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Random  Forest, Jeffries- Introduction

Matusita, Kappa coefficient, Agricultural production is critical to global food security, resource management, and
Machine learning sustainable development. Accurately estimating the cultivated area of crops is essential
for optimizing agricultural policies, resource allocation, and climate adaptation
strategies. Traditionally, field surveys have been the primary method of estimating
cultivated areas, but these approaches are time-intensive, costly, and lack scalability.
The advent of remote sensing technology, coupled with machine learning algorithms,

offers an efficient alternative for large-scale agricultural monitoring. This study used

Sentinel-1 radar and Sentinel-2 optical satellite imagery to assess the potential of

Rece;\;ﬂ;ién 2025 combining multi-temporal datasets to classify land cover and changes in cultivation

patterns. The study focused on the Qazvin Plain in Iran, an agricultural region highly

Revised: influenced by climatic variability and resource constraints. By employing the Random

10 Mar 2025 Forest (RF) algorithm, we aimed to evaluate its performance in improving classification

accuracy for various land-use classes and understanding trends in cultivation over a

Accepted: decade. This investigation addresses the critical gaps in precision agriculture, where
15 Mar 2025 integrating multi-source data remains a challenge.
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Investigating the Changes in the Major Cultivated Area of Y

Materials and Methods

The study was conducted in the Qazvin irrigation network, covering approximately 60,000 hectares
of farmland. Data acquisition was performed using Sentinel-2 (optical) and Sentinel-1 (radar)
satellite imagery spanning ten years (2013—2023). Sentinel-2 imagery provided spectral indices
such as NDVI, SAVI, and LAI, while Sentinel-1 data added complementary structural information
due to its sensitivity to vegetation morphology. These datasets were pre-processed in Google Earth
Engine, including steps such as spatial cropping, temporal filtering, and noise reduction for radar
data using a median focal filter. Ground truth data were collected through field surveys, including
georeferenced samples for six land-use classes: wheat-barley, alfalfa, maize, bare land, fallow,
and urban areas. These data were split into training (70%) and testing (30%) subsets to ensure
robust model validation. The RF algorithm, known for its resilience against overfitting and ability
to handle high-dimensional data, was applied using 100 trees to classify the datasets. Performance
metrics, including overall accuracy, kappa coefficient, and class-specific precision, were derived
from confusion matrices. Additionally, the Jeffries-Matusita (JM) separability index was employed

to evaluate spectral distinguishability among land-use classes.

Results and Discussion

The RF algorithm demonstrated excellent performance in classifying land-use categories, achieving
an overall accuracy of 99.69% for autumn cultivation and 98.93% for spring cultivation. The kappa
coefficients, 0.996 and 0.980 for autumn and spring, indicated near-perfect agreement between
classified and ground-truth data. Combining Sentinel-1 and Sentinel-2 datasets significantly
enhanced classification accuracy, particularly for classes with spectral overlaps, such as alfalfa and
fallow land. The JM separability test highlighted that combining optical and radar data substantially
improved the distinguishability of classes, with separability scores for most classes exceeding the
threshold of 1.8. Classes such as bare land and maize demonstrated complete separability, whereas
alfalfa showed moderate overlap with other categories, emphasizing the importance of radar data in
resolving ambiguities.

Temporal analysis revealed significant changes in cropping patterns over the decade. Spring
cultivation exhibited an increasing trend in maize cultivation due to its resilience to climatic stress
and economic viability. Conversely, alfalfa cultivation declined, likely linked to its higher water
demand amid diminishing water resources. For autumn cultivation, wheat and barley showed a
consistent increase, reflecting their relative tolerance to climate variability and government support
for staple crops. The impact of socio-economic factors, such as the COVID-19 pandemic, was also
evident in increased fallow land during 2020, attributed to labor shortages and reduced agricultural

activity.
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Conclusion

This research underscores the utility of combining Sentinel-1 and Sentinel-2 datasets with machine-
learning techniques like RF for precision agriculture. The approach enhanced the accuracy of
cultivated area estimation and provided actionable insights into land use dynamics in the Qazvin
Plain. These findings align with prior studies emphasizing the value of multi-source data integration
and machine learning in improving agricultural monitoring.

The study recommends exploring additional machine-learning algorithms and integrating
complementary data sources, such as high-resolution drone imagery, to enhance classification
accuracy further. It also highlights the necessity of adaptive cropping patterns and efficient resource
management to mitigate the impacts of climate change. The proposed methodology is a scalable
solution for agricultural monitoring, offering the potential for application in similar agroecological
contexts worldwide. This work addresses current challenges in land-use monitoring and provides
a roadmap for future research in precision agriculture, balancing technological advancements with

environmental and socio-economic considerations.
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