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Abstract

This paper reviews recent methodological advances in the use of remote sensing for mapping agricultural landscapes
and water resources. Accurate and timely information on land use dynamics and hydrological variability is essential for
sustainable resource management, food security, and climate change adaptation. The increasing availability of Earth
observation data from the Copernicus Programme, particularly from Sentinel-1 and Sentinel-2, has significantly
improved monitoring capabilities across spatial and temporal scales. The study synthesizes key methodological
approaches, including multi-temporal analysis, machine learning classification, and multi-source data fusion, which
enable enhanced mapping of crop dynamics, irrigation patterns, surface water bodies, and hydrological variability. The
integration of optical and radar data is highlighted as a critical factor for improving robustness under diverse
environmental conditions. The paper also discusses current challenges such as data integration, model transferability,
and validation constraints, and outlines future directions for developing scalable and operational Earth observation-
based monitoring systems.
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INTRODUCTION

Agricultural landscapes and water resources represent closely interconnected components of the Earth system, jointly
underpinning food security, ecosystem stability, and sustainable development at multiple spatial and temporal scales
(Foley et al., 2011; FAO, 2021; Lambin & Meyfroidt, 2011). Their interdependence is particularly evident in irrigated
agricultural regions, where water availability directly regulates crop productivity, influences cropping intensity, and
shapes spatial patterns of land use and agricultural expansion. In such contexts, the coupling between hydrological
processes and agricultural management practices becomes especially pronounced, as variations in precipitation, irrigation
infrastructure, and water allocation strategies directly affect vegetation dynamics and land cover trajectories.
Consequently, reliable and timely information on the spatial distribution and temporal evolution of both agricultural
systems and water resources is essential for supporting evidence-based decision-making in agriculture, integrated water
resource management, and climate change adaptation planning (Vordsmarty et al., 2000; Rockstrom et al., 2014;
Famiglietti, 2014).

However, conventional ground-based monitoring approaches remain limited in their ability to capture these dynamics at
appropriate spatial and temporal scales. In situ observations are often constrained by sparse station networks, limited
revisit frequency, and high operational and logistical costs. These limitations are particularly pronounced in large,
heterogeneous, or transboundary regions, where consistent and harmonized data collection is difficult to achieve and
where environmental gradients and land use practices vary substantially over short distances (Atzberger, 2013). As a



result, there is a growing need for complementary Earth observation-based monitoring systems that can provide
continuous, spatially explicit, and standardized information across large areas.

In this context, satellite remote sensing has emerged as an indispensable component of modern environmental monitoring
frameworks. It enables systematic, repetitive, and globally consistent observations of land surface processes across a wide
range of temporal scales, thereby facilitating the analysis of dynamic environmental systems that cannot be adequately
captured through ground-based methods alone. The availability of open-access datasets from the Copernicus Programme
has significantly transformed the field by providing high-quality, freely accessible Earth observation data designed
specifically for environmental applications and policy support. Within this framework, missions such as Sentinel-2 and
Sentinel-1 have become foundational datasets for agricultural and hydrological monitoring due to their complementary
sensing capabilities, global coverage, and high revisit frequency (Drusch et al., 2012; Malenovsky et al., 2012).

These satellite systems provide synergistic information on land surface conditions. Optical sensors capture detailed
spectral characteristics related to vegetation vigor, biochemical properties, and land cover composition, while radar
sensors provide structural and dielectric information related to surface roughness, vegetation structure, and soil moisture
conditions. The combination of these complementary data streams enables more robust and comprehensive monitoring
of environmental processes, particularly in regions affected by persistent cloud cover or rapid hydrological changes.

Recent methodological advances in remote sensing have further expanded the analytical capacity to extract meaningful
information from increasingly complex multi-source and multi-temporal datasets. In particular, time-series analysis has
become a central methodological paradigm, enabling the characterization of crop phenology, irrigation dynamics, surface
water variability, and interannual environmental fluctuations (Zhu et al., 2017; Verbesselt et al., 2010). These approaches
allow for the identification of temporal signatures that are essential for distinguishing land use types and understanding
dynamic processes that are not observable in single-date imagery.

In parallel, machine learning and deep learning approaches have significantly improved classification performance,
scalability, and robustness in large and high-dimensional datasets (Belgiu & Dragut, 2016; Zhu et al., 2017; Camps-Valls
et al., 2021). These methods are particularly effective in capturing non-linear relationships between spectral, temporal,
and structural features, thereby enhancing the discrimination of complex land cover and land use classes. Furthermore,
data fusion techniques have enabled the integration of optical, radar, and ancillary environmental datasets—such as
climate, soil, and topographic information—into unified analytical frameworks, thereby improving both predictive
accuracy and process interpretability (Inglada et al., 2015; Reichstein et al., 2019).

Collectively, these methodological developments have substantially improved the ability to produce detailed, consistent,
and reliable mappings of agricultural practices, irrigation patterns, surface water dynamics, and broader hydrological
variability. Importantly, they also support a more integrated understanding of coupled land—water systems, enabling the
analysis of feedback mechanisms between water availability, land use decisions, and agricultural productivity under
changing environmental conditions.

The objective of this paper is therefore to review and synthesize recent methodological advances in the mapping of
agricultural landscapes and water resources using remote sensing data. The study focuses on key analytical frameworks,
including multi-temporal analysis, classification approaches, and multi-source data integration strategies. It further
critically examines their strengths, limitations, and operational applicability, with particular emphasis on their role in
supporting scalable, transferable, and decision-oriented environmental monitoring systems capable of addressing
contemporary challenges in sustainable land and water resource management.

DATA SOURCES AND REMOTE SENSING FOUNDATIONS

Effective mapping of agricultural landscapes and water resources increasingly depends on the integration of multi-source
Earth observation data capable of capturing both the pronounced spatial heterogeneity and the strong temporal variability
of land surface processes. Over recent decades, satellite remote sensing has become a cornerstone of large-scale
environmental monitoring due to its ability to provide consistent, repetitive, and globally standardized observations over
extended time periods. This capability has fundamentally transformed the analysis of dynamic Earth system processes,
which are often difficult or impossible to observe comprehensively through ground-based measurements alone,
particularly across large or inaccessible regions (Atzberger, 2013; Zhu et al., 2017).

A central data foundation for contemporary environmental applications is provided by the Copernicus Programme, which
offers open-access, high-quality, and systematically acquired satellite datasets specifically designed to support
environmental monitoring, scientific research, and evidence-based policy development. Within this framework, the
Sentinel-2 mission plays a pivotal role by delivering high-resolution multispectral imagery with near-global coverage and
high revisit frequency. Its spectral configuration spans the visible, near-infrared, and shortwave infrared regions of the



electromagnetic spectrum, enabling detailed characterization of land surface properties. This spectral richness supports
the derivation of widely used vegetation indices such as the Normalized Difference Vegetation Index (NDVI) and the
Enhanced Vegetation Index (EVI), as well as a broad range of biophysical indicators related to chlorophyll content, leaf
area index, biomass dynamics, and vegetation stress responses. As a result, Sentinel-2 data are extensively applied in land
cover classification, crop monitoring, vegetation condition assessment, and the analysis of land use and land cover
dynamics (Drusch et al., 2012).

Complementing optical observations, the Sentinel-1 mission provides Synthetic Aperture Radar (SAR) data that are
essential for all-weather, day-and-night monitoring of land surface conditions. Unlike optical sensors, SAR systems
actively transmit microwave signals and measure the backscattered response from the Earth’s surface, making them
largely independent of solar illumination and atmospheric conditions. Radar backscatter is sensitive to key physical
surface properties, including vegetation structure, canopy geometry, surface roughness, and soil moisture content. This
makes Sentinel-1 particularly valuable for a wide range of hydrological and agricultural applications, including flood
mapping, irrigation monitoring, soil moisture estimation, and the detection and delineation of surface water dynamics
(Malenovsky et al., 2012). The robustness of SAR data under persistent cloud cover and variable weather conditions
significantly enhances its operational utility, especially in humid or tropical regions where optical data availability is
frequently limited.

The integration of optical and radar data provides a powerful synergistic framework for environmental monitoring,
enabling a more complete and physically meaningful representation of land surface processes. While optical sensors
capture spectral and biochemical characteristics of vegetation and land cover, radar sensors contribute complementary
structural and dielectric information that is closely linked to surface moisture and physical configuration. This
complementarity allows for improved discrimination of land cover classes and more reliable characterization of dynamic
environmental processes. In particular, multi-sensor data fusion approaches have been shown to significantly enhance the
robustness, accuracy, and temporal consistency of land cover and land use mapping, especially in heterogeneous
landscapes and under conditions of incomplete or noisy observations (Inglada et al., 2015; Veloso et al., 2017).

Overall, the combined use of Copernicus optical and radar data represents a state-of-the-art approach for operational
monitoring of agricultural landscapes and water resources. By integrating complementary sources of biophysical and
structural information, these datasets enable a more comprehensive understanding of land—water interactions, supporting
improved environmental assessment, more informed resource management, and more effective evidence-based decision-
making in the context of increasing environmental and climatic pressures.

METHODOLOGICAL ADVANCES

Recent advances in remote sensing methodologies have substantially enhanced the capacity to analyze complex
agricultural and hydrological systems with greater accuracy, temporal consistency, and spatial detail. These improvements
are largely driven by the convergence of three key factors: (i) rapid developments in computational infrastructure,
including cloud computing and high-performance data processing environments; (ii) significant progress in algorithmic
design, particularly in machine learning and deep learning methods; and (iii) the increasing availability of high-resolution,
multi-temporal Earth observation datasets from modern satellite missions.

In particular, the expansion of open-access satellite programs such as the Copernicus Programme has fundamentally
transformed the accessibility and usability of remote sensing data for scientific and operational applications. Continuous
data streams from platforms such as Sentinel-2 and Sentinel-1 enable dense time-series analysis, which is essential for
capturing dynamic processes such as crop phenology, irrigation cycles, surface water variability, and land use change.

At the methodological level, advances in time-series analysis techniques have enabled the extraction of temporally explicit
information from satellite observations, allowing researchers to move beyond static land cover mapping toward dynamic
monitoring of environmental processes. Machine learning algorithms, including ensemble-based classifiers and deep
neural networks, have further improved the ability to model complex, non-linear relationships between spectral, structural,
and temporal features. These approaches are particularly effective in heterogencous landscapes, where traditional rule-
based methods often struggle to capture variability in land management practices.

In parallel, improvements in data fusion methodologies have enabled the integration of multi-source information,
combining optical, radar, and ancillary environmental datasets into unified analytical frameworks. This integration
enhances the robustness of classification outputs and supports more comprehensive characterization of coupled
agricultural-hydrological systems. Collectively, these methodological innovations have shifted remote sensing from
descriptive mapping toward more predictive and process-oriented environmental analysis, enabling new applications in
sustainable land and water resource management.



Multi-Temporal Analysis

Multi-temporal analysis has emerged as a central approach in contemporary remote sensing applications for both
agricultural landscape characterization and water resource monitoring. By exploiting dense time-series satellite
observations, this approach enables the systematic tracking of dynamic land surface processes over time, rather than
relying on isolated observations at single points in time. As a result, it provides a more comprehensive and process-
oriented understanding of environmental systems, capturing key temporal dynamics such as crop phenology, irrigation
cycles, seasonal flooding events, and interannual variability in surface water availability.

In contrast to single-date image analysis, which primarily reflects instantaneous surface conditions, time-series-based
approaches allow for the extraction and interpretation of temporal signatures that are essential for discriminating between
land cover classes and hydrological states. These temporal trajectories encapsulate the evolution of biophysical and
structural properties of land surfaces, thereby improving the separability of spectrally similar classes that differ in their
seasonal behavior. This capability is particularly important in agricultural regions, where crops may exhibit overlapping
spectral characteristics at specific time points but distinct phenological development patterns over an entire growing
season.

Temporal metrics derived from multi-source satellite observations—such as vegetation indices (e.g., NDVI), radar
backscatter coefficients from Synthetic Aperture Radar (SAR) systems, and surface reflectance parameters—enable the
quantification of seasonal dynamics, including onset of growth, peak vegetation development, senescence, and dormancy
phases. In addition, these metrics facilitate the detection of abrupt land surface changes, such as harvesting events,
flooding occurrences, or irrigation practices, as well as the characterization of long-term trends related to land use
intensification or climate variability.

This approach is particularly effective for differentiating between irrigated and rainfed agricultural systems, as irrigation
typically introduces distinct temporal patterns characterized by reduced seasonality constraints and altered vegetation
dynamics. Similarly, multi-temporal analysis is highly suitable for the identification and monitoring of ephemeral and
seasonal water bodies, whose spatial extent and persistence vary significantly over time. By integrating temporal
information into classification and modeling frameworks, multi-temporal analysis substantially enhances the accuracy,
robustness, and interpretability of both agricultural and hydrological mapping applications.

Machine Learning and Classification Approaches

Machine learning techniques have become increasingly central to land cover classification and environmental mapping
due to their strong capacity to model complex, high-dimensional, and non-linear relationships inherent in remote sensing
data. In contrast to traditional statistical approaches, these methods can effectively integrate large numbers of predictor
variables derived from multi-source Earth observation datasets, capturing subtle patterns that are often not detectable
through rule-based or parametric techniques. As a result, they have become a standard component of modern geospatial
analysis workflows.

Among the most widely applied algorithms are ensemble-based methods such as Random Forest, kernel-based approaches
such as Support Vector Machines (SVM), and, more recently, a broad family of deep learning models. Random Forest
classifiers are particularly valued for their robustness to noise, ability to handle high-dimensional feature spaces, and
relatively low risk of overfitting due to their ensemble structure. SVMs, on the other hand, are effective in identifying
optimal decision boundaries in complex feature spaces, especially when class separability is non-linear. More recently,
deep learning architectures, including convolutional neural networks (CNNs) and recurrent neural networks (RNNs), have
demonstrated superior performance in learning hierarchical feature representations directly from raw or minimally
processed satellite data.

These methods are especially effective when applied to large-scale datasets derived from modern satellite constellations
such as the Sentinel satellites. In such contexts, multi-dimensional feature spaces can be constructed by integrating
spectral information from optical sensors, structural information from radar observations, and temporal information from
dense time series. This integrated feature space significantly enhances the separability of land cover classes and improves
classification accuracy in heterogeneous landscapes.

Deep learning approaches, in particular, offer a major methodological advancement by enabling automatic feature
extraction from complex input data. Unlike traditional machine learning workflows, which often rely on manual feature
engineering and domain-specific expertise, deep learning models can learn relevant spatial, spectral, and temporal
representations directly from the data. This capability not only reduces the dependence on handcrafted features but also
improves scalability and transferability across large and diverse study areas. Furthermore, when combined with high-



performance computing environments and cloud-based processing platforms, these methods support operational-scale
applications in environmental monitoring, enabling near-real-time land cover mapping and analysis.

Data Fusion Techniques

Data fusion represents a fundamental methodological component in modern remote sensing, as it enables the integration
of complementary information derived from multiple sensors, platforms, and ancillary datasets. By combining
heterogeneous data sources, fusion approaches enhance the completeness, robustness, and interpretability of
environmental monitoring systems, particularly in complex and dynamic landscapes. In the context of agricultural and
hydrological applications, the integration of optical and radar data is especially critical, as it mitigates the limitations of
individual sensors and improves observational consistency under diverse environmental conditions.

The synergy between optical and radar observations is particularly valuable in regions frequently affected by cloud cover,
haze, or variable atmospheric conditions, where optical imagery alone may suffer from temporal gaps and reduced data
continuity. In such cases, radar data provide an essential complementary information source due to their ability to operate
independently of solar illumination and atmospheric interference. This integration significantly improves the temporal
density and reliability of derived products, enabling more accurate monitoring of land surface processes such as vegetation
dynamics, soil moisture variation, and surface water extent.

Beyond sensor-level integration, the incorporation of ancillary datasets further enhances model performance and
interpretability. Data sources such as digital elevation models (DEMs), soil property maps, meteorological observations,
and hydrological datasets provide important contextual information that influences land surface processes. For example,
topographic variables derived from DEMs affect microclimatic conditions and water flow patterns, while soil
characteristics influence vegetation development and crop suitability. Meteorological data, including precipitation and
temperature, are essential for interpreting phenological dynamics and hydrological variability. The integration of these
auxiliary datasets with satellite observations contributes to more physically consistent and ecologically meaningful
modeling frameworks.

Data fusion methodologies can be implemented at different levels of integration, each characterized by distinct
methodological assumptions and computational requirements. Pixel-level fusion involves the direct combination of raw
or preprocessed data layers into a unified dataset, enabling fine-scale spatial analysis but often requiring strict data
harmonization. Feature-level fusion integrates derived variables, such as vegetation indices or radar backscatter
coefficients, into a common feature space, offering a balance between flexibility and interpretability. Decision-level
fusion combines the outputs of independent models, allowing for ensemble-based approaches that improve robustness
but may reduce direct feature interpretability. Each of these strategies presents specific trade-offs between computational
complexity, information richness, and methodological transparency.

Overall, data fusion plays a central role in advancing remote sensing applications by enabling the comprehensive
integration of multi-source information. This leads to improved classification accuracy, greater model stability, and
enhanced capability to represent complex interactions within agricultural and hydrological systems.

APPLICATIONS IN AGRICULTURAL AND WATER RESOURCE MAPPING

Methodological advances in remote sensing over the past decade have substantially broadened the range of applications
for monitoring agricultural landscapes and water resources, enabling more detailed, consistent, and scalable
environmental assessments across diverse geographic and climatic contexts. These developments have been strongly
driven by the increasing availability of high-resolution, multi-temporal Earth observation data, together with rapid
progress in analytical techniques capable of extracting meaningful information from complex and high-dimensional
datasets. As a result, remote sensing has evolved from primarily descriptive mapping toward more dynamic, process-
oriented environmental monitoring frameworks.

In the agricultural domain, these advances have enabled a wide spectrum of applications, including crop type
classification, irrigation mapping, yield estimation, crop rotation analysis, and the detection of land use and land cover
changes. Among these, the use of dense time-series observations derived from vegetation indices and radar backscatter
has proven particularly effective for capturing crop phenology and discriminating between agricultural practices that may
exhibit similar spectral signatures at individual acquisition dates but differ substantially in their temporal development
patterns. This temporal dimension is critical for understanding agricultural dynamics, as many crops can only be reliably
distinguished through their seasonal growth trajectories rather than static spectral characteristics.

Within this context, multi-temporal remote sensing approaches facilitate the identification and characterization of key
phenological stages, including sowing, emergence, peak vegetative growth, senescence, and harvest. The explicit



representation of these stages significantly enhances the separability of crop types and improves the robustness and
interpretability of classification models. Furthermore, the integration of optical imagery from the Sentinel-2 with radar
observations from the Sentinel-1 has further strengthened these applications by combining complementary sources of
information within a unified analytical framework. Optical data provide detailed spectral and biochemical information
related to vegetation condition, while radar data contribute structural and moisture-sensitive information that is largely
independent of atmospheric and illumination conditions. This synergy enhances classification performance, particularly
in heterogeneous landscapes and regions affected by persistent cloud cover.

In the context of water resource monitoring, remote sensing plays an equally critical role in the mapping and analysis of
surface water bodies, flood extent dynamics, reservoir fluctuations, and soil moisture variability. Optical sensors enable
high-resolution delineation of water surfaces under clear-sky conditions, supporting detailed spatial analysis of
hydrological features. However, their applicability is limited in cloudy environments or during rapidly evolving
hydrological events. In contrast, radar sensors provide a crucial advantage due to their all-weather, day-and-night imaging
capabilities. In particular, Sentinel-1 Synthetic Aperture Radar (SAR) data have become a key information source for
flood detection and monitoring, owing to their high sensitivity to surface water and their independence from atmospheric
conditions. This capability is especially valuable for near-real-time disaster response, early warning systems, and
hydrological modeling in regions prone to rapid hydrometeorological changes.

The combined analysis of agricultural and hydrological systems offers important insights into the complex and
bidirectional interactions between water availability, land use practices, and agricultural productivity. Such integrated
approaches are particularly relevant in irrigated agricultural regions, where water management directly influences
cropping patterns, phenological development, and spatial distribution of agricultural intensity. By jointly analyzing
vegetation dynamics and hydrological variability, remote sensing enables a more comprehensive and system-oriented
understanding of coupled human—environment interactions, moving beyond isolated sectoral assessments.

This integrated perspective is essential for improving water resource management, optimizing irrigation strategies, and
supporting sustainable agricultural planning under increasing environmental variability and climate-related pressures. As
methodological innovations continue to advance—particularly in time-series analysis, machine learning, and data
fusion—the integration of multi-source Earth observation data is expected to further enhance the operational capacity,
scalability, and policy relevance of environmental monitoring systems at regional to global scales.

CHALLENGES AND FUTURE PERSPECTIVES

Despite substantial methodological and technological progress in Earth observation science, several critical challenges
continue to constrain the full operational deployment of remote sensing approaches for agricultural and water resource
mapping. These limitations are multifaceted and arise across the entire analytical workflow, from data acquisition and
preprocessing to modelling, validation, and large-scale implementation.

One of the primary constraints relates to data quality. Optical satellite observations are frequently affected by atmospheric
contamination, including cloud cover, haze, and aerosols, which can introduce missing data and radiometric distortions.
In parallel, Synthetic Aperture Radar (SAR) data are inherently affected by speckle noise, requiring careful filtering and
processing to ensure reliable feature extraction. Additional inconsistencies may arise during the integration of multi-
sensor datasets, particularly when combining optical and radar observations with differing spatial, spectral, and temporal
characteristics. Although advanced preprocessing techniques and correction algorithms can mitigate many of these issues,
residual uncertainties often persist and may propagate through subsequent analytical stages, ultimately influencing the
reliability of derived classification and mapping products.

A second major limitation is related to spatial resolution constraints. Medium-resolution satellite missions such as
Sentinel-2 and Sentinel-1 offer an effective compromise between spatial coverage, temporal revisit frequency, and data
availability. However, in highly fragmented agricultural landscapes—characterized by small field sizes, heterogeneous
cropping systems, and complex land management practices—these resolutions may be insufficient to capture fine-scale
spatial variability. In such contexts, mixed pixel effects become more pronounced, leading to spectral ambiguity and
reduced classification accuracy. This limitation also affects the detection and delineation of small or ephemeral
hydrological features, as well as the reliable identification of detailed crop rotation patterns at parcel level.

A further critical challenge is the limited availability of high-quality, spatially representative, and temporally consistent
ground truth data. Such reference datasets are essential for supervised learning, model calibration, and accuracy
assessment. However, in many regions, ground observations are sparse, inconsistently collected, or not temporally aligned
with satellite acquisition dates. These issues introduce significant uncertainty into both model training and validation
processes. The problem is particularly acute in regions characterized by heterogeneous agricultural practices, fragmented



land ownership structures, and rapidly evolving land use systems, where obtaining reliable and up-to-date reference
information remains logistically and financially challenging.

In addition, model transferability remains a persistent and fundamental methodological challenge. Variations in climatic
conditions, soil properties, crop varieties, irrigation practices, and broader agricultural management strategies all
influence the spectral and temporal signatures recorded by satellite sensors. As a result, machine learning models trained
in one geographic or agro-ecological context often exhibit reduced performance when applied to different regions. This
lack of generalizability limits the operational scalability of many existing approaches and highlights the need for more
adaptive modelling strategies.

Future research should therefore prioritize the development of more robust, transferable, and scalable analytical
frameworks. Key directions include the improved integration of multi-source and multi-scale datasets, the application of
transfer learning and domain adaptation techniques to enhance model generalization, and the establishment of
standardized, reproducible workflows for large-scale environmental monitoring. Equally important is the strengthening
of links between satellite-derived products and in situ observations through systematic and harmonized validation
strategies, which are essential for improving accuracy and reducing uncertainty.

Finally, ongoing advances in cloud computing environments and open-access geospatial infrastructures are expected to
play a transformative role in bridging the gap between methodological innovation and operational application. Platforms
that enable distributed processing of large Earth observation datasets facilitate near-real-time analysis and support the
scalable implementation of remote sensing methodologies. These developments are crucial for enabling operational
monitoring systems that can support sustainable agricultural management and integrated water resource planning under
conditions of increasing environmental variability and climate change.

CONCLUSIONS

Remote sensing has evolved into a powerful and increasingly indispensable framework for the systematic mapping,
monitoring, and analysis of agricultural landscapes and water resources across local, regional, and global scales. Its unique
capability to deliver consistent, repeatable, and spatially explicit observations of the Earth’s surface makes it particularly
well suited for capturing the inherently dynamic and interconnected nature of coupled land—water systems. As
environmental change intensifies and land use pressures increase, the role of Earth observation in supporting evidence-
based environmental assessment and decision-making has become more critical than ever.

In recent years, significant methodological advances in time-series analysis, machine learning, and data fusion have
substantially strengthened the analytical capacity of remote sensing. These developments have enabled more detailed,
accurate, and scalable characterization of environmental processes that evolve across multiple temporal scales, including
seasonal dynamics, interannual variability, and long-term trends driven by climate and land management changes. In
particular, time-series approaches have fundamentally transformed the monitoring of vegetation dynamics, irrigation
practices, and hydrological variability by enabling the extraction of phenological and temporal signatures that cannot be
reliably detected using single-date imagery. These temporal patterns provide essential information for distinguishing land
cover types and understanding system behavior over time, especially in agricultural environments where phenology plays
a key discriminating role.

At the same time, advances in machine learning and deep learning techniques have significantly improved the ability to
model complex, non-linear relationships within high-dimensional satellite datasets. These approaches have enhanced
classification performance, particularly in heterogeneous landscapes characterized by mixed land uses, variable
management practices, and overlapping spectral signatures. The ability of modern algorithms to integrate spectral, spatial,
and temporal features has further contributed to more robust and transferable modeling frameworks for environmental
applications.

Complementarily, data fusion strategies integrating optical, radar, and ancillary geospatial datasets have further increased
the robustness, completeness, and interpretability of remote sensing products. The combination of different data sources
allows for a more comprehensive representation of land surface processes, reducing uncertainties associated with
individual sensors and improving observational continuity under varying environmental conditions. This integrated
approach is particularly important in agricultural and hydrological applications, where both biophysical and structural
information are required for accurate system characterization.

These methodological developments are strongly supported by the growing availability of open-access Earth observation
data from the Copernicus Programme, which provides a sustained, harmonized, and standardized stream of high-quality
satellite observations. In particular, missions such as Sentinel-2 and Sentinel-1 have become foundational datasets for
operational environmental monitoring due to their high spatial resolution, frequent revisit cycles, and global coverage.



Their complementary characteristics enable integrated analyses that combine spectral, structural, and moisture-related
information within unified analytical frameworks.

Looking ahead, continued advances in methodological development, together with rapidly expanding computational
capabilities and open data infrastructures, will be essential for further improving the operational use of remote sensing in
environmental monitoring. Key priorities include strengthening the integration of multi-source and multi-scale datasets,
improving model transferability across diverse environmental, climatic, and socio-economic contexts, and developing
standardized, reproducible, and scalable analytical workflows. These efforts are crucial for supporting sustainable land
and water resource management, enhancing resilience to climate change, and enabling more effective and evidence-based
environmental governance at multiple spatial and administrative levels.
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