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Abstract

Environmental monitoring is essential for understanding ecosystem dynamics, detecting
environmental change, and supporting evidence-based decision-making for sustainable
development. Increasing pressures from climate change, urbanization, deforestation,
pollution, and biodiversity loss have intensified the demand for monitoring approaches that
are accurate, scalable, and capable of handling large and complex datasets. In this context,
machine learning (ML) has emerged as a powerful analytical tool due to its ability to model
non-linear relationships, process high-dimensional data, and generate reliable predictions.
This paper presents a narrative review of ML applications in environmental monitoring,
outlining major paradigms: supervised, unsupervised, semi-supervised, and reinforcement
learning, and examining their relevance across key environmental domains. Core
application areas reviewed include land use and land cover mapping, climate and weather
analysis, air and water quality assessment, and biodiversity monitoring. The review also
evaluates common environmental data sources such as remote sensing imagery, in situ
sensor networks, environmental databases, and citizen science datasets, as well as
emerging data processing platforms. In addition, it discusses challenges related to data
quality, model interpretability, generalization across regions, and computational
constraints, and highlights future directions emphasizing data integration, explainable
artificial intelligence, and operational deployment for sustainable environmental
management.

Keywords: Machine learning, Environmental monitoring, Remote sensing, Environmental
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Introduction deforestation, pollution, and biodiversity

Environmental monitoring plays a loss have intensified the need for timely,
critical role in understanding ecosystem accurate, and scalable monitoring
dynamics,  detecting  environmental approaches (Nakhle et al., 2024).
change, and supporting evidence-based Conventional environmental monitoring
decision-making for sustainable methods, which often rely on field-based
development (Clark and Dickson, 2003; surveys and manual data interpretation,
Wang et al., 2025). Increasing pressures are resource-intensive, time-consuming,
from climate change, urbanization, and spatially limited (Olawade et al.,
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2024). As a result, they are increasingly
complemented by computational
techniques capable of handling large,
complex, and heterogeneous datasets
(Wang et al., 2025).

In recent years, machine learning
(ML) has emerged as a powerful tool for
environmental monitoring due to its
ability to identify patterns, model non-
linear relationships, and make predictions
from large volumes of data (Pichler AND
Hartig, 2023; Zhang et al., 2025).
Machine learning techniques are
particularly well suited to environmental
applications where data are noisy, high-
dimensional, and often incomplete (Caiafa
et al., 2021; Zhong et al., 2021). By
leveraging advances in computational
power, remote sensing technologies, and
data availability, ML methods have been
widely adopted across various
environmental domains, including land
use and land cover mapping, climate
analysis, air and water quality assessment,
disaster risk monitoring, and biodiversity
conservation (Alotaibi and Nassif, 2024).

The integration of machine learning
into environmental monitoring has been
facilitated by the rapid growth of Earth
observation data from satellite platforms,
unmanned aerial  vehicles, sensor
networks, and citizen science initiatives
(Antonelli er al., 2023; Demissie et al.,
2026; Espindola et al., 2025). These data
sources generate continuous streams of
information that exceed the capacity of
traditional analytical methods. Machine
learning algorithms, in contrast, can
process and analyze such data efficiently,
enabling near-real-time monitoring and
improved predictive performance (Brown
et al., 2025).

Despite the growing body of literature
on machine learning applications in
environmental sciences, many studies
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remain fragmented across disciplines and
application areas, limiting synthesis and
cross-domain learning (Valencia-Arias et
al., 2025). There is therefore a need for
integrative  reviews that synthesize
existing knowledge, highlight common
methodological trends, and identify
opportunities  for  future  research.
Narrative reviews are particularly useful
in this context, as they provide a broad
overview of concepts, tools, and
applications  without the restrictive
requirements of systematic review
protocols (Grant and Booth, 2009;
Grgnstad, 2026).

This review provides a narrative
synthesis of machine learning applications
in environmental monitoring. It focuses on
commonly used algorithms, key
application areas, data sources, and
emerging challenges. By summarizing
current practices and research directions,
the paper aims to serve as a reference for
researchers, practitioners, and
policymakers interested in leveraging
machine learning for environmental
monitoring and management.

Metadata Analysis of the Reviewed
Literature

To provide an analytical overview of
the reviewed studies and enhance the
technical depth of this narrative review, a
metadata assessment was conducted on all
cited references (n = 69). The literature
was manually classified according to
publication year, application domain,
machine learning (ML) paradigm, and
geographic focus. The objective was not
to perform a full bibliometric analysis, but
rather to identify general trends that
contextualize the evolution and scope of
ML applications in environmental
monitoring.



Ethiopian Journal of Environmental Studies and Management Volume 19 No.2, 2026

The  temporal  distribution  of
publications (Figure 1) reveals a marked
increase in research output after 2020,
with a strong concentration of studies
published between 2022 and 2025. This

trend reflects the rapid integration of
advanced ML techniques with expanding
environmental datasets and computational
platforms.
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Fig. 1: Annual publication trend of reviewed studies (n = 69) on machine learning

applications in environmental monitoring

Analysis by application domain
(Figure 2) indicates that land use and land
cover (LULC) mapping and remote
sensing—based monitoring constitutes the
largest proportion of studies, followed by

applications, and climate and weather
monitoring. Biodiversity and ecosystem
studies also represent a significant share,
while urban sustainability and cross-
domain environmental Al reviews form

water  quality and  hydrological smaller but growing categories.
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Fig. 2: Distribution of reviewed studies by environmental application domain
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With respect to methodological trends
(Figure  3), supervised  learning
approaches dominate the literature,
particularly ensemble methods and neural
networks, while deep learning methods
show increasing adoption.  Semi-

supervised and reinforcement learning
applications ~ remain  comparatively
limited. Geographic distribution (Figure
4) demonstrates broad global engagement,
with notable concentrations in Asia and
Europe.
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Fig. 3: Distribution of reviewed studies by dominant machine learning paradigm
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Fig. 4: Geographic distribution of reviewed studies by primary study region.

Overview of Machine Learning
Paradigms

Machine learning refers to a class of
computational techniques that enable
systems to learn patterns and relationships
from data without being explicitly
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programmed (Janiesch ef al., 2021). In
environmental monitoring, ML algorithms
are employed to classify, regress, cluster,
and predict environmental variables based
on observed data (Jemeljanova et al.,
2024; Koldasbayeva et al., 2024; Olawade
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et al., 2024; Roy et al., 2025). Depending
on the learning strategy and availability of
labeled data, machine learning approaches
are broadly categorized into supervised,
unsupervised, semi-supervised, and
reinforcement learning (Obaido et al.,
2024).

Supervised Learning

Supervised learning is the most
widely used machine learning paradigm in
environmental monitoring. It involves
training algorithms using labeled datasets,
where  both  input features and
corresponding target outputs are known.
Common supervised learning tasks
include classification and regression.

In  environmental  applications,
supervised learning has been extensively
applied to land use and land cover
classification, species distribution
modeling, air quality prediction, and
surface temperature estimation (Li et al.,
2024; Olawade et al., 2024. Algorithms
such as linear regression, decision trees,
random forests, support vector machines,
and artificial neural networks are
frequently employed (Ikuemonisan et al.,
2025; Loukika et al., 2021; Maurya and
Pandey, 2026). Among these, ensemble
methods such as random forests are
particularly popular due to their
robustness to noise, ability to handle non-
linear relationships, and relatively low
sensitivity to overfitting (Ojwang et al.,
2024; Tahir et al., 2025).

Supervised learning models rely
heavily on the quality and
representativeness of training data. In
many environmental contexts, collecting
labeled data through field surveys or
expert annotation can be challenging and

expensive  (Song et al, 2025).
Nevertheless, supervised approaches
remain  dominant due to their

interpretability and strong predictive
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performance when adequate training data
are available (Cacciarelli and Kulahci,
2024).
Unsupervised Learning

Unsupervised learning techniques are
used when labeled data are unavailable or
limited. These methods aim to identify
inherent structures, patterns, or groupings
within the data. Common unsupervised
learning algorithms include k-means
clustering, hierarchical clustering, self-

organizing  maps, and  principal
component analysis.
In environmental monitoring,

unsupervised learning is often applied to
exploratory data analysis, anomaly
detection, and dimensionality reduction
(Russo et al., 2020). For example,
clustering techniques have been used to
identify vegetation types, climate zones,
and pollution hotspots without prior class
labels (Drogkoula et al., 2023; Khanam et
al., 2025; Wang and Biljecki, 2022).
Dimensionality reduction methods are
also employed to simplify complex
environmental datasets by reducing
redundancy among correlated variables,

particularly in  multispectral  and
hyperspectral remote sensing data
(Jarocinska et al., 2024). While

unsupervised learning provides valuable
insights, its outcomes can be difficult to
interpret and validate due to the absence of
ground truth data. As a result,
unsupervised methods are frequently used
in  combination  with  supervised
approaches to improve interpretability and
performance (Montavon et al., 2022).
Semi-Supervised Learning
Semi-supervised learning represents a
hybrid approach that combines a small
amount of labeled data with a large
volume of unlabeled data. This paradigm
is particularly relevant in environmental
monitoring, where labeled datasets are
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often scarce, but unlabeled data from
remote sensing platforms and sensor
networks are abundant (Cipriano et al.,

2025). Semi-supervised learning
techniques leverage the structure of
unlabeled data to improve model

performance and generalization. These
methods have been applied in land cover
classification, habitat mapping, and
environmental change detection (Cipriano
et al., 2025). By reducing reliance on
extensive  labeled  datasets, semi-
supervised learning offers a cost-effective
alternative for large-scale environmental
monitoring (Sun et al., 2022).
Reinforcement Learning

Reinforcement learning involves
training an agent to make decisions
through interaction with an environment
by maximizing a cumulative reward.
Although less commonly applied than
supervised and unsupervised learning,
reinforcement learning has  shown
potential in environmental management
and monitoring tasks that involve
sequential decision-making (Alotaibi and
Nassif, 2024). Examples include adaptive
environmental  sampling, ecosystem
management, and optimization of
monitoring strategies (Zuccotto et al.,
2024). Reinforcement learning models
can learn optimal policies over time,
making them suitable for dynamic
environmental systems. However, their
application in environmental monitoring
remains limited due to high computational
demands and the complexity of defining
appropriate reward functions (Zuccotto et
al., 2024).
Applications of Machine Learning in
Environmental Monitoring

Machine learning techniques have
been applied across a wide range of
environmental monitoring domains. Their
versatility allows them to address diverse
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challenges related to spatial analysis,
temporal  prediction, and  pattern
recognition in complex environmental
systems (Alotaibi and Nassif, 2024;
Olawade et al., 2024).

Land Use and Land Cover Mapping

Land use and land cover (LULC)
mapping is one of the most established
applications of machine learning in
environmental monitoring (Alegbeleye et
al., 2024; Bayable et al., 2025). Accurate
LULC information is essential for urban
planning, ecosystem assessment, climate
modeling, and  natural  resource
management (Gaur and Singh, 2023).
Machine learning algorithms are widely
used to classify satellite imagery into
different land cover categories based on
spectral, spatial, and temporal features
derived from remote sensing data (Zafar et
al., 2024).

Supervised classification —methods
such as random forests, support vector
machines, and neural networks have
demonstrated high accuracy in LULC
mapping across diverse geographic
regions. These models are capable of
handling  high-dimensional  remote
sensing data and capturing complex
relationships between spectral signatures
and land cover classes (Azedou et al.,
2023). Time-series machine learning
approaches have also been employed to
detect land cover changes and monitor
urban expansion and deforestation over
time (Azedou et al., 2023).

Climate and Weather Monitoring

Machine learning has increasingly

been wused in climate and weather
monitoring to model complex
atmospheric processes and improve

prediction accuracy (Zhang et al., 2025).
ML algorithms have been applied to
temperature forecasting, rainfall
estimation, drought monitoring, and
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extreme weather event detection (Ojo and
Ogunjo, 2022; Yang et al., 2024).

By integrating historical climate data
with remote sensing observations,
machine learning models can identify
non-linear patterns that are difficult to
capture using traditional statistical
methods (Ojo and Ogunjo, 2022). These
approaches have been particularly useful
in downscaling climate models and filling
gaps in observational datasets, thereby
enhancing spatial and temporal resolution
of climate information (Zhu et al., 2025).
Air and Water Quality Assessment

Monitoring air and water quality is
critical for protecting public health and
ecosystems (Zou et al., 2025). Machine
learning models have been widely used to
predict pollutant concentrations, identify
pollution sources, and assess water quality
parameters using both in situ and remotely
sensed data (Li et al., 2025). Algorithms
such as regression models, neural
networks, and ensemble methods are
commonly employed to model
relationships  between environmental
variables and pollution indicators (Zou et
al., 2025).

In urban environments, machine
learning has been applied to integrate data

from ground-based sensors, satellite
observations, and meteorological
variables to improve air quality

monitoring and forecasting (Li et al,
2025). Similarly, water quality
assessments have benefited from ML-
based analysis of physicochemical
parameters and remote sensing data,
enabling more efficient and scalable
monitoring of aquatic system (Anand et
al., 2024).
Biodiversity and Ecosystem Monitoring
Machine learning plays an important
role in biodiversity monitoring and
ecosystem  assessment.  Applications
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include species distribution modeling,
habitat suitability analysis, and automated
species identification (Moradi et al., 2025;
Zare et al., 2024). By combining species
occurrence records with environmental
variables, ML models can predict species
distributions and assess the impacts of
environmental change on biodiversity
patterns (Moradi et al., 2025).

Advances in image and acoustic
recognition have also enabled automated
monitoring of wildlife using camera traps
and audio recordings (Buxton et al.,
2018). These approaches reduce the need
for manual data processing and enhance
the scalability and efficiency of
biodiversity monitoring efforts,
particularly in large or remote landscapes
(Buxton et al., 2018).

Environmental Data Sources and
Platforms

The effectiveness of machine learning
applications in environmental monitoring
is strongly influenced by the availability,
quality, and diversity of data sources
(Olawade er al., 2024). Advances in Earth

observation technologies, sensor
networks, and data-sharing platforms have
significantly ~ expanded  access to

environmental data (Kumar er al., 2024).
These datasets vary in spatial resolution,
temporal frequency, and thematic content,
making them suitable for different
monitoring objectives. Machine learning
techniques are increasingly used to
integrate and analyze these heterogeneous
data sources to generate actionable
environmental insights (Kumar et al,
2024).
Remote Sensing Data

Remote sensing is one of the most
important data sources for machine
learning—based environmental monitoring
(Nguyen et al., 2021). Satellite and
airborne sensors provide continuous,
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large-scale observations of the Earth’s
surface and atmosphere. These data are
particularly valuable for monitoring land

cover, vegetation dynamics, surface
temperature, water bodies, and
atmospheric conditions

(Andriambololonaharisoamalala et al.,
2025).

Optical satellite imagery from
multispectral and hyperspectral sensors is
widely used for land use and land cover
classification, vegetation analysis, and
environmental change detection. Machine
learning models are trained on spectral
bands, vegetation indices, and texture
features derived from these images to
classify environmental features and
monitor temporal changes. Hyperspectral
data, with their high spectral resolution,
enable detailed characterization of surface
materials but also introduce high
dimensionality, which 1is effectively
handled using machine learning and
dimensionality reduction techniques (Li et
al., 2022).

Radar remote sensing, including
synthetic aperture radar (SAR), provides
complementary information to optical
imagery. SAR data are particularly useful
in regions with frequent cloud cover and
for applications such as forest structure
assessment, flood mapping, and soil
moisture estimation (Liu, 2025). Machine
learning algorithms have been applied to
extract meaningful features from radar
backscatter and  polarization  data,
improving classification accuracy and
robustness under varying environmental
conditions (Shen et al., 2023).

Thermal remote sensing data are
commonly used in surface temperature
analysis and urban heat island studies
(Liu, 2025). Machine learning models
integrate thermal bands with land cover
and meteorological variables to estimate
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land surface temperature and assess heat-
related environmental risks (Shen et al.,
2023). The increasing availability of high-
temporal-resolution satellite data has
further enhanced the applicability of
machine learning for near-real-time
environmental monitoring (Nguyen et al.,
2021).

In-situ and Sensor-Based Data

In situ observations and sensor
networks provide ground-based
measurements that are essential for
calibrating, validating, and
complementing remote sensing data
(Pause et al., 2016. These datasets include
meteorological observations, air and water
quality measurements, soil properties, and
hydrological variables. Although spatially
limited compared to satellite data, in situ
measurements offer high accuracy and
temporal resolution (Ortenzi et al., 2024).

Machine learning techniques are
widely used to integrate sensor data with
remote sensing observations to improve
prediction accuracy (Li et al., 2022). For
example, air quality monitoring systems
combine data from ground-based sensors,
satellite  observations, and weather
stations to model pollutant concentrations
across urban and regional scales (Wu et
al., 2024). Similarly, hydrological
monitoring  benefits from machine
learning—based analysis of streamflow,
precipitation, and water quality data
collected from sensor network (Zhu et al.,
2022).

The growth of Internet of Things (IoT)
technologies has further expanded the
availability of real-time environmental
sensor data (Zhu er al., 2022). Machine
learning models can process continuous
data streams from sensor networks to
detect anomalies, forecast environmental
conditions, and support early warning
systems.  These  applications  are



Ethiopian Journal of Environmental Studies and Management Volume 19 No.2, 2026

particularly  relevant  for  disaster
monitoring, pollution detection, and
climate-related risk assessment (Olawade
et al., 2024).
Climate and Environmental Databases
Global and regional climate databases
provide long-term records of
environmental variables that are essential
for trend analysis and predictive modeling
(Olawade et al., 2024). These datasets
include  temperature, precipitation,
humidity, wind speed, and other climatic
parameters derived from observational
records and reanalysis products. Machine
learning models use these data to analyze
historical trends, predict future conditions,
and assess climate variability and
extremes (Zhu et al., 2022).
Environmental databases also include
land cover maps, soil datasets,
biodiversity records, and hydrological
datasets compiled by research institutions
and international organizations
(Alegbeleye et al., 2024). The availability
of standardized and openly accessible
databases has facilitated the application of
machine learning across different
environmental domains (Olawade et al.,
2024; Valencia-Arias et al., 2025). By
combining multiple datasets, ML models
can capture complex interactions among
environmental variables and improve
predictive performance.
However, environmental databases often
contain missing values, inconsistencies,
and uncertainties. Machine learning
techniques such as data imputation,
feature selection, and ensemble modeling
are commonly employed to address these
challenges (Hasan et al., 2021). The
ability of ML algorithms to handle
imperfect data makes them particularly
suitable for environmental applications
where data quality may vary across space
and time (Zhu et al., 2022).
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Citizen Science and Crowdsourced Data

Citizen science initiatives and
crowdsourced data platforms have
emerged as valuable sources of

environmental information (Alfonso et
al., 2022). These data are generated by
volunteers and community members
through observations, mobile
applications, and online platforms.
Examples include species occurrence
records, pollution reports, and
environmental  hazard  observations
(Hognogi et al., 2023).

Machine learning plays a critical role
in processing and validating citizen
science  data, which are often
characterized by varying levels of
accuracy and completeness (Alfonso et
al., 2022. ML algorithms are used to filter
noise, identify outliers, and assess data
reliability. In biodiversity monitoring, for
instance, machine learning—based image
recognition tools assist in species
identification from photographs submitted
by citizen scientists (Hognogi et al.,
2023).

The integration of citizen science data
with traditional monitoring datasets
enhances spatial coverage and supports
participatory environmental monitoring
(Alfonso et al., 2022). While challenges
related to data quality and standardization
remain, machine learning provides
effective tools for extracting meaningful
information from crowdsourced (Zhu et
al., 2022).

Data Processing and Analysis Platforms

The  increasing  volume  and
complexity of environmental data have
led to the development of cloud-based
platforms and computational tools that
support machine learning—based analysis
(Alotaibi and Nassif, 2024; Olawade et
al., 2024). These platforms enable users to
access, process, and analyze large datasets
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without the need for extensive local
computing resources.

Cloud-based geospatial platforms
facilitate the integration of satellite
imagery, climate data, and machine
learning algorithms for large-scale
environmental monitoring (Olawade et
al., 2024). Machine learning workflows
implemented on these platforms support
tasks such as image classification, time-
series analysis, and environmental
modeling. The availability of application
programming interfaces (APIs) and open-
source libraries has further lowered the
barrier to entry for researchers and
practitioners (Davison et al., 2025). In
addition to cloud platforms, open-source
programming environments and machine
learning libraries provide flexible tools for
environmental data analysis. These tools
support a wide range of algorithms and
visualization techniques, enabling
researchers to customize models for
specific monitoring objectives. The
combination of accessible data platforms
and machine learning tools has
significantly accelerated research and
operational applications in environmental
monitoring (Zhu et al., 2022).
Challenges, Limitations, and Future
Directions

Despite the growing adoption of
machine learning in environmental
monitoring, several challenges and
limitations continue to constrain its
effectiveness and broader application.
These challenges relate to data quality,
model interpretability, computational
demands, and the practical integration of
machine learning outputs into
environmental decision-making processes
(Alotaibi and Nassif, 2024; Olawade et
al., 2024).

Data Quality and Availability
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One of the primary challenges in
applying machine learning to
environmental monitoring is the quality
and availability of data. Environmental
datasets are often characterized by
missing values, measurement errors,
spatial and temporal inconsistencies, and
varying resolutions (Zhu et al., 2022). In
many regions, particularly in developing
countries, long-term and high-resolution
environmental data remain limited
(Ayanlade et al., 2022).

Machine learning models are highly
dependent on the quality of input data, and
poor data quality can lead to biased or
unreliable predictions (Mohammed et al.,
2025). While techniques such as data
preprocessing, imputation, and
normalization can mitigate some of these
issues, they do not fully -eliminate
underlying data limitations. Improving
data collection infrastructure, promoting
open data policies, and enhancing data
standardization remain critical priorities
for advancing ML-based environmental
monitoring (Zhu et al., 2022).

Model Interpretability and Transparency

Another significant limitation of
machine learning models, especially
complex algorithms such as deep neural
networks, is their lack of interpretability.
Many ML models operate as ‘“black
boxes,” making it difficult to understand
how input variables influence predictions.
This lack of transparency poses challenges
for environmental decision-making,
where interpretability and accountability
are essential (Cipriano et al., 2025).

In environmental monitoring
applications, stakeholders often require
clear explanations of model outputs to
support  policy  formulation  and
management actions. Although
interpretable machine learning techniques
and model explanation tools have been
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developed, their adoption in
environmental studies remains limited
(Zhu et al., 2022). Future research should
prioritize the development and application

of  explainable = machine learning
approaches that balance predictive
accuracy with interpretability

(Mohammed et al., 2025.
Generalization and Transferability

Machine learning models trained in
one geographic region or environmental
context may not perform well when
applied elsewhere. Differences in climate,
land cover, sensor characteristics, and
socio-environmental conditions can limit
model transferability. This challenge is
particularly relevant for global and
regional  environmental = monitoring
initiatives.

Addressing  generalization  issues
requires the development of models that
are robust to spatial and temporal
variability. Techniques such as transfer
learning, domain  adaptation, and
ensemble modeling offer promising
solutions, but their practical
implementation in environmental
monitoring is still evolving (Zhu et al.,
2022). Ensuring that machine learning
models can generalize across diverse
environmental conditions remains an
important research direction (Mohammed
et al., 2025).

Computational and Technical Constraints

The application of advanced machine
learning models often requires substantial
computational resources and technical
expertise. High-resolution remote sensing
data, deep learning architectures, and
large-scale environmental datasets can be
computationally intensive to process and
analyze. These requirements may limit the
adoption of ML-based approaches in
resource-constrained settings.
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While cloud computing platforms and
open-source  tools have improved
accessibility, challenges related to internet
connectivity, data storage, and technical
capacity persist. Capacity building,
training, and the development of user-
friendly tools are essential for enabling
wider adoption of machine learning in
environmental monitoring, particularly in
low- and middle-income regions (Zhu et
al., 2022).

Future Directions

Future research in machine learning—
based environmental monitoring is
expected to focus on improved data
integration, model transparency, and
operational deployment. The integration
of multi-source and multi-scale data,
including remote  sensing,  sensor
networks, and socio-economic datasets,
will enhance the ability of ML models to
capture complex environmental processes
(Brown et al., 2025; Olawade et al., 2024).

Advances in explainable artificial
intelligence are likely to play an important
role in improving trust and usability of
machine learning models in
environmental. In addition, the
incorporation of domain knowledge and
hybrid modeling approaches that combine
physical models with machine learning
techniques may  improve  model
robustness and interpretability.

The development of real-time and
near-real-time monitoring systems
represents another promising direction.
By leveraging streaming data and adaptive
machine learning models, environmental
monitoring systems can support early
warning, rapid response, and adaptive
management. As computational tools and
data availability continue to improve,
machine learning is expected to become
an increasingly integral component of
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environmental monitoring frameworks
(Zhu et al., 2022).

Conclusion

Machine learning has emerged as a
transformative tool in environmental
monitoring, offering powerful capabilities
for analyzing complex, large-scale, and
heterogeneous datasets. Its applications
span a wide range of environmental
domains, including land use and land
cover mapping, climate and weather
monitoring, air and water quality
assessment, and biodiversity
conservation. By enabling more accurate
predictions and efficient data analysis,
machine learning supports improved
understanding and management of
environmental systems.

This narrative review has provided an
overview of key machine learning
paradigms, major application areas, and
commonly wused environmental data
sources. It has also highlighted challenges
related to data quality, model
interpretability,  generalization,  and
computational constraints. While these
limitations remain significant, ongoing
advances in data collection, algorithm
development, and computational
infrastructure continue to expand the
potential of machine learning in
environmental monitoring.

As environmental challenges become
increasingly complex and interconnected,
the role of machine learning in supporting
evidence-based decision-making is likely
to grow. Continued collaboration between
environmental scientists, data scientists,
and policymakers will be essential for
translating machine learning research into
practical monitoring and management

solutions. By  addressing  current
limitations and embracing emerging
opportunities, machine learning can
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contribute meaningfully to more effective
and sustainable environmental monitoring
systems.
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