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Abstract—Forest monitoring has become increasingly
difficult as pressures from land-use change, climate
variability, and illegal activities continue to grow. Much of
the existing monitoring still depends on field surveys and
manual interpretation, which are costly and hard to
maintain over large or remote forest areas. Because of these
limitations, artificial intelligence has been explored in recent
years as a supporting tool for forest conservation. This
paper brings together recent studies that use Artificial
Intelligence (AI) for forest-related applications. The work
reviewed includes satellite- and UAV-based change
detection, wildlife monitoring using camera traps and
acoustic sensors, and predictive models used to assess
deforestation, fire risk, and illegal activities. The article also
explains how these approaches are integrated with sensor
networks, edge computing, and cloud platforms. Looking
into the reviewed studies, it has been identified that Al is
employed to automate the analysis of the collected
information as well as to manage large amounts of
ecological information. Even though the performance of Al
has been enhanced compared to the existing methods, there
are still challenges that have not been addressed. These
include the reliance on regional datasets, the lack of
evaluation of AI performance in realistic deployment
settings, and the restrictions of real-world infrastructures.
The ethical considerations have been addressed, but there is
no uniform treatment of these issues. Overall, the current
literature suggests a complementary role of Al technology
within a comprehensive forest governance system.

Index Terms—artificial intelligence, conservation decision
support, deforestation prediction, forest monitoring, IoT
and edge computing, remote sensing, wildlife and
biodiversity assessment

I. INTRODUCTION

Forests provide fundamental ecosystem services, such
as the conservation of biodiversity, carbon sequestration,
regulation of the water cycle, and protection of soils, as
well as playing a very significant role in climate change
mitigation. Conversely, forest ecosystems face mounting
threats from deforestation, degradation, climate change,
insect attacks, and forest fires. The main factors
contributing to these stresses are land-use change,
agricultural expansion, and the unsustainable extraction
of forest resources. Recent trends confirm that the
synergies of human and climate-induced stresses have
amplified the resilience of forests, which poses a
significant threat to biodiversity and climate
resilience [1].
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Traditional methods of monitoring and conserving
forests are primarily dependent on field monitoring,
statistical analysis, and professional expertise. Though
these methods work well in small spatial settings, they
prove to be rather expensive, time-consuming, and
challenging to implement in a large or intractable forest
region. In addition to this, these methods do not support
near-real-time monitoring or prognostic analysis, thus
restricting the ability to react instantaneously to any
impending danger in the form of illicit tree falling,
diseases, or rapid land use/land cover changes in the
forest ecosystem [2].

Artificial Intelligence (AI) has emerged as a promising
approach to address these challenges. It enables
autonomous analysis and large-scale monitoring of forest
environments. Machine learning and deep learning
algorithms combined with satellite, drone, and LiDAR
imagery data demonstrated enhanced performance for
forest disturbance detection, vegetation mapping, and
species distribution identification. Recent research has
shown that Al approaches to modeling work particularly
well for the complex spatial-temporal analysis of high-
resolution remote sensing data [3]. Deep learning
strategies were found to achieve superior performance on
vegetation segmentation and tree type classification from
LiDAR data, as well as deforestation patterns
identification from aerial imagery data through the use of
convolutional neural networks [3]. Similar Al-driven
geoinformatics approaches have been applied to
agricultural phenology monitoring under climate
variability, demonstrating the value of integrated satellite
and machine learning analysis for ecosystem dynamics
understanding [4]. Fig. 1 illustrates a conceptual
representation demonstrating the integration of Al
techniques to devise a forest monitoring aid.

In parallel to these efforts, the rising focus on edge
computing, loT-based sensing, and data automation has
led to near-real-time forest monitoring and a quicker flow
of data between forest monitoring systems and decision-
makers. These emerging trends slowly bring forest
conservation into a data-savvy and adaptive management
approach, where Al is harnessed for early warning and
intervention [1]. Despite such efforts, some important
areas related to the availability of data, degrees of model
applicability to different forest environments, evaluation
criteria, and ethics involved with large-scale natural
environment monitoring still pose important hurdles to



International Journal of Electrical and Electronic Engineering and Telecommunications Vol. 15, No. 4, 2026

broader adoption [6]. This article presents a narrative
review of existing research involving Al for forest
monitoring and conservation, synthesizing integrated Al-
enabled monitoring frameworks rather than proposing a
novel algorithm. The review compiles state-of-the-art
capabilities, comparative system components, existing
challenges, and emerging integration patterns across
recent studies, while outlining future research directions
for responsible forest conservation.

Compared with earlier survey papers that typically
focus on individual Al techniques or specific monitoring
modalities, this review emphasizes system-level
integration across sensing, analytics, and conservation
decision infrastructures. The manuscript also consolidates
emerging edge—cloud architectures, conservation
platforms, and predictive decision-support systems,
thereby providing a holistic perspective on operational
Al-enabled forest monitoring ecosystems.
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Fig. 1. Conceptual framework illustrating the interaction between sensing technologies, Al analytics, communication infrastructure, and conservation
decision processes in Al-enabled forest monitoring systems [5].

Literature Identification Approach

Although this work is presented as a narrative review,
studies were identified through structured searches
conducted across Scopus, Web of Science, and Google
Scholar databases. The search focused on publications
between 2020 and 2025 using keyword combinations
including “Al forest monitoring,” “wildlife acoustic
monitoring,” “deforestation prediction,” and
“conservation edge computing.” Inclusion criteria
comprised peer-reviewed journal and conference articles
emphasizing artificial intelligence applications in forest
or biodiversity monitoring. Studies primarily describing
conventional remote sensing without Al components
were excluded. This approach supports transparency
while maintaining the flexibility characteristic of
narrative reviews.

In addition to studying identification, a qualitative
assessment approach was adopted to ensure the relevance
and reliability of the included literature. Studies were
evaluated based on (i) methodological clarity, (ii)
relevance to  Al-driven forest monitoring or
conservation, (iii) type and quality of data used, and (iv)
reported validation or performance evaluation. Rather
than applying a formal scoring system, the review
emphasizes comparative interpretation of methods, data
sources, and application contexts. This approach aligns
with the narrative review framework while providing a
structured basis for synthesizing findings across
heterogeneous studies.

II. ARTIFICIAL INTELLIGENCE IN FOREST AND NATURAL
RESOURCE CONSERVATION
A. Remote Sensing-Based Al Approaches

Remote sensing has emerged as a mainstream method
for forest and natural resource monitoring over vast areas.

The integration of artificial intelligence, satellite data, and
aerial data allows for the automated interpretation of
subtle spatiotemporal relationships, enabling the
detection of ecological change, forest morphology, and
associated land use change. These technologies are
emerging as efficient alternatives for situation monitoring
through ground truthing, especially for areas with
restricted ground truthing capacity.

B.  Satellite Imagery

Satellite data continues to be a fundamental aspect of
forest mapping because of its spatial and temporal
resolution. Al-based classification of satellite data has
enhanced the accuracy of land cover change detection,
including deforestation, fragmentation, and degradation.
Gu and Zeng carried out a study on the application of Al
in satellite remote sensing for land cover change
detection and concluded that supervised, as well as
unsupervised, machine learning algorithms are efficient
for the analysis of multi-temporal data on a regional and
global level. The study illustrates the need for a model
that has the ability to handle the variability of spectral
and temporal inconsistency of satellite data, which plays
a critical role in forest and natural resource
management [7].

The Convolutional Neural Network (CNN) has been
used extensively for classifying forest cover and land use,
often performing more accurately than traditional
machine learning methods. Similar deep learning
approaches applied to satellite imagery for crop yield
estimation further demonstrate the effectiveness of CNN-
based vegetation monitoring across agricultural and forest
ecosystems [8]. Long-term analysis using satellite data
for land use/land cover change in India, covering the
period 1990 to 2024, revealed a significant destruction of
forests due to anthropogenic factors, establishing the
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effectiveness of Al technology for environmental analysis
at a macro level. The integration of multi-temporal
satellite data with change detection analysis using a CNN
has further made possible an update of land use/land
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cover maps, enabling a sensitivity to spatial change useful
for forest resource mapping [9]. The remote sensing
technology platform and its classification based on scales
are represented in Fig. 2.

c
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Fig. 2. Remote sensing platforms across spatial scales, ranging from satellite and airborne systems to UAVs and ground-based laser scanners for
forest data acquisition [10].

1) Drone-based monitoring

Unmanned Aerial Vehicles (UAVs) offer high-
resolution imagery that can be used to detect structural
patterns in forests that are not easily detected by satellite
imagery. Artificial intelligence developed for UAV data
can be used for tree crown boundary extraction, dead tree
detection, and habitat mapping, each helping in forest
condition assessments that can measure biodiversity.
Recent advancements in deep learning have increased the
efficiency of segmentation and object detection in aerial
images for heterogeneous forests [11]. The use of self-
attention mechanisms in the U-Net model has led to
improved dead tree detection in complex canopy
structures for forest health assessments [11].

The use of monitoring systems based on UAVs that
employ multiple sensors, such as RGB and infrared
images, with deep learning algorithms enables constant
monitoring of human activities and environmental
dynamics. This clearly shows that drones have the ability
to ensure adaptive forest resource management
practices [12].

Compared with satellite-based monitoring, UAV-based
approaches provide substantially higher spatial resolution
and structural detail, enabling fine-scale assessments such
as individual tree health analysis and canopy damage
detection. However, satellite systems offer superior
temporal continuity and regional coverage at lower
operational  cost. Consequently, recent studies
increasingly adopt hybrid workflows where satellite
imagery supports large-scale change screening while
UAV observations enable targeted validation and
localized ecological assessment.

2) Land use change detection

Land-Use and Land-Cover (LULC) change detection
represents a key application of Al-driven remote sensing
in forest conservation. Machine learning applied to
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satellite time series data enables classification and
quantification of land transitions, such as the conversion
of forested areas to agricultural or urban land. CNN-
based LULC classification has been shown to improve
spatial precision in change detection, supporting
conservation planning and policy evaluation [7, 9].

Beyond single-sensor analysis, the integration of multi-
source remote sensing data with Al models has improved
the assessment of forest degradation linked to biotic and
climatic stressors. Machine learning applied to Sentinel-2
and Google Earth imagery has enabled the identification
of degraded forest stands and estimation of both the
density and spatial extent of damage, indicating
suitability for near-operational monitoring
applications [13].

C. Acoustic and Bioacoustic Al Systems

1) Wildlife monitoring

Acoustic methods are now commonly used in wildlife
monitoring because they allow animal activity to be
recorded without direct monitoring. In forest
environments, traditional survey methods depend heavily
on field visits and visual identification, which are difficult
to carry out over large areas and long periods. However,
such methods are also manpower intensive and tend to
disturb wildlife, especially in environmentally sensitive
habitats. Another method of acoustic monitoring is
passive acoustic monitoring.

There are also recent studies showing that machine
learning models trained using acoustic data are more
reliable than analyses done manually, particularly if the
acoustic data contains background noises of wind,
insects, and rain. In addition to spectral representation,
other studies also incorporate simple context information,
such as the time of recording and location of the sensors,
during training of the models. This enhances the
reliability of species detection, particularly those that call
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less and at low levels of intensity and distances. These
studies illustrate the applicability and limitations of
acoustic Al systems [14].

Acoustic data are also utilized for analyzing
soundscapes rather than animal species. In this approach,
more than one species is monitored at the same time,
while the variation in overall calls is analyzed. In these
techniques, it is possible to investigate seasonal variations
as well as long-term trends, in addition to the potential
reactions to environmental modifications. In dense forests
or in isolated areas where monitoring with cameras is not
possible, analyzing soundscapes can be a feasible
monitoring process for acquiring ecological data. Most
existing studies focus on specific animal groups, such as
birds or amphibians, but similar approaches are gradually
being explored for other taxa. Overall, current evidence
suggests that Al-based acoustic monitoring can support

biodiversity assessment while reducing the need for
continuous fieldwork [15, 16].

2) lllegal logging and poaching detection

In addition to ecological monitoring, acoustic analysis
has been explored for identifying illegal human activities
in forest areas. Illegal logging, in particular, produces
characteristic sounds such as chainsaw operation and tree
cutting, which can be captured by passive acoustic
sensors. These sensors can be deployed across forest
regions that are difficult to patrol regularly. The recorded
audio is then analysed using machine learning models
trained to separate human-generated sounds from natural
background noise. A typical acoustic monitoring
workflow that integrates local edge inference with cloud-
based analysis to support real-time alerts for enforcement
agencies is displayed in Fig. 3.
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Fig. 3. Acoustic monitoring workflow showing sensor deployment, local preprocessing, machine learning inference, cloud aggregation, and alert
dissemination to enforcement stakeholders.

Studies focusing on logging detection typically use
standard audio features combined with supervised
classification methods. Algorithms such as support vector
machines and multilayer perceptrons have been reported
to distinguish chainsaw sounds from environmental noise
under a range of recording conditions. While
performance varies depending on sensor placement and
background noise levels, the results indicate that acoustic
monitoring can provide early indications of logging
activity in areas where physical inspection is delayed or
infrequent [17].

Across acoustic monitoring studies, a recurring pattern
is the trade-off between detection sensitivity and
environmental noise robustness. While machine learning
classifiers demonstrate promising performance under
controlled acoustic conditions, real-world deployments
frequently encounter overlapping biological and
anthropogenic sound sources that degrade classification
reliability. Additionally, the majority of studies focus on
proof-of-concept detection tasks rather than long-term
autonomous monitoring, leaving questions regarding
sensor maintenance, data transmission reliability, and
sustained model performance largely unexplored. These
observations indicate that acoustic Al research is
transitioning from algorithmic validation toward
operational resilience challenges.

Research on Al-based detection of poaching-related
sounds is more limited in the peer-reviewed literature.
However, existing work on forest acoustic monitoring
suggests that gunshots, vehicle engines, and other human-
related sounds can be identified as anomalous events
within natural soundscapes. Some studies propose linking
such detection systems to alert mechanisms so that forest
officials can respond more quickly. This approach is
particularly relevant for protected areas where continuous
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visual monitoring is not possible. Modifications of the
composition of the soundscapes have also been
mentioned as an indirect indicator of the presence of
more people. This lends evidence for acoustic monitoring
being a useful method for the protection of the
forests [15].

3) Al for wildlife monitoring and biodiversity assessment

o (Camera traps

Camera traps are widely adopted in the study of
wildlife since they enable constant monitoring of the
subjects without disturbing them. They are especially
applicable in forests where conducting surveys directly
could be expensive or challenging. A disadvantage with
these devices, however, is the enormous number of
photographs collected, some of which are without
wildlife or are repeat observations of the same species.
Analyzing the data manually is laborious.

To counter this challenge, Al techniques are being
employed increasingly for the analysis of camera trap
photographs by cameras. Many research pieces opt for a
two-step method that first identifies animals in
photographs, followed by the identification of the species
type. Object detection algorithms are known to be
reasonably robust against realistic situations such as
changing lighting conditions, vegetation cover, and noisy
backgrounds. The algorithms are useful for eliminating
mistakes caused by a dataset with a skewed distribution
of species, which tend to be major in image
collections [18]. The accuracy rate improves compared to
previous semi-automatic techniques.

CNNs and ensemble classifiers have also been
employed for the classification of detected animal
species. They work effectively for commonly spotted
animal species and require less human involvement in
processing large datasets. This makes Al-assisted camera
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traps more suitable for monitoring animal populations
over a wider range of space and time intervals [19]. This
is because repetitive classification activity is minimized
with Al-assisted camera traps compared to manual
camera traps.

e Species Identification

Species identification is one of the main components
of biodiversity monitoring and population analysis.
Manual identification of species from camera trap images
is a complex task that becomes harder as the size of the
database increases. In addition, it is prone to human
biases, particularly for species with similarities in
appearance. Classifier systems using deep learning
techniques have been integrated to minimize these
drawbacks.

From past studies, it can be determined that deep
neural networks are able to recognize species correctly as
long as they are trained adequately on a diversity of
images. Even when images have restrictions such as
partial occlusion, lack of contrast, or blurriness, current
methods can analyze species correctly. Recent analysis
has highlighted the application of models, including
ResNet-based models and transformers, for species
classification [20] for multiple species, depending upon
the habitat.

Some of these studies also make use of contextual
information simultaneously with image information. Use
of data such as the time of image capture or the type of
habitat can aid in the classification of images and can
avoid confusion in cases where images are of closely
related species [21]. Ensemble learning can also tackle
the challenges of imbalance in classifications as well as
image similarity, with stable results for common species

while flagging wuncertain instances for human
evaluation [19].
e Habitat Analysis

Al techniques are also utilized for the analysis of
habitat traits and biodiversity patterns, which are not
limited to species levels. Machine learning algorithms
and deep learning algorithms are employed to detect land
cover patterns and habitat classification on satellite
images and UAV mapping. The techniques are employed
for the analysis of ecosystem patterns to identify regions
of habitat degradation or fragmentation.

Research has also shown that it is more accurate to
create habitat maps when multiple sources of remote
sensing data are used, as well as for analyzing
relationships between wildlife and habitats [22]. This is
especially true for habitats such as wetlands, as even
small changes in spatial distribution have a great
influence on habitats [22].

Deep semantics for segmentation serve to support the
fine-scale = mapping  for  habitat  characteristic
determination. Such models enable the analysis of habitat
suitability as well as spatial distribution patterns for
species. Analysis for habitat suitability with data on
species occurrence can serve to support conservation
planning. Habitat-scale analysis with Al, thus, can
support camera trap surveys as well as species
determination research on an ecological scale [23].
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Biodiversity monitoring studies collectively highlight
the growing shift from single-species detection toward
ecosystem-level inference through multi-modal Al
analysis. However, persistent dataset imbalance and
geographic bias remain critical constraints, as most
camera trap datasets are concentrated in well-studied
conservation regions. Consequently, models
demonstrating high benchmark accuracy may exhibit
degraded performance in underrepresented habitats or
rare-species scenarios. This discrepancy underscores the
need for collaborative dataset development initiatives and
uncertainty-aware classification frameworks capable of
supporting human expert validation in conservation
workflows.

III. AI-BASED PREDICTIVE AND DECISION-SUPPORT

SYSTEMS

A. Deforestation and Forest Degradation Prediction

Deforestation and forest degradation prediction are
also a crucial part of proactive forest management
because, through such prediction, the conservation efforts
can be planned to mitigate the damage. The classic
remote sensing technique is mostly retrospective because
it deals with the regions where the forest degradation has
already taken place. Although such tools are useful, they
provide very little assistance regarding the decision-
making that is done in advance. On the other hand, the
use of remote sensing along with machine learning and
deep learning is aimed at predicting the factors related to
the forest cover change. It is shown that the past studies
provide evidence that the stability in the prediction
regarding the forest region can be achieved.

1) ML and DL models used

A variety of ML models have been applied to
deforestation prediction, typically using satellite image
time series together with environmental and geographic
variables. Ensemble-based methods, particularly Random
Forest (RF) and gradient boosting models such as
eXtreme Gradient Boosting (XGBoost), are among the
most frequently reported approaches. Their performance
is often attributed to their ability to handle nonlinear
relationships and mixed data types. For example, a study
examining forest cover change along the Iraq—Turkey
border evaluated several ML models using Sentinel-2
imagery in combination with climatic and topographic
variables. XGBoost achieved the best overall
performance, with R? values above 0.90 and relatively
low RMSE, and its outputs were further analysed using
SHapley Additive exPlanations (SHAP) to interpret the
influence of individual predictors [24].

Neural network-based approaches have also been
explored, particularly when temporal dynamics are of
interest. Hybrid models that combine multilayer
perceptrons (MLPs)  with  Long Short-Term
Memory (LSTM) networks have been used to capture
both spatial variation and temporal trends in deforestation
time series. Applications in the Amazon region show that
these hybrid structures are better suited to representing
space—time interactions than models that rely solely on
static spatial inputs or sequential data alone [25].
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More recently, Convolutional Neural
Networks (CNNs) designed for semantic segmentation,
along with transformer-inspired architectures, have been
used to extract spatial features related to land cover
change. Even though these models are used mainly for
change detection at a pixel level, their representation
capabilities can also be used for prediction purposes to
detect  repeating  spatial  patterns  for  forest
degradation [26].

2) Input data types

The performance of deforestation models in predicting
forest loss is also largely dependent on data selection and
quality used in the model. Satellite data is generally
central in most predictive models since it has adequate
coverage spatially and in terms of the time dimension.
Optical satellite images such as Sentinel-2 and Landsat
are most appropriate since that data has multispectral
layers that can be used in estimating vegetation indicator
variables such as NDVI [25].

In addition to spectral values, topographic variables
like elevation and gradient, and climatic conditions like
rainfall and temperature, are often included in prediction
models. These variables represent the conditions of the
environment and affect the stability of a forest. In the
report on the area surveyed at the borders of the Iran and
Turkey region, it was noticed that climatic values
dominated the initial periods of changes in forests, while
values related to the activities of the residents started
playing a more dominant part in the latter periods [24].

The temporal features that are derived from multi-year
satellite data enable models to handle seasonal dynamics,
slow change, as well as sudden changes in forest
coverage. The application of time-related inputs to
recurrent neural networks, including LSTM, has been
effective in these models, handling long-term dynamics
as opposed to models that utilize satellite images from a
single date [27].

In order to enhance the transparency of results, some
research has made use of the SHAP interpretability
technique to evaluate the importance of factors in the
model. The results have demonstrated that the relative
importance of factors like road construction and exposure
of soil heightens with time, while the effects of climatic
factors assume more prominence in the initial stages of
the transition process in the forests [24].

Predictive modeling literature demonstrates increasing
methodological sophistication through hybrid
architectures and  explainable = Al  integration.
Nevertheless, predictive validity remains closely tied to
data availability and regional context, limiting model
portability across heterogeneous forest ecosystems. The
predominance of retrospective satellite-derived predictors
also raises concerns regarding the delayed representation
of socio-economic drivers influencing forest change.
These factors collectively indicate that future predictive
frameworks should incorporate socio-environmental
covariates, adaptive retraining strategies, and cross-
regional benchmarking to enhance decision-support
reliability.
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B. Al for Risk Assessment and Resource Optimization

Assessing risk is becoming more common in forest
management, especially in areas where a lack of
resources is an obstacle to enforcing control over forests.
Risks such as poaching, logging, and fires are
spatiotemporally variable, meaning forest protection
authorities are forced to make certain decisions without
the whole picture in view. More recently, artificial
intelligence has been employed in forest protection for
the purpose of wusing past data, together with
environmental data, to point out where these threats are
more likely to occur.

1) Hotspot detection

A common use of Al in conservation is the
identification of locations that experience a higher
frequency of illegal or harmful activities. Most studies
rely on past incident data, such as recorded poaching
events or logging detections, combined with
environmental variables including terrain, land cover, and
distance to roads or settlements. Machine learning models
are trained on these datasets to estimate the probability of
future incidents across the landscape. Compared with
traditional statistical approaches, machine learning
models are better able to capture complex spatial
relationships and temporal repetition in incident data.
Recent studies applying deep learning techniques have
reported improved prediction of poaching risk when
spatial and temporal information is explicitly
incorporated into the model. The resulting outputs are
typically presented as risk maps that indicate areas where
monitoring and enforcement efforts may be
prioritised [28].

Patrol-based datasets have also been used to generate
risk surfaces for hotspot detection. In these cases, patrol
outcomes are analysed alongside environmental
predictors to identify areas where illegal activities are
more likely to be encountered. Such risk maps are used to
guide monitoring strategies and to support decisions on
where sensors or camera traps may be deployed to
increase the likelihood of detection [29].

3) Patrol planning

After the identification of the higher-risk zones, the
next step is concerned with the allocation of the patrol
resources. With the help of artificial intelligence in the
process of patrol planning, optimizing routes based on the
performance level can be achieved. In this process, the
system does not promote designing routes, but it assists
by considering the level of risks with optimization
methods.

Several trials have found that patrol plans based on risk
prediction models can improve the efficiency of
detection. By allocating patrols to the region of relatively
high risk, the model was found to be successful in
increasing the discovery of snares and other signs of
illegal activities compared to routine allocations. Field
tests conducted on protected parks show that Al-
enhanced patrol plans can improve patrol efficiency
without adding to the workload [30].
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Some recent studies have also assessed strategies
where the local community is taken along, together with
the forest rangers. These models rely on the use of risk
prediction to allocate patrol efforts to the groups. This
strategy was suggested as a means to improve
enforcement efforts as well as the incorporation of the
local community in conservation efforts [31].

4) Fire risk prediction

Fire outbreaks are also a significant source of risks
within the forest ecosystems and are dependent on
environmental factors as well as human interventions.
Fire prediction is a critical job undertaken by
conservation and land management organizations.
Several machine learning models have been extensively
used for this purpose on the basis of inputs related to
climate, topography, and vegetation indices obtained
from remote sensing technologies.

Studies conducted for inter-model comparison,
exploring decision trees, random forests, support vector
machine algorithms, and neural networks, have shown
that nonlinear relationships that affect fire occurrences
can be well captured using models based on Al
algorithms [32, 33]. Variables like temperature, rainfall,
slope, vegetation density, and fuel measures have been
identified as key inputs in these models.

In practice, fire risk prediction models are used to
support planning rather than to provide exact forecasts.
Outputs of the Al models involve the development of risk
maps that identify areas where preventive measures may
be required or where resources must be positioned in
advance of high-risk periods. These outputs, if combined
with a Geographic Information System platform, can be
used to support operational planning and enhance
preparedness in regions prone to wildfire events.

Iv.

A. IoT-Enabled Forest Monitoring

The Internet of Things (IoT) has brought about
significant changes in the monitoring of the forest
through constant tracking of environmental parameters
over a vast region [34]. Sensors are organized in a
network for monitoring temperature, humidity, soil
moisture, air quality, and acoustic signals to give a better
insight into the forest dynamics that could hardly be
measured through ground-level monitoring. Fig. 4
represents an Al-edge-IoT framework for monitoring
forest health.

Such systems facilitate the early indication of
irregularities such as forest fires, insect invasions, and
ecosystem stress. Through the acquisition of high-
resolution information on microclimates, sap flow, and
carbon transport, Internet of Things sensors facilitate
near-real-time evaluation that can enhance the efficacy of
conservation actions [34].

The Internet of Forest Things (IoFT) extends this
capability even further through the fusion of data from
ground sensors, drones, weather stations, and other
disparate sources. This creates a greater coverage area
and a continuous data flow that makes it easier to identify

INTEGRATION OF Al WITH EMERGING TECHNOLOGIES
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illicit logging and habitat deterioration, and other human-
caused threats at a varied scale [34].
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Fig. 4. Al-edge IoT systems in forest monitoring [1].
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In spite of these advantages, extending IoT networks to
remote forests is difficult. This is due to limitations
imposed by energy consumption, communication, or
device diversity. Solutions to these issues include
designing sensors to consume little power, using long-
range communication methods such as LoRaWAN, as
well as standardized data models for seamless interaction
among devices [34].

Edge processing

Cloud-based data processing can pose a limitation in
remote forest regions because of latency, as well as
fluctuating connectivity [1]. The edge computing system
averts these challenges since it can process data locally,
ensuring rapid reaction to an emergency, as well as
preventing the transfer of irrelevant data [1].

The Lightweight AI models could perform the
inference operation on the nodes of the sensors. Methods
such as Pruning & Quantization allow these models to
run efficiently on power-constrained hardware, with
sufficient accuracy [1]. This has many applications in
anomaly detection or early warning systems, like unusual
rises in temperature, warning of a possible fire hazard, &
unusual sound patterns of human intrusions.

The running of the edge-enabled network will be made
possible by energy-aware scheduling and adaptive data
aggregation. These techniques will help the system
balance processing and communication while optimizing
energy use, making the system always responsive for a
prolonged period of time [1].

Reported edge computing deployments indicate trade-
offs between latency reduction, energy consumption, and
model complexity. Lightweight convolutional and
transformer-lite models achieve millisecond-scale
inference suitable for early warning scenarios but may
sacrifice classification robustness under noisy conditions.
Conversely, transmitting raw data to cloud infrastructure
improves analytical fidelity but increases latency and
communication energy cost. Consequently, hybrid edge—
cloud partitioning strategies are increasingly proposed to
balance throughput, responsiveness, and power
efficiency.
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B.  Cloud and Platform-Based Conservation Systems

The evolution of cloud computing and analytical
platforms has changed conservation research with regard
to handling geospatial data. Cloud computing allows for
the use of platforms scalable enough to conduct remote
sensing analysis with different sources of data. It offers
efficient ways of analyzing different sources of remote
sensing data. It is even very effective for monitoring and
change analysis.

1) Google Earth Engine

Google Earth Engine (GEE) is a cloud-based
geospatial big data computation platform with an
extensive inventory of satellite observation data,
including long-term series data for sensors such as
Landsat and Sentinel satellites. The capacity for satellite
data  processing  using  distributed  computing
infrastructure provides researchers with the capacity for
environmental analyses over a wide geographic area
without necessarily needing high-performance computing
infrastructure for localized analyses. Several studies
indexed in Scopus confirmed the role of GEE in forest
and ecosystem change analyses through the application of
algorithms based on satellite data for land cover change,
tree loss, and degradation measurements.

For instance, a current study used GEE, along with
optical satellite data from Sentinel-2 satellites and radar
satellite data from Sentinel-1, for forest degradation
mapping in a biosphere reserve, measuring two periods of
forest vegetation loss due to climatic disturbances using
cloud-based platforms with high spatial resolution [35].
The application of GEE for environmental monitoring,
including forests, has numerous potential applications in
environmental monitoring using cloud-based
platforms [36-38].

Apart from the detection of forest change, the
scalability of the Earth Engine can also be utilized for
advanced spatial planning that can help conservation
experts identify areas of priority to be protected. A 2025
study utilized GEE to create interactive applications that
allow the visualization of land cover change and help to
identify conservation priorities through spatially explicit
trends [36].

Using GEE for the assessment of ecosystems
highlights the usefulness of the GEE model as a cloud
computing analytical infrastructure in conservation
biology. Indeed, the use of GEE in conservation biology
provides a vast amount of data, including computation,

for the evaluation processes associated with

environmental change [36].
2) Conservation platforms: SMART and similar tools

In complement to cloud-based geospatial platforms
such as GEE, there are decision-support systems
specifically devised for conservation that are becoming
more prominent for protected area management and
enforcement planning. Of these, the Spatial Monitoring
and Reporting Tool (SMART) is one of the tools widely
accepted in the global conservation sector. SMART is a
software solution for managers to have a systematic
approach to the collection, storage, analysis, and
reporting of the observations made in the field with
respect to wildlife, threats, or the results of patrolling
activities. It enables the managers to make decisions
through the use of visual representations of spatial
patterns of biodiversity indicators or threats, simpler
forms of threat reporting, and the ability to choose
activities for implementation. Although there are few
published studies in the Scopus-indexed database on the
analytical capabilities of SMART, its contribution
towards the homogenization of monitoring approaches in
protected conservation zones has been recognized in the
conservation sector for adaptive management of these
zones [37].

In the real-world setting, the SMART system functions
as a conservation data service that links data gathering on
the ground to analytical and reporting tools designed for
management-level users. In the optimal implementation
of the tool, the software provides the ground-level team
and management with the ability to understand the
patterns of illegitimate acts, species records, and patrol
area coverage, which inform resource allocation and
subsequent enforcement decisions [38].

Recent conservation literature also emphasizes that
such integrated analytical platforms, examples of which
include SMART, further reduce the cost of monitoring
while providing greater ecological insight when scaled
into other observational data. Integrated modeling
frameworks, for example, have combined ranger patrol
data with systematic surveys and camera trap records to
provide improved occupancy estimates at reduced
operational costs, thereby showcasing structured data
platforms’ value in realizing sound conservation
monitoring [39]. Fig. 5 gives an exemplary outline of
how Al IoT sensing, and cloud-based platforms are
commonly integrated in forest monitoring systems
reported in the literature.

10T Sensor Al and machine
Reading and > learning
Collections Data Processing

Cloud an.d Automatic monitoring and
| Blockchain conservation Actions
Secure and Storage Interventions and Policy
Analysis making

Fig. 5. Schematic representation of components and data flow in Al-enabled forest monitoring systems.

Despite growing interest in integrated monitoring
ecosystems, the reviewed literature reveals that true end-
to-end implementations remain relatively scarce. Many
studies report individual components, such as sensing,
analytics, or decision-support platforms, without a
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comprehensive evaluation of system interoperability and
lifecycle performance. Challenges, including
heterogeneous data formats, communication constraints,
and governance considerations, hinder seamless
integration across monitoring layers. Consequently,
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advancing Al-enabled forest monitoring will likely
depend less on isolated algorithmic innovation and more
on systems engineering approaches emphasizing
modularity, interoperability standards, and stakeholder-
centered deployment evaluation. Integration across
sensing modalities and analytical pipelines remains an
emerging research direction. Recent studies demonstrate
that combining acoustic sensors, camera traps, satellite
imagery, and patrol data within unified analytical
frameworks can enhance ecological inference and
enforcement effectiveness. However, challenges related
to data  standardization,  synchronization, and
interoperability persist, limiting seamless cross-modal
integration in operational deployments.

V. COMPARATIVE ANALYSIS OF EXISTING STUDIES

biodiversity assessment, prediction modelling, and
decision support applications. The literature studies vary
greatly in their analysis aims, extent, data, and system
integration levels. Table I provides a compilation of
various Scopus-indexed literature studies covered under
review, categorized based on application type, data type,
methodologies used, and their main results, to facilitate a
comprehensive understanding.

Methods using remote sensing technologies have been
preferring large-scale forest monitoring, especially
regarding land use/cover change mapping and forest
degradation analysis. Ecological surveys, acoustic
sensors, and camera-trap technologies are more interested
in niche ecological assessments, enforcement issues, and
other minute details, while forecasting models could help
in active forest fire, deforestation, and illegitimate

A.  Summary of Existing Studies

The literature reviewed

above

activity prediction. The current trend of IoT, Edge, and
cloud integration indicates a move from research to

diverse  application.

shows

applications of artificial intelligence in forest monitoring,

TABLE I: COMPARATIVE ANALYSIS OF AI-BASED APPROACHES IN FOREST MONITORING AND CONSERVATION

Application domain Data sources Al techniques Key strengths Key limitations Refs.
Forest cover and Satellite 'magery . Sca‘lable monitoring over large Sensitivity to cloud cover
(Landsat, Sentinel, CNNs, supervised and  regions; improved detection of L
LULC change . . . and spectral variability; [6-8]
. PlanetScope), time-series ~ unsupervised ML gradual and abrupt land-use .
detection limited local context
data change
UAV-based forest ngh—resolutlon UAV CNNs, U-Net variants, Flnft—scale str.uctural detail, Limited spatial coverage;
. imagery, RGB, and . . effective detection of dead trees . . [9,10]
condition assessment : object detection higher operational cost
infrared data and canopy stress
Forest degradation Multi-source satellite ML, data fusion Improv;d d'etectlon of biotic Requires careful data fusion
U and climatic stress-related o [11]
assessment data, climatic indicators methods . and calibration
degradation
Acoustic wildlife Passive acoustic Deep learning Non-invasive monitoring; Noise sensitivity; limited
oo recordings, contextual  classifiers, soundscape suitable for dense or . [12—-14]
monitoring . . R taxonomic coverage
metadata analysis inaccessible forests
Tllegal logging ' SVMs, MLPs, Ea}rly detection of logging Fglse positives in noisy
: Acoustic sensor data . activity; low dependence on environments; sparse long- [15]
detection anomaly detection g L S
visual monitoring term validation
Camera trap-based Camera trap images, CNNs, ensemble High accuracy for common Class imbalance: lower
o L . species; reduced manual . [16, 17]
wildlife monitoring metadata classifiers . accuracy for rare species
annotation effort
Lo . . Camera trap images,  Deep neural networks, ~ Robust classification under Requires large, diverse
Species identification contextual metadata ensemble models  challenging imaging conditions training datasets (18, 19]
Hab{tat apd Satelllte and UAV ML, DL, semantic Landscape-scale ecologlcal Ecosystem-specific tuning
biodiversity imagery, species . context supports habitat . [20, 21]
segmentation R . required
assessment occurrence data suitability analysis
Deforestathn and ‘Satejlllte time series, . RF, XGBoost, MLP— Captures nonlinear drivers; Limited model [22, 23,
degradation climatic, and topographic . L . . .
.. LSTM hybrids supports proactive intervention transferability across regions 25]
prediction data
Semaqtlc . CNNs, transformer- ~ Detailed spatial representation Primarily retrospective;
segmentation for Satellite imagery L . . ’ : . [24]
inspired architectures of degradation patterns computationally intensive
forest change
Poaching hotspot Incident records, ML risk models, deep Improved identification of high- Dependent on historical data [26,27]
detection environmental variables learning risk areas quality ?
Patrol Plapmpg and Patrol data, risk maps MLﬂnforr_ned lmprf)ved p_altrol effectiveness Operational a_nd ethical [28,29]
optimisation optimisation without increased effort constraints
Fire risk prediction Climatic, vegetation, and  RF, SVM, neural Effecpve modelh_ng of Outp_uts require expert (30, 31]
topographic data networks nonlinear fire drivers interpretation
IoT-enabled forest Sensor networks, Edge Al lightweight =~ Near-real-time monitoring; Energy and maintenance (32]
monitoring microclimatic data ML/DL reduced cloud dependence constraints
Cloud-based forest Multi-source remote Cloud analytics, ML High scalability; long-term Platform dependence and 33, 34]
monitoring platforms sensing data pipelines monitoring capability data governance issues ’
ngservatlon Patrol records, Integrated analytics ~ Supports adaptive management Limited formal performance
decision-support Lo . . . . [35, 37]
platforms biodiversity observations platforms and reporting evaluation
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While this review primarily adopts a qualitative
synthesis approach, several studies report quantitative
performance metrics such as classification accuracy, F1-
score, RMSE, and R? values. For instance, deforestation
prediction models using XGBoost have reported R?
values exceeding 0.90, while CNN-based classification
models commonly achieve accuracy levels above 85%
depending on dataset characteristics. However, direct
comparison across studies remains challenging due to
differences in datasets, evaluation protocols, and
environmental contexts. Therefore, the quantitative
results are interpreted as indicative benchmarks rather
than strictly comparable performance measures.

B.  Observed Strengths and Weaknesses

Strong capabilities have been exhibited by Al-based
methods across domains in processing large,
heterogeneous datasets and identifying complex spatial
and temporal patterns. Deep learning models consistently
outperform traditional approaches for image-based tasks
like vegetation segmentation, species classification, and
land-use change detection. Predictive models take this
further by enabling forward-looking risk assessment and
resource allocation.

However, there are a number of persisting limitations:
many models are developed and evaluated within distinct
geographic or ecological contexts, raising concerns about
generalization and transferability. Data imbalance persists
across most of the wildlife and enforcement-related
studies. The evaluation of modeling tasks often focuses

on classification accuracy rather than long-term
operational  reliability.  Furthermore, system-level
challenges such as constrained energy in IoT

deployments and cloud infrastructure dependence restrict
wide-scale adoption.

C. Trends across Studies

Three prominent aspects can be identified in the
reviewed literature. First, the trend is shifting from
retrospective monitoring towards predictive systems for
proactive conservation. Second, the trend is emerging
towards the incorporation of Al technology with Internet
of Things, edge computing, and cloud technology,
pointing towards the shift from conceptual to practical

implementation. Third, data sources are gaining
importance in studies, pointing towards the understanding
that conservation in the forests calls for an

interdisciplinary approach.

Recent literature between 2023 and 2025 demonstrates
a clear transition from isolated Al applications toward
integrated forest monitoring ecosystems. While progress
has been achieved in remote sensing analytics,
biodiversity monitoring automation, and predictive
modeling, several systemic gaps remain evident. From
the authors’  perspective, cross-regional model
generalization, system-level evaluation metrics, and
interoperability across sensing and analytical platforms
represent key unresolved challenges. Future research

should therefore prioritize modular architectures,
standardized benchmarking, and human-in-the-loop
decision-support systems to enable scalable and
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trustworthy Al-enabled forest governance.

VI. CHALLENGES AND LIMITATIONS

A. Data Related Issues

Al technology applied to forests and environmental
monitoring generally faces limitations related to data
quality, accessibility, and representativeness. Incomplete,
noisy, or non-representatively distributed remote sensing
and IoT data undermine model generalization, especially
as a result of cloud cover, seasonal, and non-
systematically sampled data points. The absence of
qualified data inhibits automation of labeling tasks,
making direct comparisons across different studies
difficult due to the absence of general benchmarks,
contributing to overfitting issues [1]. The establishment
of multimodal data collections emphasizes the
importance of a general benchmark to enhance model
scalability and transferability within different forest
environments [40]. Disparities within past data points and
biases within data sampling undermine model
generalization and ecological fidelity [41].

B.  Deployment Constraints

Application of the Al models from the research
perspective to practical use in the forests is impeded by
generalization gaps, infrastructure constraints, and
computational requirements. Model generalization for
specific settings may be suboptimal in the context of
forests with varying vegetation or climate in different
geographic locations, which is a problem known as
“domain shift” in the context of Al in forests [1]. Remote
edge operations are limited in terms of energy
requirements, connectivity, and the potential for real-time
monitoring in the absence of adequate solutions for IoT
and energy in forests [42]. Model requirements are
further exacerbated by the need for light computing in the
harsh environment of the forests with intermittent
connectivity and a lack of cloud services in the
forests [41].

C. Ethical and Ecological Concerns

The use of Al in forest monitoring has several
concerns related to issues of equity and privacy, as well
as interpreting ecology. The use of high-resolution
remote sensing and drones in observations can pose
several threats related to human rights in terms of
potential observation of human activity without consent
in human settlements bordering and within forests [43].
From an ecological point of view, relying heavily on data
that can easily be quantified may lead to simplified
ecological monitoring by machines and algorithms
without considering long-term ecological process
dynamics except for human expert review [1].

VII. CONCLUSION

In this paper, recent works that integrate artificial
intelligence for forest monitoring and protection have
been discussed in depth. The existing literature regards
various applications such as detection by remote sensing,
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animal monitoring for biodiversity assessment, and
predictive models for deforestation, poaching, and forest
fires. In general, each application wuses artificial
intelligence for data processing when it comes to huge
amounts of data and automating monitoring that cannot
be done by actual surveying.

This review identifies several critical research gaps
that must be addressed to advance Al-enabled forest
monitoring systems. First, the lack of standardized
evaluation frameworks limits the comparability and
reproducibility of reported models. Second, most studies
rely on region-specific datasets, restricting model
generalization across diverse ecological conditions. Third,
limited attention has been given to real-world deployment
challenges, including sensor reliability, energy constraints,
and communication infrastructure. Finally, integrated
system-level validation across sensing, analytics, and
decision-support layers remains insufficiently explored.

Key takeaways from this review are as follows: (i) Al
has demonstrated strong potential in automating large-
scale ecological monitoring, (ii) integration with IoT,
edge, and cloud technologies is driving a transition
toward operational systems, and (iii) future progress
depends less on isolated algorithmic improvements and
more on robust, interoperable, and field-validated system
design.

Overall, Al should be viewed as an enabling tool that
complements domain expertise in forest management.
Future research must emphasize real-world validation,

cross-domain data integration, and collaborative
frameworks involving ecologists, technologists, and
policymakers to ensure scalable and responsible
deployment.
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