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ABSTRACT - The amount of forest cover has a direct
correlation to the variety of ecosystems. One of the most
important places to get a lot of food and nutrition is from
plants. As they take up carbon from the air and release it
as heat, trees are essentially the world's largest carbon
sinks. However, deforestation has become more common
as a result of the world's fast urbanization and
industrialization. The degradation of living conditions is
exacerbated by the destruction of forest cover, which has
a devastating impact on the environment. Deforestation is
outlawed in most nations, but it's hard to keep tabs on
exactly how much forest cover is being lost. Hence, an
efficient framework for the identification of deforestation
using image processing methodologies is defined in this
research study. The suggested method employs decision-
making for classification, channel-boosted convolutional
neural networks for training, and a dataset of
deforestation images for image normalization. Results
from the experimental evaluation of the method were
positive.
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1.INTRODUCTION

Deforestation is one of the main causes of environmental
instability, which has pushed the climate problem to the
top of the world's agenda since the new decade began. For
example, forests absorb around a quarter of the world's
yearly carbon emissions and are home to more than eighty
percent of the species found on land. Unfortunately, these
ecosystems have been greatly disturbed by the
unrelenting growth of illicit logging and uncontrolled
land removal. Soil erosion, local water cycle collapse, and
the displacement of thousands of animal species are all
consequences of this fast deforestation, which does more
than only release stored carbon dioxide into the

atmosphere. There is an immediate need for automated,
large-scale surveillance solutions in many places due to
the enormous scope of the destruction, which makes
traditional ground-level monitoring impractical. With
ecological "tipping points" rapidly approaching, the
present global picture is of the utmost importance. Illegal
activities persist in remote regions of the Amazon,
Southeast Asia, and Central Africa, taking advantage of
the absence of real-time monitoring, despite global
commitments to end forest loss by 2030. Due to the
historical practice of documenting deforestation through
retrospective annual reports, the damage had already been
done when an area was declared lost. The focus is moving
from reactive to proactive measures in 2026. We now
have access to high-resolution surface pictures of the
Earth practically every day by taking use of the high-visit
frequency of contemporary satellite constellations. The
sheer amount of this data, meanwhile, presents a hurdle.
Because human analysts simply cannot keep up with the
constant stream of data, we must create smart algorithms
that can differentiate between seasonal changes in the
forest and human-caused disturbances.Our project's
solution to this problem is a machine learning system that
can precisely identify deforestation patterns by analyzing
satellite images. Support Vector Machines (SVMs) and
Naive Bayes classifiers were the go-to classical statistical
tools for academics in the past. Although these techniques
laid the groundwork for land-cover categorization, they
frequently failed to adequately handle the intricate
textures and spectral fluctuations characteristic of thick
tropical forests. Deep Convolutional Neural Networks
(CNNs) and other forms of Deep Learning have
completely altered this industry. These models excel at
spatial data because they can detect logging roads and
canopy thinning that other approaches missed by
automatically learning a hierarchy of characteristics,
starting with simple edges and progressing to complicated
forms. Our system's backpropagation and profound
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architectural design powers are its technical foundation.
Networks adjust their internal weights to minimize
prediction errors by training models on millions of
labeled pixels. Examples of such networks are ResNet,
DenseNet, and MobileNet. Thanks to this optimization in
mathematics, the model can "learn" to distinguish
between a healthy forest and a cleared area. As the
number of parameters in these networks increases, from
thousands to millions, they learn to accurately represent
their surroundings. Environmental authorities and NGOs
can benefit from our scalable and cost-effective
methodology by implementing it. Authorities may react
before a minor logging track turns into the complete loss
of a forest ecosystem thanks to this method, which turns
satellite data into an active early-warning system instead
of a passive record of harm.

[1] N. Suksangpanya et al. addressed that the rotating
agricultural regions are detected using LANDSAT
pictures that cover the northern region of Thailand from
1987 to 2018. This study employs a semi-automatic
method to carry out the categorization, which allows for
the optimization of accuracy in relation to the time and
effort needed to complete the task. However, the method
in this paper has a lot of room for improvement in terms
of accuracy. For instance, removing geometrical flaws
from LANDSAT photos can enhance the automatic part
by reducing the impact of irrelevant and environmental
elements in the images. This, in turn, can lead to better
To further evaluate the
algorithm's efficacy and precision, other supervised
classification methods should be implemented. Hence,

automatic categorization.

developing a geometrical-error correction technique and
integrating it with the automatic classification in this
work, along with exploring alternative classification
methods, would be the next stage in this effort.

[2] Sadegh Jamali et al. studied that utilize the spatial
information of pixels in combination with the change
detection method of DBEST for early bark beetle attack
detection. Specifically, an average detection accuracy of
86.12% was achieved when bark beetle identification was
performed after 6-7 weeks after the epidemic using CV
timeseries collected from four vegetation indices. While
NDRS could, on average, identify bark beetle assaults a
little earlier, individual kernel analysis demonstrated that
NDVI had a greater detection accuracy (87.89%). For
forest types located on wetland sites, NDRS achieved the
best detection accuracies, whereas NDVI was most
accurate in dominant forest types located in non-wetland
areas. In order to enhance the inventory for future studies,
it is important to consider the limitations that were found

in the bark beetle inventory. The results showed that
kernel-based early attack detection is useful, which can
shed light on a new way of looking at bark beetle
research.

[3] G. Geoff Wang et al. introduced with human-caused
climate change being proclaimed as the "defining issue of
our time" (United Nations 2020), CSF is bound to arise,
mature, and find widespread use. The goal of CSF is to
make forest ecosystems more resistant to climate change
and other forms of climate uncertainty so that ecosystem
services can continue to be maintained even when
ecosystem states change. Resilience can be achieved
through standing firm, making amends, and making a
positive change. As an essential component of the
"carbon neutrality” objective, CSF seeks to enhance
forest ecosystems' ability to reduce the impact of climate
change. Forest ecosystems are an essential part of nature-
based climate solutions due to their enormous carbon
sequestration capacity. For forest ecosystem functions to
be efficient, stable, and sustainable—and for humans and
nature to have a harmonious relationship—it is essential
to understand the mechanisms by which forest
ecosystems interact with climate change. In order to
tackle the climate change challenges, CSF must provide
decision-making systems and methods for forest
management that utilize cutting-edge technologies like
artificial intelligence and digital transformation. This is
necessary because increasing forests' carbon storage
capacity is an urgent matter, and ensuring forest
ecosystems' resilience is a complex matter.

An examination of earlier research that was deemed a
Litereature Survey is presented in the second part of this
publication. Section 3 provides a comprehensive
description of the proposed methodology, outlining the
path of action. The experimental evaluation is covered in
Part 4, possible modifications are discussed in Section 5,
and the essay concludes with a conclusion on the existing
plan.

2. LITERATURE SURVEY

[4] Maksymilian kulicki et al. represented significant
of Al
revolutionizing precision forestry by analyzing LiDAR
data collected on the ground. Based on our extensive

impact especially Deep Learning, in

research, we know that semantic segmentation, species
categorization, and individual tree segmentation are the
main Al applications in this domain. Out of all the models
that were tested, deep learning architectures like
PointNet++ have proven time and time again to be more
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efficient and accurate than typical machine learning
methods.

Regardless of these developments, the research finds a
number of uncharted territories that might lead to major
advances in our understanding and management of forest
ecosystems, such as the possibilities of Graph Neural
Networks and other innovative DL models. Also, the
report points out a major problem with the current state of
the field: there isn't enough standardised metrics and
common code to make it easy to replicate studies and
compare alternative methods.We propose building huge,
all-encompassing benchmark datasets that include data
from many contexts and LiDAR modalities to drive the
field ahead. Not only would these datasets make it easier
to test new models, but they would also make sure that all
studies use the same stringent evaluation criteria.
Collaboration in precision forestry will also benefit
greatly from an atmosphere of open scientific
communication, which may be achieved by making
datasets and DL models publicly available.

[5] Amar Causevic et al. proposed The integration of Al
capabilities with Earth observation has great promise for
tackling global issues (such as forest protection)
connected to the attainment of the SDGs. Humanity can
create greener and more resilient civilizations through
leveraging at scale, which advances forest conservation
and management. Integration of global platforms and
networks, smart monitoring systems that integrate the loT
with AI-EO devices, integration of next-generation Al
models, and LIDAR and hyperspectral data are all things
that the future holds. But we must keep an eye on this fast
developing area, be open about it, and be able to examine
it closely. Applications of artificial intelligence to earth
observation must be transparent with data, clear about
how they are used, and make their underlying
assumptions clear. Difficulty with visibility could arise
from subpar inputs and design rather than a defective Al
model. Poor data leads to improper decisions, such as
misinterpreting data outputs, therefore data quality is still
an issue. Many people believe that Al is only a tool, not a
goal, in and of itself. Machines rely heavily on human
assistance when it comes to making non-linear
connections, doing targeted studies, and making
judgments. Particularly in complex ecosystems like
forests, governing Al-earth observation technology calls
for hybrid and adaptive approaches adapted to the specific
situation at hand. Technologies that monitor the planet
using artificial intelligence should be flexible enough to
meet the needs of a wide range of users while also
protecting the natural world. To reason correctly, one
must be aware of their context, taking into account their

surroundings and the circumstances. Integrating ethical
considerations into Al-earth observation technologies is
crucial for responsible and sustainable development,
taking into account the effects on Indigenous
communities, non-human species, and future generations.
These are possibilities that can be used in tandem to
achieve the Sustainable Development Goals and promote
environmental sustainability (by preserving forests, for
example). Improved human and environmental health, as
well as the preservation of the world's forests, can result
from increased use of artificial intelligence in the fight
against climate change. Because Indigenous peoples have
passed down invaluable information on forest
composition, use, and quality through the ages, it is
critical that this information be integrated into any forest
management plan. The inner workings of forest
ecosystems are known to scientists and native peoples
alike. Next time, let's talk about how Al and other new
tech might help us reach the SDGs faster; we should also
consider how to combine ancient wisdom with a more
holistic approach to build a better, more sustainable
future.

[6] Amit Kumar et al. studied showed CC is significantly
associated with the growth in both the frequency and
severity of FFs in India. Major ecological harm,
biodiversity loss, and socio-economic concerns for forest
dependent populations have been caused by heightened
FF risks, which have been exacerbated by rising
temperatures, unpredictable rainfall, and extreme weather
events. The need for focused climate action is highlighted
by the association between increasing temperatures and
FF occurrences. Nevertheless, there is hope in adaptive
solutions including early warning systems, community-
based forest management, and regulatory interventions.
Poor community involvement, inadequate funding, and
inadequate institutional affiliation all work against their
effectiveness. Inadequate integration of climate
projections into FF risk management further limits
resilience building measures and makes it harder to
accomplish SDG 13 commitments. By placing FF
management in the context of adaptation, mitigation, and
sustainable development, this study adds to the current
discourse by using the IPCC's Climate Resilient Pathways
framework. In order to lessen the likelihood of FF, the
report recommends data-driven policies, climate-smart
forest ~management, and stronger community
involvement. In order to increase resilience and achieve
the aims of SDG 13, it is vital to integrate FF management
into larger climate action measures.

[7] Xiao Liu et al. focused in the same kind of temperate

forest where the GEDI RH100 is between 25 and 30
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meters. This is what our findings reveal: One, GEDI can
record, on a landscape scale, the evolution of the canopy
cover profile in temperate forests over time. Seasonal
changes in the 10-25 m layer of canopy cover are
approximately 10% smaller in coniferous forests
compared to broadleaved forests. 2) Sentinel-1 VV/VH
time series in broadleaved woods show a strong
correlation with canopy cover time series at 5-25 m
layers, particularly for the 15-20 m layer. The direction of
flight of Sentinel-1 has no bearing on this relationship.
This research has the potential to add to our understanding
of the dynamics of vertical structure in temperate forests.
For instance, since the severe drought in 2018, GEDI can
monitor the change in canopy cover in both the overstory
and understory of coniferous and broadleaved forests in
Central Europe. This finding provides the groundwork for
the development of regression models that use Sentine-1
VV/VH backscatter to track middle-layer canopy cover in
broadleaved forests. One possible use of this research in
tropical forests is to measure the dynamic interplay
between the understory and the overstory using
multitemporal GEDI canopy cover profiles. Further
investigation  into produced by
spatiotemporal aggregation is necessary, however, due to

inaccuracies

the more varied forest vertical structure in tropical forests
and the sparser GEDI observations.

[8] WILSON CASTRO et al. represented approach to
automatically characterize and classify plus and non-plus
algarrobo trees (Neltuma pallida) on a broad scale using
RGB aerial photography and deep learning classifiers.
When implemented in Peru's Tumbes, Piura, and
Lambayeque departments—three areas of interest—the

suggested methodology yielded positive results.
Applying  AlgarroboNet's  compact  knowledge
representation was shown to be feasible in the

experimental circumstances that were suggested. The
findings demonstrate that the methodology is appropriate
for use in enforcing reforestation projects and keeping an
accurate inventory. For manual categorization,
morphometric features were calculated using aerial
pictures of plus and non-plus algarrobo trees, according
to a pre-established capture methodology that retrieved
in-situ labeled data. The Peruvian National Forest Service
had already examined some zones of interest, so we used
three popular CNN-based approaches—AlexNet,
DenseNet, and Google Learning—to test our
methodology study.
Classification of plus and non-plus Algarrobo trees was
demonstrated to be an efficient task using the new
application-specific AlgarroboNet. The outcomes show

that both the suggested design and the suggested

in this proof-of-concept case

methodology were effectively implemented using
cutting-edge techniques. Various models demonstrate a
compromise between computational resources and
accuracy, but they all have similar variances as shown by
Levene's test. Specifically, we found more room for
improvement after doing an outlier analysis across
models. This analysis took into account the experimental
trial with the highest accuracy for each classifier. Among
the tested models, the suggested AlgarroboNet had the
greatest F1-measure, was the least complex, and did not
require transfer learning. The statistically poorer
performance of the AlgarroboNet method is a downside,
too, and it shows that other training procedures, such as
data augmentation and hyperparameter optimization, still
need to be explored. Along with these potential avenues
for further study, other machine learning techniques, such
feature extraction and selection, could facilitate the
creation of smaller models, therefore reducing system
complexity.

[9] Yu Zhao et al. produced in broadleaf and needleleaf
forests with low, medium, and high burn severity, the
capabilities of C-band and L-band SAR are assessed for
the detection of burned regions. When comparing burned
areas with low and medium burn severity, L-band SAR
shows bigger changes compared to C-band SAR. This
holds true for both types of forests and different burn
severities. Furthermore, six models, one based on
ConvNets and one on transformers, are trained and
evaluated using data from the same wildfires. The models'
quantitative and qualitative findings show that burned
areas with low to medium severity can be better detected
using L-band data compared to C-band data. When
trained on L-band data, attention-U-Net outperforms
attention-U-Net trained on C-band data by 0.757 points
and 0.630 points, respectively, with an F1 score of 0.840
and an IoU score of 0.729. Comparative quantitative
results also show that ConvNet-based models are superior
to transformer-based models. Last but not least, compared
to utilizing merely pre-post image pairings, SAR log-ratio
images show substantial value in recognizing burned
areas for the ablation experiments. Although total-
variation loss has inconsistent impacts when applied to
various models, it does improve Attention-U-Net's
segmentation performance.

[10] Maximilian Kirsch et al. introduced a system for
detecting anomalies aimed at tracking the dynamics of
forest health in stands dominated by spruce, with bark
beetle epidemics serving as a case study.This approach
relies on a multilayer LSTM Autoencoder, a type of
unsupervised deep learning algorithm, that was trained on
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Sentinel-2 data series to detect instances of non-standard
spectral-temporal patterns. Canopy deteriora tion is
closely associated with Ipstypographus outbreaks, hence
the model was deployed to prune spruce stands even
though it was not trained to detect specific disturbance
types.This means that the observed irregularities are
probably the result of stress caused by the early bark
beetle. In a broader sense, the model can be adjusted to
account for various disturbances, such as storm damage,
drought-induced dieback, or clear cuts, as long as these
generate observable changes in the spectrum over time.
By experimenting with various input window widths, we
found that the model could detect disturbances earlier
with larger windows, enabling us to spot stress indicators
before they caused any noticeable damage. Among the
most impressive results was the LSTM-AES2 variant's
87% accuracy; more than half of the anomalies observed
were highlighted more than four weeks prior to the pixel's
evident defoliation. In addition, we discovered that 26
time steps was the optimal window size for robust and
early anomaly identification. We don't need labelled
training data or huge historical records for every pixel
because our model is memory economical. For large-
scale near-real-time monitoring, it is ideal since it allows
for the disregard of older time inputs. Our technique
captures both the spectral and temporal correlations
across all Sentinel-2 bands, making it a useful tool for
detecting little changes in the health of pure spruce stands.
These changes can be early signals of stress from things
like drought or insect assaults, for example. These initial
indicators of distress can be used to forecast when
defoliation will occur. A comparison was made between
the suggested models and BFAST and the IF algorithm.
When it comes to early anomaly identification in
particular, the results show that the LSTM Autoencoder
method is superior. In addition, we presented a new
scoring mechanism that rewards early detections—an
important component in disturbance prediction tasks—
and complements traditional performance metrics. This
study lays the groundwork for future studies by showing
that LSTM Autoencoders may be used to detect forest
disturbances using Sentinel-2 time series early on. This
study's model and evaluation framework were customized
to identify early disturbance symptoms in pureconifer
(Norwayspruce) stands in Thuringia. The generalizability
of our findings is inevitably limited by this concentrated
approach, which maintained a controlled and consistent
test setting.Our future plans include expanding our study
to more expansive spatial domains, including various
forest types including deciduous and mixed stands, and
bringing our method to other Central European regions.

This will make it possible to evaluate the model's
generalizability and resilience across different forest
structures and landscapes more thoroughly. We also hope
to improve the model's interpretability by being more
forthright about which features are most important. In
conclusion, this method offers a versatile base for creating
scalable forest health early warning systems and might be
applied to other areas of environmental anomaly
identification.

[11] Habtamu Achenef Tesema et al. introduced Forest
management, climate change mitigation, and sustainable
land use methods rely on bamboo allometric models to
estimate biomass and carbon storage. These models have
come a long way from just simple power equations; now
they use sophisticated methods that combine machine
learning, remote sensing, and light detection and ranging
(LiDAR), which substantially improves their accuracy
and scalability. Current models run the risk of becoming
inadequate and out of date due to fast environmental
change, increasing demand for carbon
accounting, and expanding bamboo consumption. The
lack of established measurement techniques, decreased
accuracy when models are used beyond their calibration
zones, and the scarcity of data for many species are

accurate

significant issues that persist. These restrictions might
jeopardize policy choices, carbon trading programs, and
sustainable harvesting standards in the absence of prompt
updates. There is an immediate need to address the
underrepresentation of bamboo in global biomass
databases, which poses a threat to rural livelihoods and
environmental stability in tropical and subtropical
countries. National greenhouse gas inventories, climate
adaption plans, sustainable harvesting, and the bioenergy
and building sectors can all benefit from accurate and
current models. This can only be accomplished if future
studies put an emphasis on quickly developing models
that are relevant to regions and species, combine field
data with high-resolution remote sensing, use hybrid
modeling approaches, and create open-access databases
of biomass. The growing importance of bamboo on a
worldwide scale makes it imperative that strong, context-
sensitive allometric models be created and updated often.
If we take action today, we can make sure these models
are still useful in the future, when bamboo can help with
things like reducing greenhouse gas emissions, protecting
biodiversity, and building sustainable rural communities.
[12] Harshit Sharma et al. provided a thorough evaluation
of the uses of deep learning (DL) in the context of climate
action, agriculture, and urban

energy  systems,
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development—the four mainstays of sustainable
development. In all of these fields, DL has become an
indispensable tool for solving sustainability-related
problems in real time, enhancing predictive accuracy, and
modeling complicated nonlinear systems. Deep learning
models have improved long-term weather forecasts,
helped identify extreme weather occurrences earlier, and
allowed for more precise spatiotemporal monitoring of air
quality in the climate domain. Model compression and
federated learning are two ways that DL has introduced
energy efficient (Green Al) techniques to the energy
sector, while also optimizing smart grid operations and
making renewable energy projections more accurate. In
order to promote precision farming, agricultural
applications have utilized DL for tasks like as high-
resolution crop monitoring, disease diagnosis, and
irrigation optimization. Artificial intelligence (Al) in
urban systems has improved garbage sorting, improved
transportation management, and categorized land uses for
better infrastructure planning. In addition to discussing
core DL architectures including Convolutional Neural
Networks (CNNs), Recurrent Neural Networks (RNNs),
Transformers, Autoencoders, and GNNs, this paper
delves into the unique data modalities needed for
sustained applications, such as data from Internet of
Things (IoT) sensors, satellite imagery, and remote
Model

and ethical

sensing archives.

generalizability,

explainability,
considerations

regional

in Al
deployment are among the cross-cutting issues that were
brought up. The review's emphasis on the importance of
human-centered, open, and accountable DL models in
line with climate justice, inclusivity, and accountability
principles is crucial. The research came to a close by
recommending some great next steps, like hybrid physics
DL integration, edge-Al for underserved areas, citizen
science engagement, and methods to close the
"deployment gap." In general, DL has the opportunity to
tackle related to
sustainability. Nevertheless, a dedication to ethical and

revolutionize how we issues
scalable deployment procedures, inclusive design, and
interdisciplinary collaboration are necessary to realize
this potential. Innovation in technology is essential, but
so is the development of Al systems with a focus on social
responsibility and environmental consciousness. To
provide a holistic view of DL's contribution to
sustainability, this work compiles findings from more
than a hundred peer-reviewed studies spanning energy,
climate, agriculture, and urban systems. With the use of
unique visual analytics and organized tables, it unifies
technological underpinnings, domain applications,
evaluation criteria, and ethical considerations, as opposed

to compartmentalized reviews. Researchers,
practitioners, and legislators aiming to harmonize Al
advancement with SDGs will find this resource useful due

to its breadth.

[13] Brian Rotich et al. addressed that the current increase
in the frequency and severity of forest fires poses a
substantial environmental and socioeconomic threat to
Kenya. This literature review has scoured the Kenyan
literature on FF to bring attention to the problem's origins,
effects, management techniques, obstacles, and potential
solutions. The review's findings highlight the complexity
of fire prevention and control in Kenya, where a mix of
natural and human-induced variables affect FF dynamics
and characteristics. Firefighting has far-reaching
consequences that influence local livelihoods, water
catchments, ecosystem services, and biodiversity.
Inadequate financing, a lack of real-time fire detection
technologies, a lack of stakeholder cooperation, and lax
enforcement of fire-related regulations are the main
obstacles confronting Kenya's Forest Fire Management
(FFM). Involvement of the community, combining old
knowledge with current fire control tactics, and the
utilization of cutting-edge technology like drones, Al-
driven fire prediction models, and remote sensing can all
lead to better fire management. At the end of the day,
protecting Kenya's forests from wildfires will necessitate
a combined effort by the government, NGOs, and local
communities to promote long-term, inclusive fire
prevention and management plans. Fire management and
prevention have received much of the attention, but it is
important not to forget that fire may really be a positive
thing in some ecosystems, helping to regenerate and
increase biodiversity. For Kenya's forest management to
be sustainable, it is crucial to strike a balance between
these viewpoints.
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3. METHODOLOGY
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Figure 1: Proposed model System Overview

In figure 1 above, we can see a system overview of the
proposed methodology for investment advice. Below, we
have detailed the sequential procedures to implement the
proposed approach.

Step 1: Dataset preparation: The first stage of the system
is to gather training photographs from a variety of forest
settings, including dense forest, partially deforested areas,
fully deforested land, agricultural land, and barren terrain.
With the help of the OpenCV package and the Python
language, we were able to capture
approximately 264 photos depicting the forest and

deforestation situations. For the goal of training the

computer

proposed system to identify and detect deforestation areas
using Deep Learning, the collected photos are separated
into training and testing datasets.

Step 2: pre-processing — Applying preprocessing
techniques, such as rescaling with a factor of 1/255,
allows the Keras Python library to build an Image Data
Generator object. For both the training and testing
datasets, the photos are scaled to 150 x 150 pixels and
processed in 64-item batches with the categorical class
mode set. Next, the suggested system is trained for 25
epochs with a Convolutional Neural Network (CNN) to
successfully identify and categorize areas affected by
deforestation.

Figure 2: Model Architecture for YOLOVS

Step 3: Deforestation Detection — This step of the process
involves cropping the area that is believed to be
deforested after recognizing the forest area in the
photograph. Deforested areas can be precisely identified
using the input image by the procedure. To effectively
identify wooded and non-forested regions in images, the
region recognition module employs the YOLOVS
approach.

Getting the Roboflow dataset and installing Ultralytics to
run the YOLOvS8 model are the main steps in training the
system to identify deforestation. After connecting
Roboflow with an API token, the dataset for deforestation
detection can be downloaded in YOLOvVS format from the
dataset URL.

The dataset that was downloaded is thoroughly scanned
in order to get a list of all the files that are in the
subdirectories. The number of files in the folder can then
be found by consulting the file list. The dataset includes
approximately 264 photos pertaining to forest and
deforestation situations. After sorting and shuffling the
files in the training, validation, and testing directories, the
photos are grouped and shifted to enhance the model's
training performance.

The YOLOVS model is prepared for the object detection
job after the Roboflow dataset and deforestation dataset
have been successfully integrated. After 50 training
epochs with 416-image batches and 32-batch sizes, the
detection algorithm is run using the learned weights. You
can test and deploy the YOLOv8 model when training is
finished by saving the project run files and trained
weights in ZIP format to the specified directory.

Step 4: Deforestation Detection and Notifying — Here, we
link the mobile phone's camera to the laptop using the
DroidCam app, and then we use a Python program to
record both live video and still images. This phase
involves using the trained YOLOv8 model file (.pt) that
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was obtained in the previous stage to identify regions of
deforestation in the frames of the live broadcast. To find
areas with little or no forest cover, the trained model
makes predictions.

By utilizing the Pywhatkit library, the detected frames are
constantly checked for signs of deforestation. Once a
deforested area is recognized, the picture is saved and
forwarded to the appropriate authority via WhatsApp.
The decision-making module notifies the appropriate
authorities of the identified deforestation region through
an appropriate alert message, allowing them to take the
required measures for forest protection and monitoring.

4. RESULTS AND DISCUSSIONS

The suggested model is put into action on the Windows-
based system, which boasts an Intel Core i7 processor and
16 GB of main memory. The experimental model makes
use of the Anaconda IDE repository for the Spyder and
Jupyter IDEs. By manipulating the parameters of the
confusion matrix, the generated model is subjected to a
thorough evaluation. Equations for precision, accuracy,
recall, and macro F1 can help you grasp the confusion
matrix's parameters.

Accuracy=(TP+TN)/(TP+FP+TN+FN) -(1)
Precision(P)=TP/(TP+FN) -(2)
Recall(R)=TP/(TP+FP) -(3)

At this point, we have TP for true positives,
TN for true negatives, FP for false positives, and FN
for false negatives.

The obtained results are shown below,
1.Confusion Matrix

2.F1-Confidence Curve

3. Precision Confidence Curve

4. Precision- recall Curve

The results of the proposed system are illustrated through
evaluation graphs. Figure 3 shows the confusion matrix,
Figure 4 shows the Flconfidence curve, Figure 5 shows
the precision—confidence curve, Figure 6 shows the
precision—recall curve, and Figure 7 shows the overall
detection results of the proposed system.

.......

Figure 3: Confusion Matrix

Figure 3 shows the confusion matrix of the proposed
model, which compares the actual and predicted classes.
It indicates the number of correct and incorrect
predictions made by the model during the detection
process.

=

Figure 4: F1-Confidence Curve

Figure 5: Precision-Confidence Curve

The proposed model's precision-confidence curve is
displayed in Figure 5. The graph shows that the model's
accuracy changes with various levels of confidence,
which means that the detection findings are reliable.
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Figure 6: Precision-Recall Curve

Figure 6 displays the suggested model's precision-recall
curve. Here we can see how recall relates to precision for
various levels of confidence. With a total mAP@0.5 score
of 0.935, the system demonstrated excellent detection
performance.

Figure 7: Obtained Results

The suggested deforestation detection model's detection
results are displayed in Figure 7. By accurately detecting
deforested sections in many photos and labeling them
with bounding boxes, the model proves that the system is
capable of detecting impacted areas.

5. CONCLUSION AND FUTURESCOPE

The suggested method for detecting deforestation through
the use of decision-making and channel-boosted
convolutional neural networks. With this method,
automated deforestation identification can be done with a
high degree of precision. The process begins with

gathering datasets about deforestation, which will be used
as inputs into the proposed system. After receiving the
dataset as input, the system begins the preparation phase,
which involves removing any unneeded or blurry photos.
In order to achieve picture normalization, the next module
is given these preprocessed photos. Image normalization
ensures that all input photos have consistent light and
contrast levels throughout the dataset. After that, the
normalized images are fed into the CB-CNN module to
train the model. The presence of deforestation activity is
next tested using the trained model and the collected
photos. There have been fruitful outcomes from the
approaches thorough evaluation.

In the future, the proposed deforestation detection system
can be enhanced by integrating real-time satellite and
drone imagery to enable continuous and large-scale
monitoring. Advanced deep learning architectures such as
transformer-based vision models and hybrid CNN-RNN
frameworks can be explored to further improve detection
accuracy and temporal analysis of deforestation patterns.
The system can also be extended to classify different
types of land-use changes, such as urban expansion or
forest degradation. Integration with cloud and GIS
platforms would support scalable deployment, real-time
alerts, and decision support for environmental authorities.
Additionally, incorporating explainable Al techniques
can improve model transparency and trust for policy-
making and conservation planning.

REFERENCES

[1] N. Suksangpanya and C. Supunyachotsakul, "Semi-
Automatic Classification of Rotating Crops in Northern
Thailand by Using Temporal LANDSAT Images," in
Journal of Mobile Multimedia, vol. 18, no. 3, pp. 807-
819, May 2022, doi: 10.13052/jmm1550-4646.18317.

[2] S. Jamali, P. -O. Olsson, M. Miiller and A.
Ghorbanian, "Kernel-Based Early Detection of Forest
Bark Beetle Attack Using Vegetation Indices Time Series
of Sentinel-2," in IEEE Journal of Selected Topics in
Applied Earth Observations and Remote Sensing, vol. 17,
pp- 12868-12877, 2024, doi:
10.1109/JSTARS.2024.3425795.

[3]G. G. Wang et al., "Climate-smart forestry: an Al-
enabled sustainable forest management solution for
climate change adaptation and mitigation," Journal of
Forestry Research, vol. 36, art. no. 7, Nov. 2024, doi:
10.1007/s11676-024-01802-x.

© 2026, IJSREM | https://ijsrem.com

| Page 9


https://ijsrem.com/

SO TY
b R
@5“ International Journal of Scientific Research in Engineering and Management (IJSREM)

Volume: 10 Issue: 03 | March - 2026

5

SJIF Rating: 8.659 ISSN: 2582-3930

[4] M. Kulicki, C. Cabo, T. Trzcinski, J. Bedkowski, and
K. Sterefczak, "Artificial Intelligence and Terrestrial
Point Clouds for Forest Monitoring," Current Forestry
Reports, vol. 11, art. no. 5, Jan. 2025, doi:
10.1007/s40725-024-00234-4.

[5] A. Causevic, S. Causevic, M. Fielding, and J. Barrott,
"Artificial intelligence for sustainability: opportunities
and risks of utilizing Earth observation technologies to
protect forests," Discover Conservation, vol. 1, art. no.
20, Jul. 2024, doi: 10.1007/s44319-024-00023-9

[6] A. Kumar et al., "Forest fires and climate change in
India: impacts, adaptive strategies, and pathways for
climate action (Sustainable Development Goal-13),"
Environmental Sciences Europe, vol. 37, art. no. 147, Jan.
2025, doi: 10.1186/s12302-025-01195-6.

[7] X. Liu, M. Forkel and J. Kranz, "Investigating the
Association of Seasonal Dynamics in GEDI Canopy
Cover Profiles and Sentinel-1 Backscatter in Temperate
Forests," in IEEE Geoscience and Remote Sensing
Letters, vol. 21, pp. 1-5, 2024, Art no. 2505205, doi:
10.1109/LGRS.2024.3443525.

[8] W. Castro et al., "Deep Classification of Algarrobo
Trees in Seasonally Dry Forests of Peru Using Aerial
Imagery," in IEEE Access, vol. 13, pp. 54960-54975,
2025, doi: 10.1109/ACCESS.2025.3553752.

[9] Y. Zhao and Y. Ban, "Assessment of L-Band and C-
Band SAR on Burned Area Mapping of Multiseverity
Forest Fires Using Deep Learning," in IEEE Journal of
Selected Topics in Applied Earth Observations and
Remote Sensing, vol. 18, pp. 14148-14159, 2025, doi:
10.1109/JSTARS.2025.3560287.

[10] M. Kirsch, J. Wernicke, P. S. Datta and C. Preisach,
"Early Detection of Forest Disturbances in Homogeneous
Stands — Deep Learning-Based Monitoring of Picea
Abies," in IEEE Journal of Selected Topics in Applied
Earth Observations and Remote Sensing, vol. 18, pp.
22300-22316, 2025, doi:
10.1109/JSTARS.2025.3603094.

[11] H. A. Tesema, J. Durai, and A. N. Alamerew,
"Bamboo biomass estimation for sustainable forest
management and climate mitigation: a comprehensive
review of allometric models and emerging technologies,"
Discover Sustainability, vol. 6, art. no. 1315, 2025, doi:
10.1007/s43621-025-02001-2.

[12] H. Sharma and S. Kaur, "Deep learning for
sustainable development across climate, energy,
agriculture and urban systems," Discover Sustainability,
vol. 6, art. no. 1408, Dec. 2025, doi: 10.1007/s43621-025-
02186-6.

[13] B. Rotich, M. Ndalila, D. Mwenda, and S. Makindi,
"Forest fires in Kenya: a systematic review," Discover
Forests, wvol. 1, art. no. 12, Jun. 2025, doi:
10.1007/s44415-025-00012-5.

© 2026, IJSREM | https://ijsrem.com

| Page 10


https://ijsrem.com/

