariate seasonal regimes whereas the IMD dates rely on a different
operational methodology. Accordingly, the framework should be regarded as complementary to, rather than a
replacement for, operational onset and withdrawal algorithms. By applying the same learned seasonal definitions
to reanalysis and climate‐model simulations, it places changes in monsoon timing within the broader reorgani-
zation of the annual cycle, including winter and the transition seasons, without relying on prescribed variable‐
specific thresholds. Larger differences with respect to the IMD seasonal subdivision are found for the winter
season, likely reflecting the more heuristic nature of this definition, which lacks a standardized criterion for its
onset. In addition, the greater variability in the timing of winter onset identified by our method is consistent with
the intrinsically irregular character of Western Disturbances that modulate wintertime circulation over northern
India.

Evaluation against CMIP6 simulations revealed that the ability of models to reproduce the observed seasonal
cycle strongly depends on the region and season. While performance is robust in Central and Southern India,
particularly during the monsoon season, significant limitations remain in mountainous regions such as the
Himalaya and Hindu Kush—Karakoram, where model skill is lower and inter‐model spread is larger. These
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results indicate that the proposed framework can provide a complementary diagnostic of climate‐model per-
formance, based on the ability of models to reproduce multivariate seasonal regimes rather than individual
variables alone.

Future projections indicate a general tendency toward monsoon‐season lengthening and winter‐season shortening
across large parts of the Indian subcontinent, although the magnitude and robustness of these signals vary
regionally. The monsoon lengthening is most evident in Central and Southwest India and is primarily associated
with delayed withdrawal, while changes are weaker and less robust in the Himalayan and Hindu
Kush—Karakoram regions. The projected shortening of winter is strongest in Central India and is concentrated
mainly in December–January. Because the framework removes long‐term mean trends before classification, this
signal should not be interpreted as the direct expression of background warming alone, but rather as a change in
the intra‐annual organization of the multivariate climate state. The feature importance analysis supports this
interpretation, showing that the variables controlling seasonal classification differ across regions and seasons.

More broadly, our findings demonstrate the value of data‐driven approaches to seasonality: they reduce the
dependence on fixed calendar definitions and variable‐specific thresholds, integrate multiple atmospheric vari-
ables, and provide a framework that is both objective and reproducible. However, the method also presents some
limitations. Because the clustering operates purely on statistical coherence without explicit physical constraints, it
may in principle identify seasons that are unusually short or that do not correspond to physically meaningful
regimes, especially in regions with weak or noisy seasonal cycles. In this study, the high spatial consistency found
across India provides confidence that the detected seasons reflect robust climatic structures rather than spurious
classifications. Nevertheless, when applied to areas with less pronounced annual variability, additional checks
may be required to ensure physical interpretability. Furthermore, the number of seasonal regimes must be
specified a priori.

By projecting such definitions into the future, this framework allows for a consistent assessment of how seasonal
patterns may evolve in a changing climate. The methodology is general in its algorithmic formulation and is
therefore potentially applicable to other regions, data sets, and climate scenarios. However, the present study
demonstrates its performance only over the Indian subcontinent, which serves as a climatically heterogeneous
proof of concept domain. Future applications should explicitly test the framework across additional climatic
regimes to assess its broader transferability.
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