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ABSTRACT: Increasing climate variability demands robust methodologies to characterize rainfall regimes, a critical factor for food
security and water management. In Cuba, the application of advanced data mining techniques for this purpose remains an underexplored
area. This study proposes a novel framework for clustering precipitation time series by combining automated feature extraction
(tsfresh) with expert-defined hydroclimatic indicators, followed by the application of the Hierarchical Clustering Algorithm (HCA).
The methodology, validated with data from 17 stations in Ciego de Avila (1960-2013), identified six homogeneous rainfall regimes
with significantly different seasonal patterns and extreme event intensities. This contribution enables precise climate zoning, surpassing
traditional statistical approaches. The projection of this work is direct for the agricultural context, as it facilitates the development
of differentiated cultivation strategies, optimized planting calendars, and improved climate risk management, thereby increasing the
resilience of the Cuban agricultural sector.
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RESUMEN: La creciente variabilidad climatica exige metodologias robustas para caracterizar los regimenes de lluvia, un factor
critico para la seguridad alimentaria y la gestion del agua. En Cuba, la aplicacion de técnicas avanzadas de mineria de datos para
este fin representa un area subexplorada. Este estudio propone un marco novedoso para el agrupamiento de series de tiempo de
precipitaciéon que combina la extraccion de caracteristicas automatizadas (tsfresh) con indicadores hidroclimaticos definidos por
expertos, aplicando posteriormente el algoritmo de Clustering Jerarquico (HCA). La metodologia, validada con datos de 17 estaciones en
Ciego de Avila (1960-2013), identifico seis regimenes pluviométricos homogéneos con patrones estacionales e intensidades de eventos
extremos significativamente diferentes. Este aporte permite una zonificacion climatica precisa, superando los enfoques estadisticos
tradicionales. La proyeccion de este trabajo es directa para el contexto agricola, ya que facilita el desarrollo de estrategias diferenciadas
de cultivo, calendarios de siembra optimizados y una mejor gestion del riesgo climatico, incrementando asi la resiliencia del sector
agropecuario cubano.

Palabras clave: agricultura, agrupamiento jerarquico, aprendizaje no supervisado, serie cronologica.

characterization is essential for understanding extreme

INTRODUCTION

The proliferation of hydrometeorological data, driven
by advances in sensor and telemetry technologies, has
established time series analysis as an indispensable
tool in water resource management and climate studies
(Bonaccorso y Peres, 2022; Loukas et al., 2021).
Among these, precipitation time series represent a critical
component of the hydrological cycle, whose accurate
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events, agricultural planning, and assessing the impacts
of climate change (F. Zhang et al.,, 2021). In this
context, time series clustering emerges as a powerful data
mining technique for discovering spatiotemporal patterns,
identifying homogeneous regions, and understanding the
underlying structure of large volumes of precipitation data
without the need for prior labels, thereby facilitating robust
exploratory analysis (Duan et al., 2024; Singh et al., 2025).
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The international scientific community has developed
multiple approaches for time series clustering, which can
be categorized into three main groups: methods based on
temporal proximity that use measures like Dynamic Time
Warping (DTW) to capture similarities in the shape of
the series (Fransiska et al., 2024; Lee et al., 2025); model-
based methods that employ parameters from autoregressive
or Hidden Markov Models Hernandez et al. (2022);
Ghassempour et al. (2014); and feature-based methods that
transform the series into vectors of precomputed features
(Arulraj et al., 2023; Tiano et al., 2021). More recently,
advanced techniques have emerged that incorporate
deep learning architectures, such as autoencoders and
recurrent neural networks, which enable learning non-linear
representations of time series (Paparrizos et al., 2024).
In parallel, specialized computational tools like tslearn
have been developed to facilitate the implementation and
comparison of these algorithms (Tavenard et al., 2020).

In the specific domain of precipitation, clustering has
demonstrated its utility in diverse applications. Studies
have successfully employed techniques such as k-Shape
for spatiotemporal mobility analysis Paparrizos & Gravano
(2017), hierarchical clustering with correlation measures
for regional frequency analysis Zaifoglu et al. (2018),
and feature-based methods for identifying rainfall pattern
hietographs (Zhang et al., 2024). In particular, research
in Indonesia has used ensemble distance for rainfall
data clustering, while in India, combined approaches
of hierarchical clustering and wavelet transform have
been applied to analyze seasonal precipitation trends
(Hendrawati et al., 2024). Those international research
highlight the potential of these techniques for regional
hydroclimatic analysis.

However, in the national context, specifically in Cuba,
the application of these modern clustering methodologies to
precipitation time series represents a largely unexplored
research niche. Existing studies have predominantly
focused on traditional statistical analyses or conventional
climatic approaches, with limited implementation of
advanced data mining and machine learning techniques
for the spatiotemporal characterization of rainfall regimes
(Garcia Moya et al., 2024). This methodological gap
represents a significant opportunity to develop research that
adapts and optimizes these algorithms to the particularities
of the Cuban climate, characterized by its temporal
and spatial variability and the influence of complex
meteorological systems.

To bridge this methodological gap and leverage the
identified opportunities, this article proposes a clustering
framework for precipitation time series based on the
extraction of precomputed features and the application
of the Hierarchical Clustering Algorithm (HCA). This
methodology combines the computational efficiency of
HCA with the informational richness of a set of features
designed to capture key aspects of the rainfall regime,
such as its intensity, variability, seasonality, and extreme
behavior. The main objective is to develop an accessible
and scalable methodology that enables the identification
of climatically homogeneous regions in Cuba with high

precision, thereby contributing to the improvement of
prediction models, drought and flood risk management,
and water resource planning in a context of climate change.
The proposal is validated using long-term precipitation
data, demonstrating its effectiveness in the coherent
grouping of stations and its utility as a tool for regional
hydroclimatic analysis.

MATERIALS AND METHODS

This section outlines the methodology employed in
the paper, detailing the research design and its practical
implementation. The selection of specific methods and
techniques is justified to ensure the study can be replicated
by other researchers.

Context and dataset

Precipitation data from the experimental stations in
Ciego de Avila were obtained from CITMA upon request
by the Head of the Water Resources Scientific Group
at the University of Ciego de Avila. The dataset covers
the period from 1960 to 2013 and was compiled through
specialist surveys. The database is provided in an Excel
file and includes records from 107 experimental stations
distributed across the province. For each station, the
data are organized by daily precipitation, month, year,
station ID_Code, and municipality. Precipitation values are
expressed in millimeters (mm).

As tools the Python Pandas library was used to read and
process the data, offering a range of methods that enable
efficient data extraction through streamlined code. During
the data loading process several experimental stations were
discarded due to significant data recording errors, resulting
in a final set of 17 stations with valid data for the study.
The information for all station staked into account can be
requested in the supplementary materials.

Methodology

The methodology applied in this work consisted of five
stages that formed the workflow of the proposed process
for clustering time series data using HCA (Figure 1). These
stages were as follows: data loading and normalization,
feature generation, data analysis, algorithm tuning, metric
evaluation, and cluster description:

* Load data - normalization: Following rigorous
data curation that excluded stations with
extensive missing data, metadata flaws, or low
reliability scores, the refined dataset underwent
MinMaxScaler normalization to ensure equitable
feature contribution for clustering.

» Features generation: Feature engineering was
conducted through a hybrid approach combining
computational and domain expertise. Using
tsfresh (Christ et al., 2018), sliding window
segmentation was applied to extract temporal
patterns, while statistical features (mean, variance,
trends) were computed from each window.
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These data-driven features were enriched with
expert-defined hydrological indicators, creating a
multidimensional feature set that captures both
algorithmic patterns and physical significance for
subsequent clustering analysis.

Data analysis: A correlation analysis identified key
hydrological drivers and potential multicollinearity,
establishing the foundational interpretability
framework for subsequent cluster characterization.

Algorithm fitting: Hierarchical clustering with
Ward's linkage was selected to model the
station relationships. This algorithm excels at
generating a clear dendrogram structure that
visually represents the nested hierarchy of stations.
Ward's method minimizes within-cluster variance,
producing compact, spherical clusters that offer
superior explanatory value by directly illustrating the
aggregation logic and relative similarities between
stations at different hierarchical levels.

Metrics evaluation: Cluster quality was assessed
through a triple-metric framework: Silhouette
Score (measuring cohesion and separation),
Calinski-Harabasz Index (evaluating between-cluster
dispersion), and Davies-Bouldin Index (quantifying
cluster distinctness). This multi-faceted validation
approach provides complementary perspectives on
partition optimality, ensuring the selected solution
demonstrates both mathematical robustness and
hydrological relevance beyond what any single
metric could confirm.

Clusters  description: The  final  cluster
characterization employs a comprehensive five-pillar
analytical framework: inferential statistical testing
to identify significant inter-cluster differences,
vulnerability assessment to evaluate climate risk

exposure, temporal trend analysis to uncover
precipitation  patterns, regional mapping to
contextualize spatial distributions, and expert

validation to ground algorithmic findings in domain
knowledge. This multidimensional interpretation
transforms abstract clusters into actionable
hydrological typologies.

dynamic regimes through a multiresolution visualization of
the data:

Hierarchical Clustering: uncovers latent structures
within high-dimensional time series data, leveraging
its inherent adaptability to this complex domain. The
methodological framework strategically combines
feature engineering with Ward's linkage to address
key challenges. By transforming raw series into
a curated set of salient features (using tsfresh
and feature engineering), the algorithm mitigates
the high-dimensionality problem and enhances
computational efficiency.

Ward's Linkage Method: minimizes intra-cluster
variance to form compact, spherical clusters
that facilitate interpretation (Duan et al., 2024;
Radovanovic et al., 2020; Rodrigues et al., 2006).
This approach replaces the need for direct similarity
measures on raw data, such as DTW, with a robust
distance metric in the domain of engineered features.

Resulting Dendrogram: provides a multiresolution
visualization of the data hierarchy, revealing both
broad patterns and detailed anomalies. Consequently,
this workflow facilitates the discovery of meaningful
clusters corresponding to distinct dynamic regimes
within the temporal data, balancing analytical rigor
with the extraction of actionable insights.

Internal validity metrics

The clustering solution was quantitatively evaluated
using a triad of internal validation metrics: the Silhouette
Coefficient, the Calinski-Harabasz Index, and the Davies-
Bouldin Index:

Silhouette Coefficient: evaluates how well each
object lies within its cluster by measuring cohesion
and separation, with values close to 1 indicating a
superior model.

Calinski-Harabasz Index: also known as the
Variance Ratio Criterion, evaluates cluster quality by
comparing the ratio between inter-cluster dispersion
and intra-cluster dispersion, where a higher score
signifies better-defined clusters (Shahapure y
Nicholas, 2020; Wang y Xu, 2019).

* Davies-Bouldin Index: quantifies the average
similarity between each cluster and its most similar
cluster, where an optimal solution achieves the lowest
possible value, indicating maximum distinctness
among clusters (Ashari et al., 2022).

Algorithm

This study combined feature engineering with Ward's
linkage to form compact and interpretable clusters,
mitigating dimensional complexity and revealing distinct

Features Generation:
*  Rolling Windows
= Experts features
*  Tsfresh

| " ¥

-1[ Clusters Description: \'E
| = Vulnerability assessment |
| = temporal trend snalysis i
= Inferential statistical
{ testing
= Experts knowledge

Load_data:

Filtering stations
= Preprocess data

Figure 1. Pipeline of process for clustering time series
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Together, this multifaceted validation framework
provides a robust and non-redundant assessment of partition
quality, ensuring that the results are both statistically sound
and structurally meaningful.

RESULTS AND DISCUSSION

The application of the proposed methodology yielded
significant insights into the precipitation regimes of Ciego
de Avila. The initial phase involved a comprehensive
analysis of the generated features to understand their
relationships and relevance. Subsequently, the Hierarchical
Clustering Algorithm was fitted, identifying the optimal
partition of the data. Finally, the resulting clusters were
rigorously interpreted and discussed by integrating the
quantitative findings with expert domain knowledge,
translating the algorithmic output into actionable
climatic characterization.

Feature correlation analysis

This research developed a feature engineering strategy
that integrates three distinct feature groups to capture
comprehensive time series characteristics. The features
groups are show in the Table 1. The first group comprises
automated features generated using the tsfresh Python
library, which systematically extracts a wide range of
temporal patterns. The second group incorporates domain-
specific features derived from expert knowledge, ensuring
alignment with theoretical foundations. The third group
employs a rolling window approach with 30 days of lags to
capture temporal dependencies and evolution patterns.

Collectively,  these  feature  sets  compress
multidimensional time series information into a
structured representation suitable for clustering algorithms.
Additionally, a correlation analysis was conducted

Table 1. Features groups for time series analyzing

to identify key relationships, providing foundational
insights for subsequent cluster interpretation and
characterization studies.

It is noteworthy that the expert-derived features
were specifically designed to capture climate dynamics
relevant to the Caribbean region. Variables such
as dry season intensity, hurricane season_intensity,
extreme event frequency, and interannual trend were
incorporated based on domain expertise regarding their
significance in characterizing rainfall patterns.

A Spearman correlation analysis revealed several key
relationships: dry season_intensity and total precipitation
exhibited a moderate positive correlation (p = 0.544), while
rainfall regime contrast and hurricane season_intensit
showed a strong positive correlation (p =
0.861). Conversely, extreme event frequency and
extreme event intensity demonstrated a strong negative
correlation (p = -0.761). These relationships provide
crucial insights for interpreting the resulting clusters and
identifying distinct time series regimes.

The Figure 2 illustrates the correlation structure
among all features, revealing several distinct groups of
interrelated variables. Understanding these relationships
is particularly valuable for agricultural applications, as
they can inform farmers' decision-making processes and
support optimization of farming practices in response to
climatic variability.

Clustering analysis

In the Figure 3, the hierarchical clustering analysis
identified six distinct groups organized within a well-
defined hierarchical structure. This grouping reveals
different seasonal regimes that are critical for the
agricultural sector, as they enable the characterization of
specific climate patterns and their impact on crop cycles.

Tfresh Experts

Rolling window

fft coefficient attr "real" coeff 0 dry season_intensity

fft_aggregated _aggtype "centroid" dry_season_std
number peaks n 3
change_quantiles_isabs_qgh 0.9 _ql_0.1
change quantiles isabs gh 0.8 gl 0.2'
abs_energy'

mean_abs_change
autocorrelation__lag 1
autocorrelation lag 7

autocorrelation lag 30 interannual trend

quantile _q 0.95 total precipitation
quantile _q 0.99 mean_precipitation
c3 lag 1 std_precipitation
cid ce normalize True cv_precipitation

zero_ratio

rainy season_intensity
rainfall regime contrast

hurricane season_intensity

extreme_event_intensity

interannual variability

window_variability
window_stability
window_autocorrelation
window_consistency

n_valid windows

hurricane_season_variability

extreme_event_frequency
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Figure 3. Hierarchical clustering of the stations

The determination of the optimal number of clusters was
based on validation metrics such as Silhouette, Calinski-
Harabasz, and Davies-Bouldin, which consistently
confirmed that six clusters represent the most optimal
configuration, as shown in Figure 4. This is particularly
relevant because, although other groupings might be
visually suggested in the dendrogram, objective metrics
validate that this segmentation most effectively captures
seasonal variations that directly affect agricultural

planning, crop selection, and climate risk management in
the region.

In the Figure 4, the clustering validation metrics
yielded moderate performance, with a Silhouette
score of 0.34 indicating weak structure separation.
A Calinski-Harabasz index of 9.0 suggests limited
between-cluster differentiation, while the Davies-Bouldin
score of 0.6 reflects reasonable cluster compactness.
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These collective results imply overlapping clusters with
subdued but detectable patterns in the data structure.

Characterization of Clusters

Hierarchical clustering analysis identified six distinct
rainfall regimes across the Caribbean region, each
characterized by specific seasonal variability patterns.
Cluster 5 emerged as the most intense, exhibiting
maximum values in precipitation (FFT real component),
dry season variability (dry season std), and hurricane
season intensity, suggesting a high-energy climatic regime.
Conversely, Cluster 0 showed minimum values across these
variables, indicating a more stable and less intense rainfall
pattern. These extremes represent opposite poles of regional
climate variability, with direct implications for seasonal
agricultural planning and water resource management
strategies tailored to each regime's specific characteristics.

Inferential analysis confirmed statistically significant
differences (p <0.01) in critical climate variables, including
precipitation peak frequency, interannual trends, and
hurricane intensity. Post-hoc testing revealed that Cluster
4 exhibits significantly more precipitation peaks compared
to Clusters 0, 1, 2, 3, and 5, while Cluster 1 demonstrates
a substantially stronger interannual trend than Cluster 5.
Vulnerability analysis identified Cluster 1 as the highest-
risk group, combining elevated extreme event frequency
with pronounced dry season intensity, creating critical
challenges for rainfed agriculture systems that depend on
predictable seasonal patterns.

The geographical distribution of clusters reveals distinct
spatial patterns, with Cluster 0 predominant in 1° de
Enero, Cluster 1 in Chambas, and Cluster 5 in Venezuela,
suggesting natural climate zonation. This segmentation
enables differentiated agricultural strategies: regions like
Chambas (Cluster 1) require drought-resistant crops and
supplemental irrigation systems, while areas such as
Venezuela (Cluster 5) need preparedness protocols for high
climate variability and hurricane intensity. This rainfall
regime characterization provides a scientific foundation
for crop selection, planting calendar optimization, and
water management system design adapted to each identified
climate pattern, ultimately enhancing agricultural resilience
across the Caribbean basin.

CONCLUSIONS

As conclusion, this research successfully demonstrates
the efficacy of a hybrid clustering framework, combining
data-driven features with domain-driven expertise, to
decipher the complexity of rainfall regimes in Ciego
de Avila.

The methodology not only identified six statistically
distinct pluviometric regimes-ranging from stable to
high-energy systems with marked cyclonic influence-
but also effectively translates these findings into
agricultural practice.

By characterizing high-vulnerability clusters, it provides
an objective tool for decision-making, enabling the
prioritization of interventions such as drought-resistant
crops or irrigation systems in specific zones.

This contribution transcends academia, laying the
groundwork for precise and scalable climate zoning
at a national level. This is fundamental for designing
resilient agricultural and water policies, optimizing planting
calendars, and ultimately strengthening Cuba's food
security in the face of climate variability.
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