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Abstract: Rapid urbanization and industrialization have contributed to
deforestation which has led to a severe degradation of the environment and
biodiversity loss. Traditional field survey methods are not applicable in the
monitoring of large forest areas due to the fact that such methods are manual,
costly and time consuming as well as subject to human error. The current
methods of remote sensing cannot effectively detect various tree species and
the number of trees in large areas as well. To address these issues, this paper
introduces a computerized system of tree detection and species identification
on high-resolution image data and image analysis methods. The suggested
system uses the combination of remote sensing data and deep learning
objects detection and classification models to identify, count, and classify
tree species using large forest cover. The framework has higher accuracy and
faster processing in comparison with traditional surveys and simple
approaches of remote sensing. This methodology is useful in the mass
evaluation of biodiversity and gives accurate information on the monitoring
of forests and land-use studies. The system allows making precise and
prompt decisions based on the data to achieve sustainable forest management
and conservation of natural resources by facilitating precise and timely
counting of trees and identifying the species with the use of the system by

Introduction

Fast industrial development zones along with
expanding urban growth produce harmful ecological
consequences that strongly affect forests. Human
settlements operating inside cleared forest areas generated
major biodiversity impacts that led to extensive
environmental devastation. Traditional manual forest
survey methods fail to monitor transformations because
they produce high operational expenses and necessitate
long-duration work as well as human mistakes in the data
collection. Liu et al. (2019) shows modern monitoring
solutions must transform into effective systems for forest
ecosystem protection and monitoring since there is now
substantial market interest in protective forest technology. In
response to this challenge, the proposed research displays a
framework that combines high-resolution remote sensing
data with intelligent detection algorithms to identify and
enumerate tree species. The framework supports
conservation planning and biodiversity assessment using
reliable data on species distribution and density.
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Different automated tree enumeration frameworks and
tools require proper recognition during image analytics
operations to safeguard the environment through
expandable solutions. Previous research data provided by
Publisher Roboflow (Mohana et al., 2023) allowed for
dataset administration in tree enumeration tasks. The
project implements a valuable methodology by
incorporating satellite imagery from Google Earth Engine
but uses Sentinel data specifically. Tool users benefit
from increased resolution of remote sensing data because
it makes tree enumeration both precise and scalable thus
adding substantial worth to the process.

The tree classification needed raw Convolutional
Neural Network (CNN) layers instead of relying on pre-
trained models as shown in Persson et al. (2023). The
customized approach to our model construction makes it
unique to the specific nature of the dataset that leads to
better tree classification results. Our approach provides
fresh distinctions from the current works while
maintaining better specialized methods in tree research
using remote sensing.
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A brief overview of several research papers and
other resources, which were analyzed, are given below.
Suteri et al. (2024) talked about enumeration and
classification using YOLOv4 and CNN respectively
and received good results. Koneru et al. (2018)
introduced the factor of Cartosat2 High-resolution
Imagery from the Satellite Cartosat2 which helped
them in Tree Enumeration. Paper Mohana et al. (2023)
introduced the CLAHE method for effective
enhancement of image quality. Persson et al. (2023)
applied various Deep Learning techniques and Linear
Discriminant Analysis for Tree Classification and to
achieve a higher level of accuracy while classification.

Waleed et al. (2020) used an automatic scheme for
detecting and counting olive trees using red band
extraction and Sobel edge detection. Ligade et al. (2024)
talked about the utilization of Geographical Information
System (GIS) data and Satellite Imagery for
distinguishing plants depending on their characteristics
such as bark, color, and shape, which enables precise
monitoring. Djerriri et al. (2018) used regression-based
CNN for palm tree counting which resulted in high
accuracy using low effort. Aparna et al. (2018)
incorporated high resolution UAV images and used CNN
to automatically count coconut trees.

The recent literature has extensively covered the
application of data-driven and remote sensing methods in
monitoring the environment and analysing infrastructures,
as well as assessing trees. Some studies have centered on
massive environmental recordings, in which the
worldwide pattern of deforestation and local
benchmarking were determined by FAQ information and
satellite records to discern how the forested zone had
transformed over an extended period (Safonova et al.,
2021). In the same way, the population increase of cities
and the consequences of this increase on infrastructures
have been discussed with the help of the World Bank and
UN data sets with the help of such visualizing sources as
OurWorldInData.org (Freudenberg et al., 2022).

Several infrastructure-related studies have employed
government databases and standardized surveys to assess
the patterns of infrastructure investment, supply chain
transparency and national development projects
(Weinstein et al., 2020; Zhao et al., 2023). Further to that,
research that speaks of infrastructure expansion and the
economic impetus has also highlighted the contribution of
long-term investments in determining the result of
regional and national development (Ventura et al., 2024).
Portals of government projects have also been used to
obtain insights regarding infrastructure projects under
different national programs (Huang et al., 2024).

Advanced deep learning and remote sensing have
been adopted in the context of forestry applications.
The classification of tree species has been done through
active and passive remote sensing data and GIS tools,

which have given the opportunity to conduct the
ecological assessment accurately (Birla et al., 2025).
The performance of the tree classification has also been
enhanced using UAV-based RGB images with CNN
models that enable automatic features extraction when
the high-resolution images are processed (Jiang et al.,
2025). In tree counting tasks, deep neural network
architectures including Faster R-CNN also have been
used with a better performance in terms of accuracy and
scalability in forest monitoring tasks (Shukla et al.,
2025).

Nonetheless, studies done before investigated
different approaches to tree counting and classification
like the conventional image processing algorithms like
Sobel edge detector to the current trends in object
detection and specifically trained classification networks,
none of them have integrated modern developments in
each of the object detection and tailored classification
algorithms. Our project is unique because we have utilized
YOLOV8 which is a superior object detector algorithm
with a high rate and precision that is able to enumerate
trees in a highly effective and accurate manner even on
multifaceted forest images. We have also used a trained
CNN (Convolutional Neural Network) which is
specifically trained to classify tree species and a fine-
tuned version has been trained on our data to enable a
higher accuracy than when using generic off-the-shelf
architectures.

Methods
Architecture Design Specification

The system flow structure represents the entire
working process of our tree discovery and categorization
system. The system is divided into a sequence of properly
distinct phases, each being of considerable importance in
providing a smooth and effective pipeline from data
collection to ultimate prediction and visualization. Such
phases are modeled to work synchronously with each
other, both contributing to the overall performance and
accuracy of the model but even to its adaptability and
scalability.

One of the primary strengths of this architecture is that
it is flexible across various forest ecosystems, making the
system operate optimally even when ported to new or
heterogeneous environments. By designing the system
modularly as done here, we make maintenance easy,
improve generalizability, and even future integration of
other capabilities such as real-time monitoring or multi-
species classification. Fig. 1 shows the in-depth system
architecture.

The system flow architecture diagram shows the
complete workflow process of our tree enumeration and tree
species classification system. When the system initialization
occurs, the process activates from beginning to end.

1101



Devam Dixit et al. / Journal of Computer Science 2026, 22 (3): 1100.1112
DOI: 10.3844/jcssp.2026.1100.1112

Start System
e e
Collect and
Preprocess Data

Train Enumeration
and Classification
Modeis

[Aenal Image] Leaf Image]
Det T Classdy
Specses

Display Tree Count
and Species Class
»

Fig. 1: System Design Architecture for Tree Enumeration and
Tree Species Classification

The system requires input data collection after starting
the initialization process. The data set comprises aerial
images dedicated to tree counting and close-up leaf
images dedicated to species classification. The
preprocessing steps during this stage entail operations for
resizing with normalization, noise reduction, and data
augmentation techniques that make input images prepared
for model training through consistency and clarity.

After data pre-processing, the system goes ahead, to
train two independent models, each optimized to handle
specific functions: One is for tree enumeration (tree
detection) and another for tree species classification.
Having a double model strategy enables the system to
specialize and become best for every input type. Satellite
images are used in the tree detection model to detect and
count the number of individual trees found in an input
image. Simultaneously, leaf images are fed to the
classification model, and it predicts each tree species from
exclusive visual characteristics embedded in the leaf
patterns. Once both models have made their predictions,
the output is passed on to the last step in the pipeline.

The suggested framework is based on the two-step
workflow of operations aimed at forest management as
opposed to one-to-one identification on the tree level. At
the initial phase, the analysis of high-resolution satellite
images by the YOLOV8 object detection model allows

estimating tree density and spatial distribution of forest areas.
This macro level analysis gives fast and scaling data on the
number of trees and the possible places of ecological interest.

The second phase involves processing of the ground-
level leaf images that have been scanned by a surveyor or
field worker with a custom CNN-based classifier to detect
tree species. These leaf images are examined on a local
scale individually where species level recognition is
possible as fine-grained visual information is available.

The conceptual integration of the two modules is done
at the decision-support level and not the level of the
individual tree. The results of satellite-based enumeration
are applied to steer and prioritize the field surveys,
whereas the results of species classification are provided
by the region-wise aggregation to be used to support the
biodiversity assessment and conservation planning. The
system does not put the effort to make a given linkage of
a specified satellite-detected tree to a specific leaf image
as such a connection would need the accurate geolocation
labeling as well as the special infrastructure to procure
ground-level of leaf image information that would be
time-intensive and more intricate.

In the last step, the system prints out the output,
presenting the estimated number of trees and the known
species for each instance. This user interface enables
stakeholders, be they forestry professionals, ecologists, or
conservation planners, to take and make use of the results
in practical applications.

Data Collection

We only used existing sources for acquiring data
throughout the tree enumeration and species classification
project. Satellite imagery acts as the fundamental tool for
performing our tree enumeration tasks. The data
collection took place from Google Satellite Images which
provided full visibility of trees across broad forest areas.
The primary purpose of this dataset existed to detect
separate trees across the distribution space. The satellite
images transmitted essential data about both tree
distribution density and canopy position along with
general health indicators used widely for ecological
surveys and resource planning. We manually annotated
500 satellite images and used them for YOLOv8 model
training. The tree species classification evaluation
required the implementation of Leaf Dataset which
contains high-resolution leaf images labeled into different
species types. This dataset offered extensive biological
diversity because it contained leaf characteristics such as
form and texture as well as vein patterns together with
different color shades which make species identification
possible. We obtained the labeled Leaf Dataset that
included in total 3000 images of 10 leaves together with
their corresponding species information. The biological
features within this dataset were essential for performing
tree species identification. We used publicly available
datasets to eliminate manual data collection needs while
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maintaining mentioned levels of diversity and quality
which prepared suitable data for model training and data
analysis purposes.

The satellite imagery was used to enumerate the trees
by using Google Earth Engine (GEE) that was primarily
supplied by Sentinel-2 satellite mission. Sentinel-2 has 10
meters spatial resolutions of visible and near-infrared
bands in multispectral optical imagery. At a Ground
Sample Distance (GSD) of 10 m, individual tree canopies
could be identified in the moderately dense forest areas
successfully. The selected image was manually inspected
and marked in order to generate bounding box labels to
train the YOLOV8 object detection model.

The leaf image data that are to be utilized during the
classification of the tree species was gathered by the
publicly available sources and classified into nine distinct
tree species. The data set is composed of approximately
3,000 samples of RGB leaves each of which is a sample
of a tree species. The pictures were all brought to the
similar resolution and enhanced by the standard image
transforming techniques in order to enhance the
robustness. The data is not proprietary and it can be
reconstructed with the assistance of publicly shared
repositories. The data has no known benchmark data such
as Flavia or Swedish Leaf.

Data Processing

The model received preprocessed data through two
procedures: It first standardized image dimensions
through resizing then secondly applied noise reduction to
remove artifacts. The data became more suitable for
training Deep Learning Models through pixel intensity
value normalization procedure. The established
methodology allowed rapid tree identification because it
extracted important spatial information from space-based
image data. The images of the satellites mostly depict
tropical and semi-urban forests. Although the dataset
includes moderate visual diversity, it is not representative
of all biomes of forests in the world.

Through the implementation of data augmentation
techniques which included rotating images alongside
modifications in flipping and scaling and brightness control
adjustments, the model became more robust. The applied
transformations expanded the variety of input images thus
enabling better generalization abilities when the model
confronts previously unknown leaf visuals. The dataset was
divided into different subsets for training while validation
and testing functions performed error promotion with
accuracy determination and precision/recall monitoring.

The bounding box regression loss in YOLOV8 can be
calculated using the Generalized Intersection over Union
(GloU) loss function, as shown in Eq. (1):

BNB, C—-(BUBg)
Leoy =1 — (l a - | = I) (1)

| BUBg| |c|

Where:

Lciou is Generalized Intersection over Union Loss
B is the predicted bounding box

Bgt is the Ground Truth Bounding box

C is the smallest box enclosing both B and By

The calculation includes B for predicted bounding box
alongside Bgt for ground truth box together with C for the
smallest box enclosing both B and Bgt. The first term in
Eg. (1) shows the first component in the loss function
represents regular Intersection over Union calculation
while the second part imposes penalties on predictions
which fail to match all together with ground truth
annotations:
z(TP;) (2)

Final Test Accuracy = Z(TP+ FP, £ FN,)
L L L

Where:

TP; are True positives for class i

FP; are the False positives for class i
FN;are the False negatives for class i
i is the class index

In Eq. (2), the equation evaluates accuracy through
calculation of TPi which stands for true positives and FPi
for false positives as well as FNi for false negatives of
class i. This equation determines the detection accuracy
through an analysis of correctly detected objects against
all detected and missed objects.

Model Selection and Building

Fig. 2 shows the system diagram of our entire project.

Data Collection
ation

Data PreProcessing
Anotate acquired Satellite
images Technigues

Data PreProcessing
Using Image Enhancing

Model Selection and Value
dition
Selection of basic CNN model and
add in various Convolution and
Pooling Layers.

Model Selection and Training
YOLOv8 model selection and load
a pretrained model

Tree Detection and
Counting
Detect trees using bounding

boxes
Integration and U1

Classification
Te:

is trained for testing

Fig. 2: System Diagram for Tree Enumeration and Tree Species
Classification using YOLOV8 and Custom CNN
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The workflow focuses on automating tree enumeration
and species classification using various Deep Learning
techniques.

The entire process begins with data collection from
two sources: Satellite images for tree enumeration and a
leaf dataset for species classification. Both these datasets
undergo preprocessing - satellite images are annotated to
label trees whereas the leaf images are enhanced to
improve clarity.

We have selected two very different models for both
our tasks after extensive research from previous works
and papers, we decided that YOLOV8 would be the best
for Tree Enumeration and CNN would excel in
classification. Upon selection, the YOLOvV8 model
architecture was loaded and left to be trained on a blank
slate on the annotated satellite dataset to recognize and
estimate the number of trees in the form of bounding
boxes. For Species Classification, we built a custom CNN
model by adding multiple convolution and pooling layers
to refine feature extraction.

The Model YOLOVS that was applied in this study to
enumerate trees was trained without the transfer learning.
This model was launched on the YOLOV8 network
structure file and the only data it was trained on was the
manually annotated set of satellite imagery data retrieved
through Google Earth Engine. There were no pre-trained
weights so that the model would learn task-specific
features that are relevant in task canopy tree detection and
not pass on generic object representations on large-scale
benchmark datasets. This training approach enables equal
consideration of the ability of YOLOVS8 to fit domain-
specific forestry data and it prevents bias that object
classes that are pre-trained can introduce.

After training, tree enumeration was performed by
detecting and counting trees from satellite images, while
the CNN model underwent testing. Once both the models
were ready, we integrated them. The Final output provides
an efficient and automated method to enumerate trees and
classify them, aiding in environmental monitoring, forest
management, and conversation efforts. The entire training
was done through Google Collaboratory. The training of
the YOLOV8 tree enumeration model and the special
CNN tree species classification model was performed
using an NVIDIA Tesla T4 graphics card having a 16 GB
graphics card memory and the benchmark of 12-13 GB
system RAM. The YOLOvV8 model used has been trained
on 100 epochs using the input image size of 640 x 640 and
finished the training process in a comparatively short
amount of time as it is a lightweight architecture and its
use of the GPU is optimized. On the contrary, the custom
CNN model used to classify tree species needed more
time to compute and took 80 epochs to train, averaging a
training time of about 300 seconds per epoch.

User Interface Design

After training and testing our model, we achieved

satisfactory results and decided to create a website using
React JS and Fast API for backend with integrated model
for tree enumeration and tree classification.

For the frontend, in our environment we created a react
app with all the required files. Our website contains three
primary functions, firstly, the website should have an
image uploading feature, secondly, a choice amongst tree
enumeration and classification is to be provided and
finally, the output from the model needs to be displayed.
To handle our uploading feature, we created a function
named handle submit that would append a file from the
user and pass it to the model. For the second task of choice
selection, we use the same handle submit function to pass
model type. We saved our model architectures in a
separate .py file in a backend folder, also we saved the
best points achieved from training the model into a
model’s folder which contained weight.

The flow of our system in phase 3 is as follows, firstly
the user will upload the image and press the submit button
which would load the image to our system then the user
will select whether the task is of enumeration or
classification, from a radio button, which will be passed
along with the backend. The backend runs on Fast API
which will take in the request from the user and if the user
has selected enumeration the image will be passed on the
YOLO model which is internally routed and connected to
its best point which contains weights that gave us the best
testing results.

Fig. 3 shows the User Interface (Ul) developed for tree
enumeration and tree species classification. The Ul allows
users to upload images and view the model's results
(processed images), including the number of trees
detected and the identified species based on leaf images.
It provides an easy-to-use platform for applying our
models in real-time, making tree monitoring and
classification accessible for forest management and
environmental studies.

# Tree Enumerator & Leaf Analyzer

Fig. 3: User Interface for tree enumeration and tree classification
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Results
Metrics

It has been verified that the proposed tree enumeration
and species classification system operated through YOLOV8
enumeration followed by Custom CNN model classification.
The enumeration phase of YOLOV8 delivered high accuracy
and efficiency throughout 100 epochs which resulted in
testing accuracy reaching 0.8665 and F1 score attaining
0.854. The model operated at 0.9108 precision and 0.803
recall levels when set to an Intersection over Union threshold
of 0.5. The model showed strong results in precision
evaluation through its mAP values which reached 0.8732 for
mAP@50 and 0.4648 for mAP@50-95.

Table 1 shows a detailed overview of the results that
were achieved after training our dataset using the
YOLOV8 model. The model was trained on a well-curated
dataset and fine-tuned in multiple iterations to ensure
optimal performance. Regular evaluation and parameter
tuning were performed during the training process to
improve the model's performance in detecting and
classifying instances of trees. As demonstrated in the
table, the model exhibits high performance metrics in all
the evaluation indicators, which reflects the quality of the
training strategy and data.

The model performed outstandingly with 86% test
accuracy, an F1 score of 85%, precision of 91%, recall of
80%, and a mMAP@50 of 87%. These outcomes
demonstrate the efficiency of the model in object
detection, with a good balance between accuracy,
precision, and recall, and verifying its trustworthiness for
practical detection and classification purposes.

Using 80 epochs within the Custom CNN model
training process produced 0.88 training accuracy and 0.87
testing accuracy. The F1 score reached 0.87 while
precision and recall values measured at 0.88 and 0.87
which show the system maintained a consistent and
balanced classification performance for tree species
identification. The combined system consisting of
YOLOV8 enumeration abilities with Custom CNN
classification capabilities provides an efficient method.

The model performed outstandingly with 86% test
accuracy, an F1 score of 85%, precision of 91%, recall of
80%, and a mMAP@50 of 87%. These outcomes
demonstrate the efficiency of the model in object
detection, with a good balance between accuracy,
precision, and recall, and verifying its trustworthiness for
practical detection and classification purposes.

Using 80 epochs within the Custom CNN model
training process produced 0.88 training accuracy and 0.87
testing accuracy. The F1 score reached 0.87 while
precision and recall values measured at 0.88 and 0.87
which show the system maintained a consistent and
balanced classification performance for tree species
identification. The combined system consisting of
YOLOvV8 enumeration abilities with Custom CNN
classification capabilities provides an efficient method.

Table 1: Dashboard indicating results of YOLOV8 for Tree
Enumeration using Satellite Imagery

Parameter Value
Model YOLOvVS8
Epochs 100
Testing Accuracy 0.8665
F1 Score 0.854
loU Threshold 0.5
Save Period 1
Precision 0.9108
Recall 0.803
mAP@50 0.8732
mAP@50-95 0.4648

Inference Speed
Post-Processing Speed

2.1 ms (per image)
1.1 ms (per image)

Referring to Table 2, we analysed that 80 epochs were
best fit for our epoch training after evaluating results from
various other epoch measures. On our best fit epoch, we
achieved a 87% testing accuracy without any overfitting,
which suggested that the entire model is balanced and
performing well.

The identification of the species of trees is conducted
with the assistance of a specially designed Convolutional
Neural Network (CNN), being fine-tuned to the leaf
image analysis. The network captures the RGB leaf
images with the size of 128 by 128 pixels. It has three
convolutional blocks, which are followed by the batch
normalization, RelLU activation and max-pooling to
extract hierarchical features sequentially.

According to Table 3, the convolutional layer is the
first layer with 16 3 3 filters and padding to maintain the
spatial dimension, then there is the batch normalization
and 2 2 max-pooling layers. The second convolutional
layer localizes the feature to 32 filters whose kernel size
and pooling are the same. The third convoluted layer
further increases the representation to 64 filters which
allows the model to detect complex patterns of leaves, like
venation and texture.

The resulting feature maps are flattened and passed
through a 128 neuron fully connected layer with ReLU
activation. The final output layer that is used does multi-
class classification in nine tree species using a softmax
activation. The model is optimized on Adam optimizer
and the training is grounded on the cross-entropy loss.

An object detection model's training throughout
enables observing how Precision, Recall, mMAP@0.5 and
mMAP@0.5:0.95 components evolve during epochs
through this graphical representation shown in Fig. 4.

Table 2: Dashboard indicating results of Custom CNN model
for Tree Classification using Tree Leaf Dataset

Parameter Value

Model Custom CNN
Epochs 80

Training Accuracy 0.88

Testing Accuracy 0.87

F1 Score 0.87
Precision 0.88

Recall 0.87
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Table 3: CNN Model Architecture for Tree Species Classification

Layer No.  Layer Type Parameters Output Size
Input RGB Image 128 x 128 x 3 128 x 128 x 3
1 Conv2D + Batch Normalization + ReLU 16 filters, 3 x 3 kernel, padding = 1 128 x 128 x 16
2 Max Pooling 2x%x2 64 x 64 x 16
3 Conv2D + Batch Normalization + ReLU 32 filters, 3 x 3 kernel, padding = 1 64 x 64 x 32
4 Max Pooling 2x%x2 32x32x32
5 Conv2D + Batch Normalization + ReLU 64 filters, 3 x 3 kernel, padding = 1 32 x32x64
6 Max Pooling 2x%x2 16 x 16 x 64
7 Flatten — 16,384
8 Fully Connected (FC) + ReLU 128 neurons 128
9 Output Fully Connected Layer 9 neurons 9
Output Softmax (via Cross-Entropy Loss) — Class probabilities
Fig. 6 is a precision recall F1-score bar plot for all ten of
10 the same classes. Precision (blue bars) is the ratio of correctly
predicted instances to all predicted instances, recall (orange
bars) is the ratio of correctly predicted instances to actual
0.8 1
instances, and the F1-score (green bars) is the harmonic
mean of the former two. Most of the classes achieve a high
061 score on all three parameters, generally above 0.85 which
indicates even and effective classification. For example,
"Nilgiri" and "Pimpal" show consistently high scores,
e indicating faith in the models and good recall in identifying
such trees. There are some classes, such as "Karanj'" and "Sita
Ashok," where there are small variations where precision or
0.2 - . . . ap =g
— recall is below 0.9, indicating the possibility of rare false
recall alarms or missed detections.
5o} e e Fig. 7 depicts the Per-Class Accuracy of a classification
v = pe = = 5 model on various tree types. Each bar represents the

Fig. 4: All metrics over Epoch Graph for Tree Enumeration
using Yolov8

The model achieves effective learning between epochs
20 and 21 since all metrics rise from their starting points
near zero to peak values. The training process guarantees
stable growth for both precision and mAP@0.5 since
precision achieves values greater than 0.9 which indicates
high-quality predictions. mMAP@0.5:0.95 shows steady
growth before reaching a stable point at 0.45 while the
system recall stabilizes at 0.8.

The Precision Recall (PR) curves shown in Fig. 5,
assessment reveals the operational behavior of multi-class
classifiers between different tree species grouped into 11
categories. The assessment leads to vertical movement of
curves toward the top-right section because when
precision levels increase, recall levels also increase. The
performance curves of "Apta" and "Indian Rubber Tree"
graph near perfect levels. The tree identification accuracy
for species “Kashid” and “Pimpal” remains problematic
or unpredictable due to the difficulty of their
classification. The model performs well with certain
species but processing difficulties emerge for extra
species because the training data has inadequate class
distribution and overlapping features among species.

accuracy for an individual class, varying from 0.8 to nearly
1.0. The best class is Vilayati Chinch with nearly 98-99%
accuracy, and this is followed by Apta, Somnohar, and
Kashid, each having accuracies above 0.93. On the other
hand, the classes Karanj and Sita Ashok show the lowest
accuracy, both falling in the 80% range. This suggests that
even though the model is doing perfectly well on a few
classes, there is some room for better differentiation
between the more challenging or visually confused classes.

08

0.6

04

- i
6.2 4 — Class Nilgiri
—— Class Pimpal
Class Sita Ashok
—— Class Sonmohar
Class Vad
— Class Vilayati Chinch

0.0
00 02 04 0.6 0.8 L0

Fig. 5: Precision Over Recall Curve Graph for Tree
Classification using Custom CNN using Leaf dataset
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Fig. 7: Bar Graph for Testing Accuracy of Prediction for Tree
Species Classification

Performance

Two different tests established the tree identification
system by using YOLOV8 enumeration along with
Custom CNN maodel classification. The sequence of two
processing operations generates complete data including
tree numbers along with type details to perform forest land
diversion assessments.

During 100 epoch development of the YOLOv8 model
researchers obtained testing results with 0.8665 accuracy
alongside 0.854 F1 score. The model displayed
exceptional ability to detect and position trees accurately
when using an loU threshold of 0.5 because it delivered
precision results at 0.9108 and recall results at 0.803.
Analyzed precision stats were remarkably important
because they reached 0.8732 mAP@50 and 0.4648
MAP@50-95. YOLOvV8 demonstrates remarkable
efficiency features through its 2.1 ms image inference
speed in addition to 1.1 ms post-processing time to enable
real-time forest monitoring applications. Fig. 8 shows
Bounding boxes for each tree count or enumeration using
Yolov8 by our Yolov8 model. After 30 epochs of training the
Custom CNN model reached 0.9538 training accuracy which
converted into 0.7756 testing accuracy. The evaluation
metrics of F1 score precision achieved 0.78 yet recall
provided a result of 0.79 but F1 score registered 0.78 at best.

Although the model succeeds in identifying difficult
patterns its testing accuracy decrease indicates that it

avoids becoming overly specialized in producing precise
data predictions for unfamiliar observations. The
integration of both phases produces results which confirm
the effectiveness of implementing the proposed system.

The system enables quick tree density evaluations and
accurate species recognition to boost protection of
biodiversity as well as environmental influence study.
YOLOV8 acceleration together with detection speed
operating alongside the CNN-based classification abilities
leads to the comprehensive assessment of land-diverted
forest territories. Fig. 9 displays the successful identification
of the test Image which was classified as Sita Ashok.

With the results shown in above figs, we can infer that
our Tree Enumeration model that is YOLOV8 accurately
counts the number of trees in a single satellite image which
can help the government bodies or private companies to
ensure proper land management with the help of satellite
image.

Our Custom made CNN model successfully classifies
10 classes provided in our data which helps in identifying
the endangered or rare species in a particular area which
can help the government bodies or private companies to
ensure proper land management with the help of Tree
Species Leaf Images.

The confusion matrix in Fig. 10 shows a high level of
diagonal dominance which shows that the model has a good
level of classification accuracy on most of the tree species.
Apta, Indian Rubber Tree, Pimpal, Sita Ashok and Vilayati
chinch are examples of species with high true positive and
low false classification. There is some little confusion
between visual similar species like Karanj and Somohar and
Nilgiri and Kashid which can be understood as a result of
similarities in the texture and form of leaves. On the whole,
the small off-diagonal values present the strength of the CNN
model regarding the separation of various tree species with
respect to different visual features.

o

0186 prig f- 9253901 A BEDLDERS JTG BERMORT TATA 61T
b= 5

Fig. 8: Tree Enumeration using YOLOV8 showcasing Multiple
Test images with Bounding boxes provided by our
YOLOvV8 model
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Predicted Class: Sita Ashok

£

Predicted Class: Sita Ashok

Fig. 9: Predicted a test Image on Custom CNN model which
successfully classified the image as Sita Ashok
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Fig. 10: Confusion matrix of the CNN-based tree species
classification model showing class-wise prediction
performance across ten tree species

Comparative Analysis

Comparative analysis is a systematic process utilized
to compare and examine the performance, attributes, or
outcomes of two or more entities with similar conditions.
In computer vision and machine learning, this approach is
particularly effective in comparing different models or
algorithms for deciding which one gives better
performance in terms of accuracy, efficiency, and
reliability. By comparing multiple metrics such as
accuracy, precision, recall, F1-score, and mean Average

Precision (mAP), researchers can establish the strengths
and weaknesses of each model.

Our Comparative Analysis begins with interpreting
the results of the YOLOV8 and YOLOvV5 models, which
were trained for Tree Counting and Tree Detection. With
the help of above comparative analysis, we can scrutinize
which of the following models performs better and it
justifies the selection of the most suitable model for our
project. Table 4 shows the Comparative analysis between
the YOLOV8 and YOLOvV5 models where YOLOV8
always performs better in most of the key areas. With
86.65% testing accuracy compared to 70.7% for
YOLOV5, YOLOVS greatly outshines its overall detection
capability. Similarly, YOLOVS8 also reports a marginally
higher F1-score of 0.867 versus 0.839, reflecting a more
balanced trade-off between recall and precision. Accuracy
is ever so slightly higher in YOLOV8 (0.9108) versus
YOLOvV5 (0.902) and is also more effective at recall
(0.803 vs. 0.773), reflecting that YOLOV8 is more
effective at labeling objects of interest correctly. With
regards to localization precision, YOLOV8 is superior
with a higher mAP@50 (0.8732) compared to 0.829 for
YOLOV5, but YOLOV8's mAP@50-95 is marginally
inferior to YOLOV5's (0.4648 vs. 0.474), indicating that
YOLOV5 may be better at handling more challenging loU
thresholds. This compromise is negligible, however, and
YOLOV8 in general is the more precise and stable model
for object detection tasks in this comparison.

Models based on deep learning and YOLO have been
used in forestry applications in recent studies starting in
2021. Hani et al. (2023) tested the idea of counting trees
with the help of UAV imagery on the example of
YOLOV5, Aparna et al. (2018); Dijerriri et al. (2018)
tested their ideas on the basis of CNN with the purpose of
counting trees, but in small areas or with more complex
computation problems. Scalable canopy analysis
demonstrated by Zurgani (2021) has been applied to
Google Earth Engine but without any modern object
detection frameworks like YOLOV8. More recent studies
by Mahule et al. (2024); Ligade et al. (2024) devoted
attention to the tree enumeration of forest land diversion
without incorporating the classification on a species level.

Table 4: Dashboard indicating comparative results for Tree
Counting and Tree Detection

Parameters Values

Model YOLOv8 YOLOV5
Epochs 100 100
Testing Accuracy 0.8665 0.707
F1_Score 0.867 0.839
loU Threshold 0.5 0.5
Save Period 1 1
Precision 0.9108 0.902
Recall 0.803 0.773
MAP@50 0.8732 0.829
MAP@50-95 0.4648 0.474
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The proposed framework, in its turn, uses YOLOvV8
with satellite imagery of Sentinel-2 to count the number
of trees in large areas and integrates it with a local CNN
to label the species, thus taking recent studies using IOLO
in forestry to the next level of scalable large-scale
biodiversity assessment.

After completing the Tree Detection and Enumeration
task, we proceeded with Tree Species Classification by using
a Custom CNN model. The Comparative Analysis below
represents performance comparison of the Custom CNN
model with popular pre-trained models, that is, MobileNet
V2 and ResNet-50, in classifying the tree species.

The test accuracy of the Custom CNN is the greatest
(87) as compared to MobileNet V2 (81.28) and ResNet-
50 (82.02). This is because the Custom CNN is a task-
designed architecture designed in such a way that it is
fine-tuned to detect fine-grained leaf features like
venation structure, texture, and shape differences yielding
critical tree species discriminatory information. Although
the model has a moderate number of parameters of 2.12
million, they are in a compact architecture that fits the
domain of the target instead of using a large generic
representation featuring features.

MobileNetV2 has minimal parameters (0.01 million)
that are supposed to be mobile and edge-friendly. Even
though this enables it to be efficiently calculated, its lower
representational capability limits its visual comparability
of leaf species therefore reducing its classification
precision. In this setup, ResNet-50 is incompatible with
more time-constrained or resource-limited forestry
applications, since it has a significantly higher
computation cost (1.5686 s) and has a substantially
smaller parameter space (0.02 million).

Generally, Custom CNN provides a reasonable trade-
off among accuracy, complexity of model and inference
efficiency. Being more than two times faster than the
ResNet-50 (0.1513 s) and more accurate than both of the
baseline models, it indicates that a well-constructed
domain-specific CNN can be used effectively in the
specialized forestry task compared to generic pre-trained
models. Such a balance can be used to justify the fact that
the proposed Custom CNN architecture was chosen to
classify the tree species (Table 5).

Table 5: Dashboard indicating comparative results for Tree
Species Classification

Parameters Values

Model Custom MobileNet ResNet-50
CNN Model V2

Test Accuracy 0.87 0.81 0.82

Params (M) 2.12 0.01 0.02

Inference 0.1513 0.2433 1.5686

Time (s)

Discussion

The implementation of personal data obtained in
Google Earth Engine led to a higher detection accuracy
since high-resolution and uniform satellite data were
available. This confirms the choice of Sentinel-2 imagery
on Google Earth Engine to identify trees as the quality of
input data is directly proportional to the ability to find
objects more accurately and minimize false alarms. The
correct classification of trees under the proposed
framework once again proves that the methods relying on
deep learning could be a helpful tool in conservation and
habitat evaluation provided that they are trained on the
datasets that are related to the specific domain.

The acquired performance measures can be considered
to be effective as compared to the literature. Earlier studies
had found accuracy values to be between 48.6 to 96.6 with
the average accuracy of about 74.8% in varied experimental
setups (Devidas et al., 2024). Conversely, the framework
suggested  demonstrated  better  robustness  and
generalization as it better and more consistently performed
on tree enumeration and species classification. Professor
M. Waleed et al. claimed a mean accuracy of 90 percent
with multiple limb position analysis but their method had
the disadvantage of lower reliability in classification
because of the variations in poses (Waleed et al., 2020). In
the current work, these constraints are overcome through
the use of satellite images to enumerate and the use of leaf-
based visual characteristics to classify, which means a
higher degree of adaptability to diverse environmental
factors.

The proposed approach is also justified by the existing
studies. On satellite imagery, Suteri et al. (2024) achieved
85% of the accuracy with machine learning-based image
segmentation but did not enter species-level identification
(Suteri et al., 2024). Koneru et al. (2018) indicated that with
the Cartosat-2 satellite images, the detection rate was 78%
and only the large trees could be detected, but not classified
(Koneru et al., 2018). Mahule et al. (2021) reached 88
percent accuracy with the UAV imagery and CNN-based
analysis, but their method was restricted to structural
evaluation and did not enumerate large-scale on an
automated basis (Mahule et al., 2024). In contrast to these
works, this framework is the only one to utilize both big-
scale tree counting and species classification, which provides
a more extensive and scalable option to forest monitoring.

The practical implications of the suggested system
support the applicability of this system to the real-world
implementation of forest management and policy-making.
Quickly estimating the density of trees will help the
government agencies and the planning authorities to
estimate the level of forest cover prior to the approval of
the land diversion projects thereby mitigating the risk to
the environment. Also, species level classification aids in
the evaluation of biodiversity and to determine
ecologically sensitive species or endangered species
within an area. Whereas this research is confined to the
analysis of statistical images and does not take into
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consideration the optimization of embedded satellite
software and real-time management of faults, the obtained
results prove that Al-based surveying can deliver more
accurate and feasible insights compared to the traditional
manual survey. The dataset size (500 satellite images and
3,000 leaf images) was big enough to converge the model
but would be insufficient to generalize the results on a
global scale. All the above reasons substantiate the offered
framework as an efficient instrument of sustainable forest
management and decision-making in the environment.

Conclusion

The project uses high-resolution satellite imagery for
the purpose of enabling faster counting of trees on a wider
scale and with greater precision in the context of
development. The tree species identification is also used in
order to enable more precise ecological analysis and
enhanced biodiversity conservation practices. The tree
species identification enables the system to supply
information regarding ecosystem health and enable focused
conservation practices. Satellite integration with the
machine learning module presents real-time status during
tree density time and is contributory towards effective
decision-making to planning authorities, developers, as
well as environmental authorities. The system is not
impacted by human errors and offers prompt response
during the implementation of conventional surveys of trees
and thus optimizes forestry management to be efficient and
effective. The suggested system can be deployed in real
world owing to the small inference latency and moderate
computation needs. The framework is practical because
YOLOV8 can be used to perform analysis in near real-time,
whereas the CNN model can be used on standard GPUs. In
Future Scope we can use our framework to further achieve
the same objective of improving its autonomy, scalability
and real-world applicability by incorporating direct
camera-based image acquisition in the web platform. The
system can also be expanded in the future to enable the real-
time image capture with device cameras, mobile phones,
drones, or fixed monitoring cameras where manual
uploading of images is eliminated and data is collected on
site. This would enable the officials and field person in
charge of forests to take canopy/leaf images in real time and
get instant results on tree enumeration and species
classification with the use of the deployed models. Also, the
automated and periodic monitoring of the forest areas on
the large scale can be assisted with the help of UAV-based
imaging pipelines, which will help to detect the
deforestation, illegal logging and seasonal changes of the
vegetation. In order to enhance self-sufficiency, the trained
CNN model can be deployed on edge computing devices in
its lightweight version to conduct offline inferences in
isolated forest areas with weak connectivity. To add
geospatial tagging and time analysis, the system can be
extended to provide predictions with GPS coordinates and

time stamps which will enable long-term monitoring of the
tree density and distribution of tree species. Future
developments could involve incorporation of multispectral
data, evaluation of tree health and carbon estimation to
make the framework a complete autonomous decision-
support system in the management of sustainable forests.
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