
METHODOLOGICAL PERSPECTIVES ON CROP ROTATION 

MAPPING WITH COPERNICUS REMOTE SENSING DATA 

Rumiana Vatseva, Madlena Tsvetkova 

Prof. Rumiana Vatseva, D.Sc. 

Geological Institute 

Bulgarian Academy of Sciences (GI-BAS) 

Acad. G. Bonchev St., Bl. 24, 1113 Sofia, Bulgaria  

Tel.: +3592 9792208; e-mail: rvatseva@gmail.com 

 

Senior Res. Assist. Madlena Tsvetkova, Ph.D. 

Geological Institute 

Bulgarian Academy of Sciences (GI-BAS) 

Acad. G. Bonchev St., Bl. 24, 1113 Sofia, Bulgaria  

Tel.: +3592 9792219; e-mail: mgeorgieva@geology.bas.bg 

Abstract 

Crop rotation is a fundamental practice for sustainable agriculture, supporting soil health, biodiversity, and climate 

resilience. Reliable information on crop rotation patterns is essential for agricultural monitoring and policy development. 

The increasing availability of Earth observation data from the Copernicus Programme provides new opportunities for 

large-scale and consistent assessment of agricultural dynamics. This paper examines methodological approaches for 

mapping crop rotation using multi-temporal remote sensing data, with a focus on Sentinel-1 and Sentinel-2. It reviews 

classification techniques, time-series analysis, and data fusion methods that enhance the detection of crop sequences 

across growing seasons. Key challenges, including data quality, model transferability, and landscape heterogeneity, are 

also discussed. The study highlights current advances and outlines future directions for improving the accuracy and 

operational applicability of crop rotation mapping. 
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INTRODUCTION 

Crop rotation is a fundamental component of sustainable agricultural systems, contributing to soil fertility, pest and 

disease control, and long-term productivity. It also plays a significant role in climate change mitigation and adaptation by 

enhancing soil carbon sequestration and improving ecosystem resilience. Accurate and timely information on crop 

rotation patterns is therefore essential for agricultural monitoring, environmental assessment, and the implementation of 

effective agri-environmental policies (Ouda et al., 2018; Lark et al., 2020; Eurostat, 2022; Smith et al., 2023; Heinen et 

al., 2023; Al-Musawi et al., 2025). 

Traditional approaches to collecting crop rotation data, such as field surveys and statistical reporting, are often limited in 

spatial coverage, temporal frequency, and consistency. These limitations hinder the ability to monitor dynamic 

agricultural landscapes, particularly at regional and continental scales. In this context, satellite-based Earth observation 

has emerged as a powerful tool for capturing spatial and temporal variability in agricultural systems (Atzberger, 2013; 

Belgiu & Csillik, 2018; Mudare et al., 2025). 

The Copernicus Programme provides free and open-access data that have significantly advanced agricultural monitoring 

capabilities. In particular, the Sentinel satellites offer high spatial, temporal, and spectral resolution data suitable for crop 

type discrimination and phenological analysis. Optical imagery from Sentinel-2 enables the derivation of vegetation 

indices, such as the Normalized Difference Vegetation Index (NDVI), which are widely used to track crop growth cycles. 

Complementarily, radar data from Sentinel-1 provide valuable information on crop structure and soil moisture, with the 

advantage of being insensitive to cloud cover (Drusch et al., 2012; Veloso et al., 2017; Meroni, et al., 2021). 

Recent methodological developments have focused on the use of multi-temporal data and advanced classification 

techniques to improve crop type mapping and, consequently, the identification of crop rotation patterns. Machine learning 

algorithms, such as Random Forest and Support Vector Machines, have demonstrated strong performance in classifying 
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agricultural land use from satellite imagery (Belgiu & Drăguţ, 2016). More recently, deep learning approaches, including 

recurrent neural networks and convolutional neural networks, have been applied to exploit temporal dependencies in 

satellite time series (Zhong et al., 2019; Liu et al., 2021; Zhou et al., 2022). 

Time-series analysis has become a central component in crop rotation mapping, as it captures phenological differences 

among crops over multiple growing seasons. By analyzing sequences of classified crop types, it is possible to infer rotation 

schemes and assess their spatial distribution. Furthermore, data fusion approaches that integrate optical and radar data 

have shown improved robustness and accuracy, particularly in regions affected by frequent cloud cover or complex 

cropping systems (Inglada et al., 2015; Feng et al., 2021). 

Despite the considerable progress achieved in remote sensing-based agricultural monitoring, several important challenges 

continue to limit the accuracy, consistency, and scalability of crop rotation mapping. One of the primary constraints is the 

availability and quality of ground reference data, which are essential for training and validating classification models. In 

many regions, such datasets are sparse, inconsistent, or not temporally aligned with satellite observations, thereby 

introducing uncertainty into model calibration and evaluation. In addition, the inherent heterogeneity of agricultural 

landscapes—characterized by diverse cropping systems, variable field sizes, and complex land management practices—

further complicates the extraction of reliable crop-specific signals from satellite imagery. 

Model transferability across different agro-ecological zones also remains a critical issue. Algorithms developed in a 

specific environmental and agronomic context often exhibit limited generalization when applied to other regions, due to 

variations in climate, soil conditions, crop types, and cultivation practices. Furthermore, differences in crop calendars, 

including sowing and harvesting dates, irrigation regimes, and crop management strategies, introduce temporal variability 

that can significantly affect the interpretation of satellite-derived time series. These factors collectively contribute to 

uncertainties in phenological analysis and reduce the robustness of classification results. 

Addressing these challenges is essential for the development of reliable, transferable, and operational methodologies for 

crop rotation mapping. This requires not only improvements in data availability and quality but also the advancement of 

analytical approaches capable of integrating multi-source information and adapting to regional variability. 

In this context, the present paper aims to provide a review and critical discussion of methodological perspectives on crop 

rotation mapping using data from the Copernicus Programme. The study focuses on key methodological components, 

including crop classification techniques, time-series analysis, and multi-source data integration strategies. It also examines 

current limitations and identifies future research directions to improve the operational applicability of crop rotation 

mapping in support of agricultural monitoring and sustainable land management. 

DATA AND METHODS 

This generalized methodological framework provides a comprehensive basis for mapping crop rotation using Copernicus 

remote sensing data, supporting both scientific research and operational agricultural monitoring. 

Data Sources 

Crop rotation mapping requires consistent, high-quality, multi-temporal observations capable of capturing both intra-

annual crop phenology and interannual variability in agricultural practices. Such analyses depend on dense and continuous 

time series that allow for the identification of crop growth cycles and transitions between successive cropping seasons. In 

this context, the present study primarily relies on satellite data provided by the Copernicus Programme, which offers free, 

open-access, and systematically acquired Earth observation datasets well suited for agricultural monitoring across a wide 

range of spatial and temporal scales. 

Optical imagery from Sentinel-2 constitutes the core data source due to its high spatial resolution (10–20 m), high revisit 

frequency (approximately 5 days at the equator), and rich spectral configuration. Sentinel-2 provides multispectral 

observations across the visible, near-infrared, and shortwave infrared regions of the electromagnetic spectrum, enabling 

the derivation of a variety of vegetation indices sensitive to crop biophysical properties. Among these, the Normalized 

Difference Vegetation Index (NDVI) and the Enhanced Vegetation Index (EVI) are widely used to monitor vegetation 

vigor, biomass accumulation, and seasonal dynamics. Additional spectral metrics further support the characterization of 

crop conditions, including stress responses and canopy structure. 

To complement optical observations and address limitations related to cloud cover and atmospheric disturbances, radar 

imagery from Sentinel-1 is incorporated into the analysis. Sentinel-1 provides C-band Synthetic Aperture Radar (SAR) 

data with a revisit time ranging from 6 to 12 days, depending on acquisition mode and orbit configuration. Radar 

backscatter coefficients, particularly in VV and VH polarizations, are sensitive to surface roughness, vegetation structure, 
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and soil moisture conditions. Importantly, radar signals are largely unaffected by weather conditions and solar 

illumination, making them a reliable source of information for maintaining temporal continuity in multi-temporal datasets. 

In addition to satellite observations, ancillary datasets play a crucial role in supporting both classification and validation 

processes. These datasets may include field parcel boundaries derived from agricultural registers, which enable parcel-

level analysis and object-based classification approaches. Digital elevation models (DEMs) provide topographic 

information that can influence crop distribution and growth conditions, while soil maps offer insights into edaphic factors 

affecting crop suitability and management practices. Meteorological data, including temperature and precipitation 

records, are particularly valuable for interpreting crop phenology and temporal variability. 

Ground reference data, obtained through field surveys, in situ measurements, or official agricultural statistics, are essential 

for the calibration and validation of classification models. These datasets provide the necessary link between satellite-

derived features and actual crop types, ensuring the reliability and accuracy of the mapping results. The integration of 

multi-source satellite data with ancillary and ground-based information thus forms a comprehensive data framework for 

robust and scalable crop rotation mapping. 

Preprocessing 

Preprocessing of satellite data constitutes a fundamental stage in remote sensing workflows, ensuring the consistency, 

comparability, and reliability of the datasets used in subsequent analyses. Given the multi-source and multi-temporal 

nature of crop rotation mapping, rigorous preprocessing is essential to minimize noise, correct for sensor- and atmosphere-

related distortions, and harmonize data acquired from different platforms and acquisition conditions. 

Optical imagery from Sentinel-2 is first subjected to atmospheric correction in order to convert top-of-atmosphere 

reflectance values into surface reflectance. This step is critical for enabling consistent temporal analysis, as it removes 

the effects of atmospheric scattering and absorption. Standardized processing chains, such as Sen2Cor, are commonly 

employed for this purpose. In addition, cloud and cloud-shadow masking is performed using automated algorithms based 

on quality assessment bands or classification techniques, ensuring the exclusion of contaminated pixels that could 

otherwise introduce significant errors into time-series analyses. 

Radar data from Sentinel-1 require a different preprocessing approach due to their distinct acquisition principles. Key 

steps include radiometric calibration to convert raw digital numbers into physically meaningful backscatter coefficients, 

typically expressed as sigma nought (σ⁰), as well as geometric and terrain correction to account for sensor geometry and 

topographic effects. Speckle filtering is also applied to reduce the inherent granular noise present in Synthetic Aperture 

Radar (SAR) imagery while preserving essential spatial and structural information relevant for crop characterization. 

Following sensor-specific preprocessing, all datasets are harmonized to ensure spatial and temporal consistency. This 

includes resampling to a common spatial resolution and reprojection into a unified coordinate reference system, 

facilitating the integration of optical and radar data within a single analytical framework. Temporal compositing 

techniques are subsequently applied to generate regularized time series and to mitigate the effects of residual noise and 

data gaps. Common approaches include median compositing or maximum value compositing of vegetation indices, such 

as NDVI, over predefined intervals (e.g., 10-day or monthly periods). 

The resulting harmonized and gap-reduced multi-temporal dataset provides a robust foundation for subsequent feature 

extraction and time-series analysis. By ensuring data quality and consistency, the preprocessing stage plays a crucial role 

in enhancing the accuracy and reliability of crop classification and crop rotation mapping. 

Feature Extraction 

Feature extraction represents a crucial stage in crop rotation mapping, as it transforms raw satellite observations into 

informative variables that capture the biophysical and phenological characteristics of agricultural crops. The objective of 

this process is to derive a set of discriminative features that enable accurate differentiation between crop types and the 

reconstruction of their temporal dynamics across growing seasons. 

From optical imagery provided by Sentinel-2, a wide range of spectral information is extracted, including individual 

spectral bands and derived vegetation indices. These variables are commonly used to characterize crop vigor, biomass 

development, and phenological status throughout the growing cycle. Among them, the Normalized Difference Vegetation 

Index (NDVI) remains one of the most widely applied indicators for monitoring seasonal vegetation dynamics, as it 

provides a robust proxy for chlorophyll activity and canopy development. Complementary indices, such as the Normalized 

Difference Water Index (NDWI), enhance the characterization of crop water content and moisture stress, thereby 

improving the discrimination of crops with similar greenness profiles but differing physiological conditions. 
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In parallel, radar-based features derived from Sentinel-1 provide additional structural and physical information about 

agricultural fields. Temporal profiles of backscatter coefficients in VV and VH polarization channels are particularly 

informative, as they reflect variations in surface roughness, vegetation structure, and soil moisture. The ratio between VV 

and VH signals is also commonly used to enhance sensitivity to crop type differences and to reduce noise effects. These 

radar-derived features are especially valuable in conditions where optical data are limited due to cloud cover or 

atmospheric disturbances. 

To further enhance interpretability, temporal metrics are derived from smoothed time series using statistical filtering 

techniques or curve-fitting approaches, such as Savitzky–Golay filters or harmonic regression models. These metrics 

typically include phenological indicators such as the start of season, peak greenness timing, end of season, and overall 

length of the growing period. Such parameters provide a compact representation of crop development dynamics and are 

particularly effective in distinguishing crop types that exhibit similar spectral signatures but differ in their temporal growth 

patterns. When integrated within a multi-source analytical framework, these features significantly improve the robustness 

and accuracy of crop classification and subsequent crop rotation analysis. 

Classification Approaches 

Crop type classification represents a fundamental step in crop rotation mapping, as it provides the basis for identifying 

crop sequences over time. In recent years, supervised machine learning algorithms have become the dominant approach 

due to their capacity to manage high-dimensional datasets and capture complex, non-linear relationships inherent in 

remote sensing data. Among these, Random Forest (RF) and Support Vector Machines (SVM) are widely recognized for 

their robustness, efficiency, and high classification accuracy across diverse agricultural landscapes. RF classifiers, based 

on an ensemble of decision trees, effectively reduce overfitting and enhance generalization, while also providing measures 

of variable importance. SVM classifiers, on the other hand, are particularly effective in high-dimensional feature spaces, 

where they determine optimal separating hyperplanes for complex class distributions. 

Beyond these traditional methods, recent advances have introduced deep learning techniques, including convolutional 

neural networks (CNNs) and recurrent neural networks (RNNs), which enable the exploitation of both spatial and 

temporal patterns in satellite image time series. CNNs are well suited for capturing spatial structures and contextual 

information, whereas RNNs, including Long Short-Term Memory (LSTM) networks, are specifically designed to model 

temporal dependencies and sequential data, making them highly relevant for multi-temporal crop analysis. 

Several complementary methodological approaches are commonly applied in crop rotation mapping. Supervised 

classification techniques rely on labeled training datasets to generate annual crop type maps, which are subsequently used 

to infer rotation patterns. Time-series analysis methods exploit temporal signatures derived from vegetation indices or 

radar backscatter to distinguish crops based on their phenological cycles. Machine learning and deep learning models 

further enhance this process by integrating multi-year observations and learning complex temporal relationships. In 

addition, data fusion approaches—combining optical data (e.g., spectral indices) with radar information—have proven 

particularly effective in improving classification robustness, especially in regions affected by cloud cover or characterized 

by heterogeneous agricultural practices. Together, these approaches provide a comprehensive methodological framework 

for accurate and scalable crop rotation mapping. 

Classification is typically performed on an annual basis, producing crop type maps for each growing season. Training 

datasets are constructed using ground reference data, and model performance is evaluated using standard metrics such as 

overall accuracy, producer’s accuracy, user’s accuracy, and the kappa coefficient. 

Time-Series Analysis and Crop Rotation Mapping 

Crop rotation mapping extends beyond single-year crop classification by incorporating multi-annual information to 

analyze sequences of crop types and their temporal dynamics. This approach enables a more comprehensive 

understanding of agricultural practices, as it captures not only the spatial distribution of crops but also the temporal 

transitions that define rotation systems. Time-series analysis is therefore central to identifying crop succession patterns, 

detecting regularities, and assessing changes in management practices over time. 

Following the generation of annual crop type maps, temporal trajectories are constructed at the pixel or parcel level, 

depending on data availability and the spatial resolution of the analysis. These trajectories represent sequences of 

classified crops across consecutive growing seasons and form the basis for rotation analysis. By examining these 

sequences, it is possible to identify recurring crop rotations (e.g., wheat–maize–sunflower), monoculture practices, or 

more complex and irregular patterns. Various analytical approaches can be applied to characterize these dynamics. Rule-

based methods rely on predefined agronomic knowledge to classify rotation types, while stochastic approaches, such as 

Markov chain models, quantify transition probabilities between crop types. Additionally, sequence analysis techniques, 
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including pattern recognition and clustering methods, allow for the identification of dominant rotation schemes and their 

spatial distribution. 

An alternative and increasingly adopted strategy involves direct multi-year classification, in which temporal features 

derived from multi-season datasets are used as input to machine learning or deep learning models. This approach 

integrates temporal dependencies explicitly within the classification process, enabling the simultaneous identification of 

crop sequences rather than individual crop types. Advanced models, such as recurrent neural networks and temporal 

convolutional networks, are particularly well suited for this task, as they can capture long-term dependencies and complex 

temporal patterns. Such methods offer significant potential for improving the accuracy and scalability of crop rotation 

mapping, especially when combined with dense satellite time series and ancillary data sources. 

Data Fusion and Integration 

The integration of multiple data sources is a key strategy for improving the robustness, accuracy, and generalizability of 

crop rotation mapping. Data fusion techniques enable the combination of complementary information derived from 

different sensors and datasets, thereby enhancing the capacity to capture complex agricultural dynamics. In the context 

of remote sensing, fusion approaches typically involve the integration of optical and radar data at various levels, including 

pixel-level, feature-level, and decision-level fusion, each offering distinct advantages depending on the application and 

data characteristics. 

Feature-level fusion is among the most widely applied approaches in crop mapping studies. In this framework, variables 

derived from Sentinel-2, such as spectral bands and vegetation indices, are combined with backscatter coefficients and 

polarization metrics obtained from Sentinel-1. The resulting multi-source feature space captures both spectral and 

structural properties of crops, effectively leveraging the complementary strengths of optical and radar observations. 

Optical data provide detailed information on vegetation vigor and biochemical properties, while radar data contribute 

insights into canopy structure and soil moisture conditions, with the added advantage of all-weather acquisition capability. 

Beyond satellite observations, the integration of ancillary data further enhances model performance and interpretability. 

Environmental variables such as temperature, precipitation, and evapotranspiration play a critical role in shaping crop 

phenology and can improve the temporal characterization of crop growth cycles. Similarly, soil properties—including 

texture, moisture retention capacity, and fertility—are important determinants of crop suitability and rotation practices. 

Topographic factors, such as elevation, slope, and aspect, may also influence agricultural management decisions, 

particularly in heterogeneous landscapes. 

The incorporation of these diverse data sources within a unified analytical framework supports the development of more 

accurate and transferable models for crop rotation mapping. It also facilitates a better understanding of the interactions 

between environmental conditions and agricultural practices, contributing to more informed and sustainable land 

management strategies. 

Validation and Accuracy Assessment 

Validation is a critical component in crop rotation mapping, as it ensures the reliability, robustness, and scientific 

credibility of derived products. Given the complexity of multi-temporal remote sensing analyses, rigorous validation 

procedures are required to quantify classification performance and to identify potential sources of error. Independent 

validation datasets, preferably derived from field surveys, agricultural statistics, or very high-resolution imagery, are 

commonly used as reference data for accuracy assessment. These datasets should be representative of the spatial and 

temporal variability of agricultural landscapes in order to provide unbiased evaluations. 

Accuracy assessment is typically conducted at multiple levels. At the crop type level, standard evaluation metrics such as 

overall accuracy, producer’s accuracy, user’s accuracy, and the kappa coefficient are derived from confusion matrices to 

quantify classification performance. However, crop rotation mapping introduces an additional temporal dimension that 

requires more advanced validation strategies. At the rotation level, metrics such as sequence accuracy, transition accuracy, 

and temporal consistency are increasingly used to evaluate the correctness of predicted crop sequences over multiple 

years. These metrics allow for a more comprehensive assessment of model performance by accounting for both spatial 

classification errors and temporal misclassification in crop succession patterns. 

Uncertainty analysis plays a particularly important role in heterogeneous and fragmented agricultural landscapes, where 

mixed pixels, diverse cropping systems, and inconsistent management practices can increase classification ambiguity. In 

such contexts, cross-validation techniques are commonly applied to assess the generalizability of models across different 

subsets of data. Additionally, sensitivity analyses can be used to evaluate the influence of input variables, model 
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parameters, and training data quality on final classification outcomes. Ensemble modeling approaches may further 

contribute to uncertainty quantification by providing probabilistic estimates of class membership. 

Overall, a comprehensive validation framework that integrates both spatial and temporal accuracy metrics, along with 

uncertainty analysis, is essential for ensuring the reliability and operational applicability of crop rotation mapping 

products derived from remote sensing data. 

Methodological Challenges 

Despite substantial methodological and technological advances in remote sensing-based agricultural monitoring, several 

persistent challenges continue to limit the full operational implementation of crop rotation mapping. One of the primary 

difficulties is the strong variability in crop calendars across regions and agro-ecological zones. Differences in sowing and 

harvesting dates, crop phenology, and management practices introduce significant temporal uncertainty, complicating the 

interpretation of satellite-derived time series and reducing the comparability of results across study areas. 

Another important limitation arises from the presence of mixed pixels in fragmented agricultural landscapes. In regions 

characterized by smallholder farming systems or heterogeneous land use patterns, the spatial resolution of commonly 

used satellite sensors may not be sufficient to capture pure crop signals, leading to classification ambiguity and reduced 

mapping accuracy. This issue is further exacerbated by the limited availability of high-quality ground truth data, which 

are essential for training and validating machine learning models. In many cases, reference datasets are incomplete, 

spatially biased, or temporally inconsistent, thereby constraining model performance and reliability. 

In addition, data quality issues remain a significant concern. Optical imagery is frequently affected by cloud cover, haze, 

and atmospheric disturbances, which can result in data gaps and reduced temporal continuity. Although radar data from 

systems such as Sentinel-1 provide all-weather observations, they are inherently affected by speckle noise and require 

careful preprocessing and filtering to extract reliable information. The integration of optical and radar datasets introduces 

additional methodological complexity, particularly in terms of harmonization and feature selection. 

Model transferability represents another critical challenge in crop rotation mapping. Machine learning models trained in 

one geographic region often exhibit reduced performance when applied to other areas due to differences in environmental 

conditions, soil properties, crop types, and agricultural management practices. This lack of generalizability limits the 

scalability of existing approaches and highlights the need for more robust, domain-adaptive methodologies. 

Addressing these challenges requires the development of scalable and flexible analytical frameworks capable of 

integrating multi-source data and accommodating regional variability. Advances in domain adaptation techniques, 

transfer learning, and ensemble modeling offer promising pathways for improving model robustness. Furthermore, the 

integration of high-resolution ancillary datasets, improved field data collection strategies, and standardized validation 

protocols will be essential for enhancing the reliability and operational applicability of crop rotation mapping at larger 

spatial scales. 

RESULTS AND DISCUSSION 

Recent advances in Earth observation have highlighted the substantial potential of multi-source satellite data for 

improving the accuracy, robustness, and consistency of crop type classification and, by extension, crop rotation mapping. 

In particular, the synergistic integration of optical imagery from Sentinel-2 and radar data from Sentinel-1 has been widely 

demonstrated to enhance classification performance across diverse agro-ecological conditions. This integration leverages 

the complementary characteristics of the two sensor types. Optical data provide rich spectral information related to 

vegetation vigor, chlorophyll content, and biochemical properties, enabling the derivation of indices sensitive to crop 

growth and health. In contrast, radar observations capture structural and dielectric properties of the surface, including 

canopy architecture and soil moisture, and are largely insensitive to atmospheric conditions such as cloud cover, haze, or 

illumination variability. 

The combined use of these datasets is particularly advantageous in regions with frequent cloud contamination, where 

reliance on optical imagery alone often leads to temporal discontinuities and incomplete time series. By incorporating 

radar data, it becomes possible to maintain consistent observation frequencies and improve the temporal density of the 

dataset, which is critical for accurately capturing crop development dynamics. As a result, multi-sensor approaches 

contribute not only to higher classification accuracy but also to increased temporal reliability and spatial completeness of 

agricultural monitoring products. 

In parallel, time-series analysis has emerged as a central methodological advancement in remote sensing-based crop 

mapping. Unlike traditional single-date classification approaches, which rely on spectral information from a limited 
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number of observations, time-series methods exploit dense temporal datasets to characterize the full phenological cycle 

of crops. This enables the identification of crop types based on their temporal signatures, including key growth stages 

such as emergence, peak biomass, and senescence. Such an approach is particularly effective for distinguishing crops 

with similar spectral responses at specific time points but differing growth trajectories and seasonal patterns. 

The incorporation of temporal features—such as phenological metrics, seasonal trends, and rate-of-change indicators—

substantially enhances the discriminative power of classification models. Moreover, multi-year time-series analyses 

facilitate the reconstruction of crop sequences, thereby supporting more accurate and reliable crop rotation mapping. In 

this context, advanced machine learning and deep learning techniques have demonstrated strong capabilities in modeling 

complex temporal dependencies. Algorithms such as recurrent neural networks (RNNs), Long Short-Term Memory 

(LSTM) networks, and temporal convolutional networks (TCNs) are particularly effective in capturing sequential patterns 

and long-term dependencies within satellite data. These approaches not only improve classification accuracy but also 

enable the extraction of higher-level temporal features that are critical for understanding agricultural dynamics. 

Overall, the integration of multi-source satellite data with time-series analytical frameworks represents a significant step 

forward in the development of operational crop monitoring systems. It enhances the capacity to capture both spatial 

heterogeneity and temporal variability in agricultural landscapes, thereby providing a more comprehensive basis for crop 

classification and rotation analysis. 

Despite these significant advances, a number of methodological and practical challenges continue to constrain the 

reliability, accuracy, and scalability of crop rotation mapping based on remote sensing data. One of the most critical 

limitations remains the availability and quality of ground reference data. High-quality, spatially representative, and 

temporally consistent ground truth datasets are essential for both training and validating classification models. However, 

in many regions such data are scarce, fragmented, or subject to inconsistencies due to differences in data collection 

protocols and reporting standards. This scarcity is particularly pronounced in heterogeneous agricultural systems, where 

crop diversity and management variability are high. As a consequence, model calibration may be biased, leading to 

reduced classification performance and increased uncertainty in derived crop rotation patterns. 

Another major challenge is associated with the presence of mixed pixels in fragmented agricultural landscapes. In regions 

characterized by smallholder farming and irregular field boundaries, the spatial resolution of medium-resolution sensors 

such as Sentinel-2 and Sentinel-1 may be insufficient to capture homogeneous land cover within individual pixels. This 

results in spectral and structural mixing of signals from multiple crops or land cover types, thereby complicating 

classification and reducing thematic accuracy. Although the use of higher-resolution imagery, object-based image 

analysis, and parcel-level approaches can mitigate this issue to some extent, these solutions often involve increased 

computational demands and require additional ancillary data, such as accurate field boundary information. 

Model transferability constitutes another significant limitation, particularly in the context of large-scale or cross-regional 

applications. Machine learning models developed and trained in a specific geographic or agro-ecological setting often 

exhibit reduced performance when applied to other regions. This is primarily due to variations in environmental 

conditions, including climate regimes, soil properties, crop varieties, and management practices, all of which influence 

the spectral and temporal signatures captured by satellite sensors. The limited generalizability of models underscores the 

need for more flexible and adaptive approaches, such as domain adaptation, transfer learning, and region-specific 

calibration strategies, which can account for local variability while maintaining scalability. 

Further methodological constraints arise from differences in crop calendars and agricultural management practices. 

Variability in sowing and harvesting dates, irrigation regimes, fertilization practices, and crop rotations introduces 

significant temporal heterogeneity into satellite-derived time series. These variations can alter phenological signatures 

and reduce the consistency of classification results, particularly when applying generalized models across multiple regions 

or years. Addressing this issue requires the incorporation of region-specific phenological knowledge and, where possible, 

the integration of ancillary data such as meteorological observations and agricultural statistics. 

Data quality issues also play a critical role in limiting the effectiveness of remote sensing-based approaches. Optical 

sensors, while providing detailed spectral information, are highly sensitive to atmospheric disturbances, including cloud 

cover, haze, and aerosols, which can lead to missing or unreliable observations. Although gap-filling and compositing 

techniques can partially alleviate these issues, they may also introduce smoothing effects that obscure important temporal 

details. Radar data from Sentinel-1 offer an important alternative due to their all-weather acquisition capability; however, 

they are inherently affected by speckle noise and require sophisticated preprocessing, including filtering and calibration, 

to ensure reliable feature extraction. 

Finally, while the integration of optical and radar datasets provides clear advantages, it also introduces additional 

methodological complexity. Challenges related to data harmonization, feature selection, and the alignment of spatial and 

Proceedings, 10th International Conference on Cartography and GIS, 14-19 June 2026, Nessebar, Bulgaria 
ISSN: 1314-0604, Eds: Marinova S., Bandrova T., Konečný M.

243



temporal resolutions must be carefully addressed to fully exploit the potential of multi-source data. In this context, the 

development of standardized preprocessing workflows, robust feature engineering strategies, and scalable analytical 

frameworks is essential. 

Overall, overcoming these challenges will require continued methodological innovation, improved data integration 

strategies, and the development of adaptable, scalable approaches capable of supporting operational crop rotation mapping 

across diverse agricultural systems and geographic regions. 

Despite these limitations, recent technological and methodological developments have substantially enhanced the 

feasibility of operational crop rotation monitoring at regional and global scales. A key driver of this progress has been the 

emergence of cloud-based geospatial processing platforms, such as Google Earth Engine and Copernicus Data Space 

Ecosystem. These platforms enable the efficient storage, access, and processing of large volumes of satellite data, 

significantly reducing the computational barriers traditionally associated with remote sensing analyses. By providing 

access to extensive historical archives and offering parallel processing capabilities, they facilitate the implementation of 

complex, multi-temporal analytical workflows and support reproducible, scalable research. 

Equally important is the open-access data policy of the Copernicus Programme, which has democratized the use of high-

quality Earth observation data. This accessibility has stimulated innovation, encouraged interdisciplinary collaboration, 

and enabled a wide range of users – from researchers to policymakers – to develop and apply advanced methodologies 

for agricultural monitoring. The continuous availability of harmonized, high-resolution datasets has been particularly 

beneficial for long-term analyses, such as crop rotation mapping, which require consistent observations across multiple 

years. 

Furthermore, the integration of satellite data with ancillary information, including climatic variables, soil characteristics, 

and land management data, has contributed to significant improvements in model performance and interpretability. 

Advances in machine learning, deep learning, and data fusion techniques have enabled the extraction of more meaningful 

patterns from complex, multi-source datasets, thereby enhancing the accuracy and robustness of classification and rotation 

mapping outputs. These methodological innovations have also facilitated the transition from experimental studies to more 

operational, application-oriented systems. 

Nevertheless, important challenges remain. Issues related to data quality, spatial and temporal resolution, model 

transferability, and the availability of reliable validation data continue to affect the consistency and scalability of results. 

Addressing these challenges requires further research focused on improving multi-source data integration, developing 

models capable of generalizing across diverse agro-ecological conditions, and establishing standardized, interoperable 

workflows. 

In summary, while considerable progress has been achieved, the continued advancement of crop rotation mapping 

depends on the development of adaptable and scalable methodologies that can effectively leverage the growing volume 

of Earth observation data. Such efforts are essential for supporting evidence-based agricultural management, enhancing 

food security, and promoting sustainable land use in the context of global environmental change. 

CONCLUSIONS 

Earth observation data provided by the Copernicus Programme constitute a robust and scalable foundation for mapping 

crop rotation patterns across regional to global extents. The continuous availability of high-resolution, multi-temporal 

datasets from sensors such as Sentinel-2 and Sentinel-1 has significantly advanced the capacity to monitor agricultural 

dynamics with improved spatial detail and temporal consistency. These data sources enable the systematic observation of 

crop phenology and facilitate the reconstruction of crop sequences over multiple growing seasons. 

Methodological progress in time-series analysis has been particularly instrumental in capturing the temporal evolution of 

crops, allowing for more accurate differentiation between crop types based on their phenological signatures. At the same 

time, the application of machine learning and deep learning techniques has enhanced the ability to model complex, non-

linear relationships within multi-dimensional datasets. Data fusion approaches, integrating optical and radar observations 

as well as ancillary environmental information, have further improved classification robustness, especially in regions 

affected by cloud cover or characterized by heterogeneous agricultural landscapes. 

Despite these advances, several challenges remain that limit the full operational implementation of crop rotation mapping. 

These include issues related to data quality, spatial resolution constraints, the availability of reliable ground reference 

data, and the transferability of models across diverse agro-ecological contexts. Addressing these limitations requires the 

development of more adaptable and generalizable methodologies capable of accounting for regional variability in 

environmental conditions and agricultural practices. 
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Future research should focus on enhancing the integration of multi-source datasets, including climatic, soil, and 

management information, to improve model performance and interpretability. The development of standardized, 

reproducible workflows and validation protocols is also essential for ensuring the comparability and reliability of results 

across different regions and applications. In addition, advances in cloud computing and large-scale data processing 

platforms offer new opportunities for implementing operational crop monitoring systems that can support real-time 

decision-making. 

In conclusion, continued innovation in remote sensing methodologies, combined with the expanding availability of open-

access Earth observation data, will play a critical role in advancing crop rotation mapping. These developments are 

essential for supporting evidence-based agricultural policies, improving resource management, and promoting sustainable 

land use in the context of ongoing environmental and climate challenges. 
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