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Accurate tree enumeration is essential for forest land diversion,
environmental monitoring, and sustainable forestry management.
Traditional methods rely on manual counting, which is time-consuming,
labor-intensive, and prone to errors. This paper presents an automated tree
enumeration system using advanced image analytics and deep learning
models, including YOLOv8, YOLOv9, and YOLOv10. The system
processes aerial and satellite images to detect, count, and classify trees with
high accuracy. The backend, developed in Python, integrates OpenCV and
TensorFlow for image processing and real-time object detection. The
frontend, built using Streamlit, provides a user-friendly interface for image
uploads and instant visualization of tree count results. By automating tree
enumeration, this system significantly improves accuracy and efficiency,
aiding environmental authorities, policymakers, and forest management
professionals in making data-driven decisions for sustainable land use.

Keywords— Tree enumeration, Image analytics, YOLOvS, YOLOV9,
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INTRODUCTION

mining, and industrial zones. One of the key legal and

Forests play a critical role in maintaining ecological environmental prerequisites before such diversion is

balance, supporting biodiversity, and serving as the accurate assessment of the number and type of

essential carbon sinks. However, with increasing trees that would be affected. Traditionally, this

demands for infrastructure development and urban enumeration is done through manual surveys, which

expansion, forest land is frequently proposed for are labor-intensive, time-consuming, and often prone

diversion to non-forest uses such as roads, dams, tohuman error and subjectivity.
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With advancements in remote sensing technologies
and the growing availability of high-resolution
satellite imagery and drone-based aerial photographs,
image analytics has emerged as a promising solution
for automating the process of tree enumeration. By
leveraging image processing techniques and machine
learning algorithms, it is now possible to identify,
count, and classify trees over large and often
inaccessible forested areas. This reduces dependency
on manual ground surveys while enhancing the speed
and accuracy of tree assessments.

Image analytics involves the use of computational
methods to extract meaningful information from
visual data. In the context of forestry, this includes
techniques such as object detection, pixel
classification, and spectral analysis. High-resolution
images captured through UAVs or satellites can be
processed to detect tree canopies, estimate their sizes,
and even differentiate between species based on color,
texture, and shape. The integration of artificial
intelligence allows for the continuous improvement
of these models by learning from labeled datasets.
This approach has profound implications for forest
conservation and regulatory compliance. Forest
departments and environmental clearance bodies can
use image-based analytics to make informed decisions
regarding compensatory afforestation, environmental
impact assessments, and biodiversity preservation.
Additionally, having accurate digital records of tree
counts aids in legal accountability and transparency in
forest diversion processes.

Moreover, image analytics facilitates repeatable and

scalable tree assessments over time. This is
particularly useful for monitoring reforestation
efforts, tracking forest health, and ensuring

compliance with conservation guidelines. In areas
where terrain or security concerns make physical
access difficult, remote image-based enumeration
becomes not just beneficial but essential.

Despite its many advantages, implementing image

analytics for tree enumeration comes with challenges

such as image resolution constraints, occlusion by
dense canopy, and the need for region-specific
models. However, ongoing research and technological
advances in geospatial analytics and deep learning are
continually addressing these limitations, making
automated tree detection increasingly robust and
reliable.

In conclusion, the application of image analytics in
tree enumeration marks a significant step forward in
the sustainable management of forest resources. By
combining  technology = with  environmental
stewardship, this method ensures that development
does not come at the cost of ecological degradation,
enabling smarter and greener decision-making in
forest land diversion projects.

Brain haemorrhage, a critical medical condition
involving bleeding within or around the brain tissue,
requires immediate and accurate diagnosis to improve
patient survival rates and reduce the risk of long-term
neurological damage. Traditional diagnostic methods,
such as CT scans and MRIs, depend heavily on expert
interpretation, which can be time-consuming and
prone to human error. In recent years, the rapid
(AD),

particularly in machine learning (ML) and deep

advancements in artificial intelligence
learning (DL), have opened new frontiers in the field
of medical imaging and diagnosis. These intelligent
systems can analyze complex image data with high
precision, offering faster and often more consistent
results than manual assessment.

This study explores the potential of ML and DL
techniques in automating the detection of brain
haemorrhages, aiming to assist radiologists and
improve early diagnosis. By leveraging the pattern
recognition capabilities of these models, especially
convolutional neural networks (CNNs), the detection
process can become more efficient and accessible,
particularly in emergency settings. The integration of
such intelligent methods into healthcare systems
could revolutionize the way brain injuries are

detected and treated.
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RELATED WORKS

The CDP Global Forests Report 2023 highlights the
urgent need to transition from viewing forests as a
liability in development projects to recognizing them
as assets for long-term environmental resilience. The
report stresses the risks that deforestation poses to
global supply chains and emphasizes the importance
of transparent reporting, sustainable land use, and
conservation-focused development practices [1].
Hannah Ritchie’s 2021 analysis on "Deforestation and
Forest Loss" provides a comprehensive overview of
global trends in forest depletion. The study traces the
historical context of deforestation, current drivers,
and regional variations, emphasizing the increasing
from urbanization, and

pressure agriculture,

infrastructure development on natural forest cover
[2].

In a more recent publication, Ritchie, Samborska, and
Roser (2024) explore the effects of urban expansion
on land use in their article “Urbanization.” They
discuss how rapid city growth, especially in
developing economies, often comes at the cost of
nearby forests and green belts. The work underlines
the need for sustainable urban planning that
incorporates natural ecosystems [3].

The Global Infrastructure Hub (GIHUB) provides
extensive insights into national infrastructure trends,
including in countries like Germany. GIHUB’s open-

access platform highlights how different nations

manage the balance between infrastructure
development and environmental conservation,
offering  valuable comparisons for emerging

economies [4].

In his work on infrastructure growth in India, De
(2008) discusses the interplay between national
development policies and the environmental trade-
offs involved. His analysis in the context of East Asian
regional integration sheds light on how infrastructure
projects frequently encroach wupon ecologically
sensitive areas, including forests, making a case for
and sustainable infrastructure

more balanced

planning [5].

EXISTING METHOD

Image Data Acquisition

The first step in implementing an automated tree
enumeration system is collecting high-quality visual
data of forest areas. This can be done using drone-
mounted cameras, aerial surveys, or high-resolution
satellite imagery. The selection of data sources
depends on the budget, required accuracy, and
coverage area. Drones are often preferred for smaller,
localized regions due to their flexibility, while
satellite data is ideal for monitoring large or remote
forest areas.

Preprocessing of Images

Once the raw image data is collected, it must be
preprocessed to improve clarity and remove noise.
Preprocessing includes operations such as contrast
enhancement, normalization, noise reduction, and
image alignment. This ensures that the data fed into
the model is clean and consistent. Preprocessing may
also involve georeferencing the images, allowing the
system to map tree locations with accurate spatial
coordinates.

Image Segmentation

The next phase involves segmenting the images to
isolate the tree canopy regions from the background.
Image segmentation techniques such as thresholding,
region-growing, and edge detection are applied to
distinguish tree crowns from other elements like soil,
water bodies, or shadows. For improved accuracy,
deep learning models like U-Net or Mask R-CNN can
be used to perform semantic segmentation, especially
in dense forests where tree canopies overlap.

Object Detection Using Deep Learning

After

employed to detect individual trees. Convolutional

segmentation, deep learning models are

Neural Networks (CNNs), especially models like
YOLO (You Only Look Once) or Faster R-CNN, are
used for object detection tasks. These models are
that include

trained on labeled datasets tree
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annotations. They can identify and count tree crowns,
even in complex scenes with varying tree sizes,
shapes, and shadow patterns.

Training the Model with Annotated Data

For reliable performance, the detection model needs
to be trained on a robust dataset with accurate labels.
A representative dataset is created by manually
annotating thousands of trees from various forest
images. During training, the model learns to
recognize features such as canopy texture, shape, and
color. Data augmentation techniques like rotation,
flipping, and brightness adjustment help in improving
the model’s robustness.

Model Validation and Tuning

After training, the model is validated using a separate
dataset to test its generalization ability. Performance
is evaluated using metrics such as accuracy, precision,
recall, and F1-score. If the results are not satisfactory,
the model is fine-tuned by adjusting hyperparameters,
improving the training dataset, or using deeper
networks with more complex architectures. Ensuring
the model performs well under different lighting and
seasonal conditions is also essential.

Tree Counting and Enumeration

Once the model accurately detects trees, the next step
is to count the number of identified objects in the
image. The detected tree crowns are counted and
optionally tagged with geographic coordinates. In
cases where tree density is high, post-processing
techniques are used to differentiate between closely

packed canopies and avoid duplicate counting.

Dataset Collection

|

Data Preprocessing

l

Image Segmentation

l

Obiject Detection Using Deep Learning

|

Training the Model with Annotated Data

|

Tree Counting and Enumeration

|

Report Generation and Decision Support

Fig 1: Flow graph of Existing Method

Integration with GIS Platforms

The counted tree data is then integrated with
Geographic Information Systems (GIS) to visualize
and analyze spatial patterns. This integration enables
forest authorities to track deforestation, plan
the

environmental impact of land diversion. Users can

compensatory  afforestation, and  assess
also overlay this data with land use maps, wildlife
zones, and soil quality reports for deeper insights.
Report Generation and Decision Support

The final output of the system includes detailed
reports showing tree counts, locations, estimated
canopy cover, and species classification if applicable.

These reports support decision-makers in evaluating
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forest land diversion proposals, estimating ecological

loss, and planning conservation efforts. The system

can also generate temporal analysis reports to track

changes in forest cover over time.

Real-Time Deployment and Automation

To make the system scalable and deployable in real-

world scenarios, automation tools are integrated for

real-time image processing. This enables forest

departments to conduct regular monitoring without

manual intervention. Cloud-based solutions and edge

computing make it possible to process large datasets

efficiently, while mobile apps or web dashboards

allow stakeholders to access real-time data remotely.

Disadvantages and Solutions

e Low detection accuracy in complex forestry
environments.

e Manual tree counting is slow, inefficient, and
error-prone.

e Traditional image processing struggles with

overlapping tree canopies and varying lighting

e Limited scalability for large-scale forest area
monitoring.

e High computational costs in some existing Al-
based models.

e Lack of user-friendly interfaces, making it

difficult for non-technical users to operate.

PROPOSED METHOD

Aerial Image Collection

The implementation begins with acquiring aerial or
satellite images of forested areas. Drones equipped
with high-resolution cameras or commercially
available satellite imagery services are used to capture
images across varying altitudes and angles. These
images serve as the raw input for the tree detection
model. Proper flight planning and image overlap
settings are crucial to ensure that the entire region is

covered without gaps.

conditions.
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Fig 2: The Architecture of Proposed Method

Image Preprocessing

Before detection, the collected images undergo
preprocessing to standardize quality and prepare them
for model inference. Steps include resizing, contrast
enhancement, and noise removal. Georeferencing

may also be applied to align the images with real-

world map coordinates. This ensures that tree
detection results can be accurately mapped and used
for spatial analysis.

Model Selection and Configuration

The core detection engine relies on the YOLO (You
Only Look Once)

family of object detection

International Journal of Scientific Research in Science, Engineering and Technology | www.ijsrset.com | Vol 12 | Issue 3

&



S Ranjitha et al Int J Sci Res Sci Eng Technol, May-June-2025, 12 (3) : 488-496

algorithms. The latest versions—YOLOv8, YOLOV9,
and YOLOvl0—are integrated depending on the
hardware and performance requirements. YOLOv8
provides fast inference with high accuracy, while
YOLOvV10 offers improved depth and handling of
dense canopies. The models are pretrained on general
datasets and then fine-tuned with labeled forest
imagery to adapt to the specific task of tree detection.

Backend Development with Python and TensorFlow

The backend is built using Python, leveraging
libraries like TensorFlow for model training and
inference. Image input pipelines are created to
manage bulk image uploads and batch processing.

TensorFlow handles real-time inference through

[ LT

optimized GPU-based computation, allowing trees in
aerial images to be detected and classified within
seconds.

Training and Fine-Tuning YOLO Models
YOLO models

a curated dataset containing tree

To customize the for forestry
applications,
annotations is used for training. Trees are labeled
with bounding boxes in thousands of sample images.
The models are trained on this dataset with varying
augmentation techniques (flipping, scaling, brightness
adjustments) to simulate diverse forest conditions.
Metrics like mean Average Precision (mAP),
precision, and recall are monitored during training to

ensure model robustness.

—
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Fig 3: The Implementation Process of Proposed Method

Real-Time Tree Detection and Enumeration

Once trained, the YOLO model is deployed for real-
time tree detection. Aerial images are passed through
the model, which detects tree crowns and outputs
bounding boxes along with confidence scores.
Detected trees are counted automatically, and their
positions are marked on a grid layout. The use of
YOLO enables rapid, accurate detection, even in

densely vegetated regions with overlapping canopies.

Streamlit-Based Frontend Development

To facilitate user interaction, a lightweight yet
intuitive frontend is developed using Streamlit. Users
can upload images, view detection results, and
download reports through a simple web interface.
The interface also displays analytics such as total tree
count, canopy area estimates, and spatial distribution,
making it suitable for users without technical

expertise.
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Cloud Integration for Scalable Processing

The system is hosted on cloud platforms (e.g., AWS,

GCP, or Azure) to ensure high availability and

scalability. Cloud computing resources process large

volumes of data concurrently, allowing authorities to

analyze vast forest regions in minimal time. This also

supports remote access, enabling stakeholders across

different locations to access results via the web portal.

GIS Mapping and Spatial Analysis

The geolocation data from tree detection is fed into

GIS tools for mapping and visualization. The results

can be layered over terrain, vegetation type, or forest

boundaries to assist in spatial analysis. These maps are

essential for understanding the impact of land

diversion and help in planning conservation efforts or

afforestation drives.

Report Generation and Decision Support

Finally, the system automatically generates analytical

reports summarizing tree counts, density, and

geographic distribution. These reports are critical for

environmental clearances, legal documentation, and

policy-making. They help stakeholders quickly assess

the environmental cost of forest land diversion and

make informed, data-driven decisions for sustainable

development.

Advantages:

e High detection accuracy using advanced YOLO-
based deep learning models.

e Real-time tree enumeration for rapid decision-
making and analysis.

e Automated processing eliminates the need for
manual labour and reduces human error.

e  Cost-effective and scalable, making it suitable for
large-scale forest area monitoring.

e Intuitive web-based interface for easy access,
image upload, and result visualization.

e (Capable of handling

complex

forestry

environments, including overlapping tree

canopies and varying lighting conditions.

Applications:

Forest Land Diversion Assessment
The system plays a crucial role in evaluating forest
areas earmarked for developmental activities such as
road construction, mining, or infrastructure
expansion. By providing an accurate count and
distribution of trees, it assists forest departments and
regulatory bodies in determining the environmental
impact of diverting forest land.

Environmental Monitoring

This technology enables continuous observation of
forested regions to detect deforestation, illegal
logging, or degradation. Frequent image analysis can
track changes in tree density and health, helping
authorities respond promptly to ecological threats and
violations.

Carbon Stock Estimation

Tree count and canopy size are essential indicators in
calculating carbon sequestration potential. The system
can provide foundational data for estimating forest
carbon stocks, supporting climate change mitigation
strategies and carbon credit assessments under global
sustainability frameworks.

Reforestation Planning

Tree enumeration data can be used to identify
deforested patches, monitor regrowth, and plan
reforestation projects. Planners can track planting
efforts, evaluate survival rates, and optimize strategies
based on accurate tree distribution data from multiple
time periods.

Urban Forestry Management
the

municipalities manage green cover by mapping trees

In urban environments, system can help
in parks, streets, and community spaces. This assists in
urban planning, tree maintenance scheduling, and
ensuring compliance with green cover regulations.
Biodiversity Conservation

Knowing the number and distribution of trees in
various ecological zones aids in understanding the

habitats of various species. It supports biodiversity
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conservation programs by helping identify critical
areas that require protection or ecological restoration.
Disaster Impact Analysis

After natural disasters like cyclones, wildfires, or
floods, the system can be deployed to assess tree
damage quickly. It allows for a rapid post-disaster
analysis of forested zones to support recovery

planning and compensation claims.
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Fig 4: The Confusion Matrix of Proposed Method

Metrics Visualization

B4

ic Walue

& ‘ & &

Fig 5: The Comparison of Metrics of Proposed
Method

RESULTS AND DISCUSSIONS

Performance

This figure 4 shows the normalized confusion matrix
illustrates classification accuracy across defect types.
The diagonal values represent correct predictions,
with higher values indicating better accuracy. Off-
diagonal values show misclassifications, where a row
class was incorrectly predicted as a column class.

Strong accuracy in some classes.

Fig 6: The Comparison of Metrics of Proposed
Method

This bar chart in fig 5, presents key model
performance metrics, including precision, recall,
mAP50, mAP50-95, Higher

precision and recall indicate strong classification

and fitness scores.
performance, while mAP50 and mAP50-95 represent
average precision at different IoU thresholds, showing
detection accuracy. The fitness score reflects overall
model optimization

This plot in fig 6, visualizes training and validation
losses, key metrics (precision, recall, mAP50, mAP50-
95), and learning rates across epochs, showing model
performance and rate

improvement learning

adjustment over time.

CONCLUSION

The implementation of deep learning models such as
YOLOv8, YOLOvY9, and YOLOv10 for tree
enumeration provides an advanced, automated

solution for forest land assessment. Through rigorous
training on the Tree Enumeration Dataset from
Roboflow, the models effectively detect and count
trees from aerial and satellite imagery, significantly
reducing the challenges associated with manual
enumeration. Among the tested models, YOLOv10
demonstrated superior accuracy and robustness,
followed closely by YOLOV9 and YOLOvVS8. The
comparison of model performances in terms of

precision, recall, and inference speed highlights the
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trade-offs between detection accuracy and processing
efficiency. The use of these state-of-the-art object
detection models ensures a scalable and reliable
approach for environmental monitoring,
deforestation tracking, and resource planning. This
study validates that deep learning-based image
analytics can serve as a valuable tool for forest
management and conservation efforts. Future work
can focus on enhancing model generalization across
diverse terrains, integrating multispectral imagery for
species classification, and deploying real-time
monitoring systems to improve the sustainability of

forest ecosystems.
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