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Monitoring vegetation cover changes and environmental anomalies is essential for ecosystem
management, precision agriculture, and early warning systems. Given the complexity of spatiotemporal
environmental patterns, multi-temporal satellite data offer an efficient approach to track gradual and
abrupt changes. In this study, time-series data from the Sentinel-2 sensor and spectral indices NDVI, EVI,
and NBR are used as indicators sensitive to chlorophyll content and severe disturbances, along with
lightweight, unsupervised algorithms Isolation Forest, Local Outlier Factor (LOF), and One-Class Support
Vector Machine to identify anomalies. Model performance evaluation shows that the Isolation Forest
algorithm provides the most balanced and robust performance (Accuracy = 0.886, Precision = 0.065,
Recall = 0.250, F1 = 0.103). The Local Outlier Factor algorithm demonstrated higher sensitivity to
localized patterns but had lower stability in noisy data (F1 = 0.069). The One-Class SVM adopted a more
conservative labeling approach and was mostly effective at detecting severe disturbances, especially with
the NBR index (F1 = 0.035). Overlap and Distinction Analysis of Indices that NDVI captures gradual
chlorophyll decline, EVI performs better in dense vegetation, and NBR plays a crucial role in identifying
severe events such as wildfires and droughts. The concurrent use of these indices broadens the detectable
range from subtle fluctuations to large-scale disturbances. Findings show that integrating freely available
Sentinel-2 data with lightweight machine learning models yields a scalable, reproducible, and efficient
framework for large-scale environmental anomaly monitoring. This approach minimizes reliance on
costly field data and enables practical applications in drought monitoring, environmental-crisis
management, ecosystem health assessment, and smart agricultural planning. For future work, integrating
moisture- and temperature-related spectral data, higher temporal resolution time series, and metaheuristic
parameter tuning is recommended to further enhance robustness and accuracy.

Introduction

assessment, and anomaly detection (Hosseini et al.,

In recent years, remote sensing and satellite image
processing have become key tools in Earth sciences, with
wide applications in precision agriculture, natural
resource management, environmental monitoring, land-
use change analysis, and climate assessment (Tempa et
al., 2024). Owing to their broad spatial coverage, suitable
temporal revisit, and acceptable spatial resolution, multi-
temporal satellite images enable continuous monitoring
and timely updating of environmental information
(Abdalla Mahmoud et al., 2025). In agricultural studies,
remote sensing techniques have demonstrated strong
capabilities in crop growth monitoring, vegetation health

2022). One of the major challenges in remote sensing
data analysis is the identification of anomalies or
abnormal patterns caused by factors such as pests,
diseases, nutrient deficiencies, and sudden environmental
disturbances. Timely detection of these anomalies plays
a critical role in improving agricultural management and
productivity (Zhao et al., 2022). In this context, machine
learning methods have been increasingly adopted as
automated and effective solutions for anomaly detection
in satellite imagery (Schiller et al., 2024). Lightweight
and unsupervised algorithms, including Isolation Forest,
Local Outlier Factor, and One-Class Support Vector
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Machine, are particularly suitable for large-scale
environmental analysis due to their low computational
cost and minimal reliance on labeled data (Khan et al.,
2023).

Recent advances in satellite missions have led to the
availability of large volumes of high-resolution multi-
temporal data. Sentinel-2 imagery from the European
Space Agency, with spatial resolutions ranging from 10
to 60 m and a five-day revisit cycle, has become one of
the most important data sources for vegetation
monitoring (Ju et al., 2025; Descals et al., 2025).
Compared to earlier optical missions such as Landsat,
Sentinel-2 offers enhanced spectral and spatial
capabilities, enabling more accurate detection of
vegetation dynamics, soil conditions, and surface
changes. Among spectral indices, the Normalized
Difference Vegetation Index (NDVI) remains the most
widely used indicator for vegetation condition
assessment, while other indices such as EVI and NBR
provide complementary information for dense vegetation
and severe disturbances.

Despite existing studies on vegetation anomaly
detection in Iran, most have focused on a single spectral
index and lack a systematic comparison of machine
learning algorithms. Therefore, there is a clear need for a
comprehensive framework that integrates multiple
spectral indices and evaluates the performance of
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different unsupervised learning approaches. In this study,
the Moghan Plain one of Iran’s major agricultural
regions, is selected as the study area. The main objective
is to compare the performance of Isolation Forest, Local
Outlier Factor, and One-Class Support Vector Machine
for unsupervised detection of vegetation anomalies using
multi-temporal Sentinel-2 data, contributing to the
development of scalable and reproducible monitoring
systems for precision agriculture.

Materials and Methods

The Moghan Plain is one of Iran’s major agricultural
regions, located in the northwest of the country within
Ardabil Province, along the border with the Republic of
Azerbaijan. Bounded by the Aras River to the north and
the Sabalan Mountains to the west, the plain covers
approximately 2,500-3,000 kmz2 and is characterized by
a cold semi-arid climate. Annual precipitation averages
300-350 mm, with warm, dry summers and cold winters.
Fertile soils, extensive irrigation infrastructure, and
favorable agro-climatic conditions have made the region
a key production zone for strategic crops such as wheat,
barley, maize, and oilseeds. Due to its sensitivity to
climatic variability, drought, pests, and water stress, the
Moghan Plain represents a suitable case study for
satellite-based vegetation monitoring.
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Fig. 1. Overview map of the study area (Moghan Plain).

This study utilizes multi-temporal Sentinel-2 Level-
2A imagery (2020-2022) with a final spatial resolution
of 10 m. After cloud masking, mosaicking, and band
selection, three spectral indices NDVI, EVI, and NBR—
were computed to capture complementary aspects of
vegetation condition and disturbance. The SWIR2 band
was resampled to ensure spatial consistency prior to
index calculation. Unsupervised machine learning
algorithms, including Isolation Forest, Local Outlier
Factor, and One-Class Support Vector Machine, were
implemented in Python to detect vegetation anomalies
without labeled training data. A reference dataset was
generated by integrating high-resolution imagery, local
reports, and visual interpretation of index time series.
Model performance was evaluated using Accuracy,
Precision, Recall, and F1-score, with particular emphasis
on F1 due to class imbalance in anomaly detection tasks.

Results and Discussion

Temporal analysis of NDVI, EVI, and NBR series
revealed distinct seasonal and interannual variations
across the Moghan Plain. NDV I exhibited a clear cyclical
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pattern corresponding to the agricultural growing season,
peaking between May and August. EVI provided better
discrimination in areas with dense vegetation cover.
while NBR effectively captured extreme drought and
burnt patches.

The three algorithms vyielded varying sensitivity to
spatial and temporal anomalies (Table 1). The Isolation
Forest algorithm outperformed the others, achieving an
F1-score of 0.103, with Precision = 0.065 and Recall =
0.250. It effectively detected both moderate and severe
vegetation disturbances while maintaining robustness
against noise. LOF was more responsive to local
deviations but showed instability in noisy spectral
regions, leading to higher false positives. OC-SVM
displayed a conservative behavior with lower recall but
fewer false alarms—making it suitable for applications
where Type | errors are costly. A statistical comparison
of the performance of the three algorithms is presented in
Figure 2.
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Table 1. Performance results of three algorithms

Algorithm Accuracy Precision Recall F1
Isolation Forest 0.886 0.065 0.250 0.103
One-Class SVM 0.879 0.022 0.083 0.035
Local Outlier Factor 0.882 0.043 0.167 0.069

Comparison of Statistical Metrics for Algorithms
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Fig. 2. Comparison chart of three algorithms

These results align with previous studies emphasizing
the robustness of Isolation Forest in NDVI-based
anomaly detection (Zhao et al., 2022; Khan et al., 2023).
Moreover, the joint use of NDVI, EVI, and NBR
improved sensitivity across vegetation conditions,
reducing false positives caused by phonological
variations.

Conclusions

This study proposed a data-driven framework for
environmental anomaly detection using multi-temporal
Sentinel-2 imagery and unsupervised machine learning
algorithms. The results demonstrate that integrating
NDVI, EVI, and NBR with the Isolation Forest algorithm

One-Class SVM
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Local Outlier Factor

provides a robust capability for detecting vegetation
anomalies across different temporal scales. Compared to
Local Outlier Factor and One-Class Support Vector
Machine, Isolation Forest achieved a better balance
between anomaly detection sensitivity and false alarm
control, making it well suited for environmental
monitoring, agricultural management, and early warning
applications.

The use of freely available Sentinel-2 data and open-
source, cloud-based processing environments enhances
the reproducibility and scalability of the proposed
framework. Although absolute values of performance
metrics such as Fl1-score were relatively low due to
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severe class imbalance and the inherent nature of
unsupervised anomaly detection, the relative comparison
of algorithms remains reliable. Model outputs were
generated at the pixel level, enabling spatial
representation of anomalies, while the primary focus of
the study was on temporal analysis. The main limitation
of this research is the lack of extensive ground-truth data,
which can be addressed in future studies through the
integration of field observations and multi-source
reference data.

Overall, the findings indicate that combining multiple
vegetation indices with lightweight machine learning
models provides an efficient, reproducible, and cost-
effective approach for environmental anomaly detection,
particularly in regions with limited financial and
infrastructural resources. Future research should explore
the inclusion of additional spectral indices (e.g., moisture
and thermal indicators), multi-source data fusion (e.g.,
Sentinel-1 and Sentinel-2), deep learning architectures
for spatiotemporal modeling, and metaheuristic
optimization methods for automatic parameter tuning, in
order to further enhance the robustness and performance
of the proposed framework.
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Fig. 14. NBR Anomaly detection chart with local outlier factor algorithm
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Fig. 15. Comparison chart of three algorithms
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