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Abstract—In an era where rapid urbanization and environ-
mental degradation often clash, balancing development with
ecological preservation has become a critical challenge. This
work presents a practical framework for optimizing decisions
around deforestation, with afforestation serving as a vital
complement to maintain ecological stability. The model uses
straightforward algorithms and real-time data to evaluate
the connections between tree cover, air quality, and pollution
levels. By analyzing spatial data on plant species distributions
and pollution trends, the framework employs clustering tech-
niques like DBSCAN and decision-making methods such as
AHP and TOPSIS to identify deforestation zones that would
minimize environmental harm. Results show a significant im-
provement in air quality with selected regions experiencing a
31.1% increase in AQI compared to the average. Additionally,
the framework highlights the importance of afforestation in
restoring lost tree cover and reducing the long-term ecological
impact of deforestation. By harnessing real-time data and
insights on tree species and their distribution, this model offers
a clear pathway toward cleaner air, healthier ecosystems,
and sustainable development. This approach offers actionable
insights into sustainable land management.

Keywords—Deforestation, Air Quality, Sustainable Develop-
ment, Tarjan’s Algorithm, AHP, TOPSIS, DBSCAN, Environ-
mental Assessment, API

I. INTRODUCTION

Deforestation is one of the most critical environmental
issues that continue to plague our planet, affecting biodi-
versity, climate, and life. It is a crisis that has occurred
over decades, shaped by a combination of demographic,
economic, and policy factors. Demographic pressures and
agricultural expansion were the main causes of deforestation
during the 1980s, particularly in Southeast Asia and Latin
America [1]. During the 1990s, industrial agriculture, inter-
national trade, and increasing global demand for consumer
products were the principal drivers of large-scale deforesta-

tion [2].

Referred to as the “lungs of the planet” for helping store
carbon and regulate the climate, the Amazon rainforest is
undergoing alarming rates of deforestation. If this trend
continues, research suggests that the Amazon may become
a carbon source instead of a carbon sink thus accelerating
climate change [3][4]. Such a situation calls for policies that
not only protect ecosystems but also balance conservation
and development goals.

Economic assessments show that the underlying drivers
of deforestation vary by region, due to shifting agricultural
prices, labour dynamics, and infrastructure expansion across
regions. Rapid urbanization and industrialization have also
led to increased pressures on forested areas, contributing
to long-term deforestation trends in many regions. Such
aspects drive the decision-making processes, which is why
there is a need for targeted interventions [5][6].

Tackling deforestation is a complex issue that requires the
understanding of its many effects. Recent studies show that
combining land management practices with conservation
efforts is essential. This approach can help us address local
issues while also aiming for global sustainability goals. The
goal is to minimize the impact on the environment while
also supporting economic development in communities that
rely on forests. The primary contributions of this work are
as follows.

o A weighted scoring model is proposed to recommend
optimal deforestation areas by considering environ-
mental and socio-economic factors.

o The model integrates air quality data to evaluate the
ecological impacts of deforestation.

o DBSCAN clustering and AHP are used for identifying
optimal clusters, taking into account both environmen-
tal conditions and tree density.



The paper is organized as follows: Section II presents
related works in the areas of deforestation, urbanization,
and the role of technology in assessing and mitigating
deforestation impacts. Section III outlines the methodology,
including the data collection process, clustering algorithms,
and the weighted scoring model for deforestation recom-
mendations. Section IV provides the results and analysis,
focusing on the optimal deforestation recommendations.
Finally, Section V concludes the paper by summarizing the
key findings and discussing future research directions.

II. RELATED WORKS

Deforestation research has advanced over the years, from
foundational insights to advanced, data-driven methods.
Early studies focused on identifying socio-economic and en-
vironmental drivers. Gatti [1] highlighted the Amazon’s role
as a carbon sink and its transition to a carbon source due to
deforestation, emphasizing its global climate implications.
Puyravaud [2] standardized the calculation of deforestation
rates, addressing inconsistencies in earlier methodologies
and providing a baseline for comparative studies. Balboni
et al. [3] provided an economic analysis of tropical defor-
estation, identifying policy interventions to balance conser-
vation with development. Nawaz et al. [4] analyzed the air
pollution tolerance of tree species in urban environments,
identifying species suitable for environmental management.
Guo et al. [5] developed a framework for selecting tree
species to mitigate air pollution, demonstrating the potential
of integrating ecological and urban planning metrics. Grylls
and van Reeuwijk [6] explored how urban air quality is
affected by tree species, advocating for localized, species-
specific analysis.

Culas [7] reviewed the socio-economic causes and conse-
quences of tropical deforestation, emphasizing the need for
policy interventions tailored to regional contexts. Tegegne
et al. [8] examined the evolution of drivers of deforestation
in the Congo Basin forests, proposing policy options to
mitigate forest loss. Nowak et al. [9] evaluated the impact
of trees and forests on air quality and human health,
offering insights into the ecological value of urban forestry.
Fearnside [10] discussed deforestation in Amazonia, em-
phasizing its implications for climate and biodiversity. Aide
et al. [11] integrated GIS data and biodiversity indices to
evaluate reforestation efforts, offering actionable insights for
sustainable forest management.

Advancements in satellite imagery and machine learn-
ing have transformed deforestation studies. Manoharan et
al. [12] demonstrated the potential of machine learning in
classifying tree species based on environmental parameters,
improving species-specific decision-making. Schooler et
al. [13] proposed a multi-objective optimization framework
that integrates wildlife habitat goals into timber harvest

management, striking a balance between ecological preser-
vation and economic productivity. Maison et al. [14] ex-
amined how urban trees impact air quality, highlighting
the balance between aerodynamic effects and biogenic
emissions in cities. Ramadasan et al. [15] utilized CNN-
based segmentation techniques to detect deforestation from
satellite images with high precision. Prabu et al. [16]
integrated machine learning and satellite data to improve
change detection, showcasing the use of automated tools in
large-scale forest monitoring.

Mamtha et al. [17] analyzed changes in land use and
patterns of deforestation in the Indian Nilgiris district,
providing region-specific information for sustainable devel-
opment. Prasad [18] developed interactive statistical models
to understand the impact of human agricultural activities on
tropical deforestation and climate change.

The proposed approach integrates spatial clustering and
advanced decision-making techniques to identify optimal
deforestation zones with minimal ecological impact. These
studies focus only on species suitability for pollution miti-
gation [4][5] or on broad economic analyses of deforestation
[3][18], but the proposed method combines localized eco-
logical data, air quality metrics, and clustering methods such
as DBSCAN to achieve targeted and sustainable measures.
The study offers a comprehensive framework for controlled
deforestation, contributing to the growing body of research
in this field.

III. METHODOLOGY

This section outlines the approach to sustainable defor-
estation decision-making which integrates spatial data
analysis, machine learning techniques, and multi-criteria
decision-making frameworks. The process starts with data
collection and then goes on to clustering tree locations
and environmental data, such as air quality metrics. Fig.
1 illustrates the methodology, which is then followed by
explanations of each step.

A. Data Collection and Preprocessing

The proposed work uses spatial and ecological data to
cluster trees and assess air quality based on their location.
The dataset used is the "Presence Absence Train” from the
GeoPlant dataset, with 1,483,637 entries across 11 columns.
It includes data such as latitude, longitude, species ID,
and survey details, which are important for studying plant
distributions.

After this, air quality data including AQI, nitrogen diox-
ide (NO2), carbon monoxide (CO), and particulate matter
(PM2.5) were collected via the OpenWeatherMap API.
These pollutants strongly correlate with air quality, urban
pollution, and deforestation [4][14]. Since trees reduce these
pollutants, they play a vital role in evaluating deforestation’s
environmental impact [6]. Given the dataset size and API
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Fig. 1: Flow Diagram.

limitations of 60 requests per minute, clustering was applied
as a simplification technique to preserve spatial accuracy.
Fig. 2 illustrates the spatial distribution of pollutant levels
across clusters, providing insights into local pollutant levels.

DBSCAN clustered the dataset into approximately 10,800
clusters, effectively handling noise and identifying arbitrary
shapes, achieving a Silhouette Score of 0.4160. Cluster
centroids, representing average geographic coordinates, re-
trieved AQI and weather data. Tarjan’s algorithm ana-
lyzed ecological connections, treating clusters as nodes and
proximity-based links as edges. Fig. 3 highlights critical
regions for ecological stability using articulation points
and bridges, providing insights for sustainable deforestation
strategies.
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Fig. 2: Pollutant Levels.
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B. Tree Evaluation and Ranking Algorithm

This subsection describes the method for evaluating and
ranking tree clusters for deforestation. The model incor-
porates air quality, species importance, and tree density to
minimize ecological disruption during tree removal. Input
factors include species, the number of trees, and geographic
location/radius.

Tree clusters are ranked using AHP and TOPSIS based on
air quality impact, species diversity, and tree density. AHP
assigns weights through pairwise comparisons, while TOP-
SIS ranks clusters by calculating distances from ideal and
negative-ideal solutions. Visualizations like spatial maps
and score distributions support the analysis.

Species: Clusters with target species are highlighted and
ranked, prioritizing clusters with lower ecological signif-
icance for removal while ensuring key species like oak
(Quercus robur), for example, are carefully assessed. Fig. 4
shows the species distribution.

Number of Trees: Clusters are ranked using AQI, species
presence, and tree density. Weighted scoring balances eco-
logical preservation with resource needs, prioritizing mini-
mal ecological value clusters while protecting biodiversity
hotspots.

Location and Radius: Specific geographic areas and



radii are considered, clustering them with DBSCAN. Clus-
ters are ranked by air quality, biodiversity, and tree den-
sity, aiding region-specific deforestation decisions. Fig. 5
demonstrates where these inputs are evaluated. Tarjan’s
algorithm ensures essential ecological connections remain
intact by identifying key points in the cluster graph.
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Fig. 4: Scatter plot illustrating the distribution of the input species
in comparison to all tree clusters.
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Fig. 5: Input location with specified radius and clusters.

IV. RESULTS AND ANALYSIS

This section presents the outputs of the proposed frame-
work. These results validate the model’s effectiveness in
identifying optimal deforestation zones while preserving
critical ecological connections.

A. Species

QOutput: The model recommends specific clusters con-
taining the input species, highlighting their locations within
the study area, enabling targeted decision-making.

Performance: Fig. 6 illustrates species density distribu-
tion, highlighting the high-density input species clusters.
Fig. 7 compares pollution levels, showing that selected
clusters minimize pollution and support environmental ob-
jectives.
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B. Number of Trees

Output: The model prioritizes regions with sufficient
trees for removal. Fig. 8 highlights trees marked for re-
moval, facilitating targeted deforestation decisions.
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Fig. 8: Trees Marked for Removal Based on Input Number of
Trees.

Performance: Fig. 9 compares air quality across clusters,
showing lower pollution levels in chosen clusters, validating
the model’s effectiveness.

C. Location and Radius

QOutput: The model recommends clusters based on geo-
graphic inputs, ensuring regions within the specified radius
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are prioritized. Fig. 10 highlights spatial arrangements.

Performance: Fig. 11 compares air quality among trees
overall, within the radius, and selected for removal, demon-
strating the model’s success in identifying low-impact clus-
ters.

As'l'gee Locations with Trees Marked for Removal

45.5
45.4
453{ 4

45.2

Latitude
»®
134 Ce

45.1

45.0

44.9 All Trees
e Trees for Removal

4.5 5.0 5.5
Longitude

Fig. 10: Trees Marked for Removal Based on Input Location and
Radius.

Other Pollutants Comparisor

Average AQI Comparison
5

Polluto

oL il

Recommen ded Removal Location area Al Areas noz @ P2

Fig. 11: Average AQI and Pollutant Comparison Across Different
Groups.

Additionally, Table I compares air quality metrics across
clusters, aiding environmentally conscious decisions.

D. Afforestation and Sustainability

While recommending tree removal, the model empha-
sizes afforestation measures. For every tree removed, native
species suitable for local conditions should be planted
to restore balance. Implementing long-term afforestation
strategies maintains biodiversity, stabilizes ecosystems, and
improves carbon sequestration, ensuring sustainability.

1. Species
Metric Selected Areas All Areas
AQI 2.00 2.17
CO 283.72 295.62
NO2 12.34 9.94
PM2.5 19.46 19.89
2. Number
AQI 1.06 1.54
CO 1.72 6.77
NO2 170.53 248.94
PM2.5 1.29 7.53
3. Location
Metric | Selected Areas | Location Areas | Other Areas
AQI 2.53 3.77 1.54
NO2 13.62 46.24 6.77
CO 351.35 696.84 248.94
PM2.5 28.13 54.77 7.53

E. Comparison with Prior Work

This study merges environmental data with socio-
economic analysis to more deeply understand the impact
of deforestation. Influential works like those by Guo et al.
[5] and Nawaz et al. [4] consider species’ roles in pollution
mitigation, while Ramadasan et al. [15] and Prabu et al.
[16] use remote sensing for data collection. Here, we focus
on localized tree clustering for precise intervention.

Research in the Nilgiris District [17] emphasizes the
need for localized environmental assessments. By linking
air quality metrics with clustering, this study provides a
framework for identifying sensitive areas, aiding sustainable
urban planning.

The approach has improved AQI by 31.1% in selected
areas, showcasing that strategic deforestation can enhance
air quality and ecosystem health. Future work will look
to incorporate real-time data and broaden environmental
criteria to refine decision-making in urban and regional
planning.

Table II contrasts traditional methods with recent ad-
vancements and our approach, highlighting improvements
in decision frameworks and environmental impact.

Future enhancements could include:

o Using live data for timely and accurate assessments.

« Expanding ecological criteria to include water quality

and soil health.

« Applying remote sensing for precise deforestation area

identification.

o Analyzing long-term climate trends to protect vital

ecological regions.

V. CONCLUSION

In conclusion, this work presents an algorithm-driven
approach to tree removal, emphasizing that it is not a
promotion of deforestation but rather a means of addressing
inevitable situations with ecological sensitivity. Trees are



TABLE II: COMPARISON OF TIMBER HARVEST OPTIMIZATION AND DEFORESTATION RECOMMENDATION SYSTEM.

timber yield and habitat preservation.

Aspect Timber Harvest Optimization [13] Proposed Work

Objective Optimize timber harvesting while preserving elk habi- | Recommend tree clusters for removal by evaluating
tats and biodiversity. several factors.

Scope Focused on sustainable forest management in rural | Applicable to regions affected by deforestation, using
areas like Afognak Island, Alaska. a clustering-based, data-driven approach.

Methodology Multi-objective optimization with trade-offs between | Clustering (DBSCAN), AHP for weight assignment,

and TOPSIS for ranking tree clusters.

Key Data Used
matic and land cover data

Timber harvest data, Habitat suitability indices, Cli-

Air quality metrics, Species diversity and density,
Cluster rankings

Ecological Focus
fragmentation.

Preserve wildlife habitats while minimizing forest

Minimize ecological damage by low-

significance clusters for tree removal.

targeting

Tools and Techniques
algorithms for forest management.

Spatial and temporal habitat analysis, optimization

Environmental data retrieval via API, clustering, and
multi-criteria decision-making techniques.

Output

providing Pareto-efficient solutions.

Trade-offs between timber yield and habitat quality,

Ranked clusters with recommendations for deforesta-
tion, balancing air quality and ecology.

vital for biodiversity, air quality, heat reduction, and overall
environmental health. Any decision to remove a tree must
be balanced with a commitment to restoration and refor-
estation. For instance, urban forestry best practices advocate
planting three to five trees for every tree removed, ensuring
long-term ecological balance and sustainability.

This methodology prioritizes minimizing environmental
impact by integrating air quality, tree density, and species
significance into decision-making processes. It promotes
balancing urban development with ecological preservation,
encouraging eco-friendly planning. The goal is to address
immediate urban challenges while contributing to a greener,
healthier future for generations to come. In addition, af-
forestation efforts help restore lost tree cover, further sup-
porting ecological resilience and climate change mitigation.
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