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Abstract - his project introduces a robust YOLO-based
framework designed to enhance the accuracy and efficiency
of real-time animal detection using webcam feeds. By
leveraging the strengths of the YOLO (You Only Look Once)
algorithm, this model effectively captures both broad and
detailed features of animals in dynamic environments,
creating a comprehensive detection tool. The architecture’s
optimization strategies allow it to maintain high levels of
detection accuracy, even in challenging conditions such as
varying lighting and partial occlusions—common realities
in wildlife monitoring. Experimental results demonstrate
significant improvements in performance metrics, including
precision, recall, and F1 score, when compared to
traditional object detection approaches. The model's
resilience, shown through evaluations on diverse datasets,
indicates it is well-suited for applications in wildlife
conservation, agriculture, and urban monitoring, where
environmental conditions can fluctuate. Moreover, the
computational efficiency of the framework supports its
feasibility for real-time applications, providing a solution
that is both accurate and resource-efficient. Through this
work, we contribute a powerful tool to one of the pressing
challenges in animal monitoring: achieving reliable
detection in real-world scenarios. The success of this model
underscores the potential of YOLO-based systems in
advancing wildlife monitoring technologies, ultimately
assisting researchers and conservationists with timely
insights that can enhance decision-making and improve
outcomes in animal management.
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1.INTRODUCTION

YOLO, or "You Only Look Once," is a state-of-the-art, real-
time object detection system that has gained popularity
for its speed and accuracy. Unlike traditional methods that
apply a sliding window technique to detect objects, YOLO
treats object detection as a single regression problem,
predicting bounding boxes and class probabilities directly
from full images in one evaluation. We plan to monitor the
Sathyamangalam forest, ensuring the safety of both

animals and humans. This project focuses on the
development of a robust real-time monitoring system
using YOLO (You Only Look Once) object detection, with
the primary objective of detecting hazardous animals and
promptly alerting forest rangers to mitigate potential
risks. Additionally, we aim to explore model ensembling to
enhance detection accuracy and reliability while promptly
alerting forest rangers in case of dangerous animal
sightings. As we stand at the intersection of ecological
preservation and technological advancement, this project
exemplifies the potential for interdisciplinary
collaboration to address complex environmental
challenges, we approach to wildlife management that
could set new standards for conservation practices
worldwide.

1.1 Background of theWork

The wildlife detection and alert system project aims to
develop a comprehensive solution for monitoring animal
movements in protected forest areas and notifying forest
officers when animals cross designated boundaries. The
system will utilize strategically placed camera traps and
sensors, leveraging computer vision and machine learning
technologies for accurate animal identification and species
classification. Key components include a real-time detection
system, precise boundary definition, and an efficient alert
mechanism delivering notifications via a mobile app, SMS,
and email. The project also encompasses data management
and analytics for tracking animal movement patterns.
Technical requirements involve hardware deployment,
softwaredevelopment, and integrationwith variousservices.

1.2 Motivation and Scope of the ProposedWork

The wildlife detection and alert system project aims to
develop a comprehensive solution for monitoring animal
movements in protected forest areas and notifying forest
officers when animals cross designated boundaries. The
system will utilize strategically placed camera traps and
sensors, leveraging computer vision and machine learning
technologies for accurate animal identification and species
classification. Key components include a real-time detection
system, precise boundary definition, and an efficient alert
mechanism delivering notifications via a mobile app, SMS,
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and email. The project also encompasses data management
and analytics for tracking animal movement patterns.
Technical requirements involve hardware deployment,
software development, and integration with various
services. Challenges include ensuring system reliability in
remote areas, minimizing false positives, and protecting
equipment from environmental factors. Success criteria
include high detection accuracy, timely alerts, and a
measurable reduction in human-wildlife conflicts.

We also got some help from an expert in machine
learning on Discord community. They've been like a guide,
showing us how to resolve the errors we got during the
training process, like recommending lowering the Python
and PyTorchversion and suggesting the right parameters to
set on trainingmodel. And they also guided us to implement
the real timemonitoringwith extracting the key information
like bounding box coordinates of the captured frame and the
accuracy to alert the forest rangers and as well as pushing
those data to our database to train the new model when
certain threshold of data gathers for model ensembling.

2. METHODOLOGY
The methodology for this project involves manually
extracting frames from CCTV footages of the
Sathyamangalam forest. We preprocess the extracted
frames. This involves resizing, standardizing lighting
conditions, and ensuring consistency in image quality. We
also annotate the images with bounding boxes and labels to
identify hazardous animals. We train ourmodel using YOLO
object detection algorithm. Training involves feeding our
annotated dataset into the YOLO model. We fine-tune
various parameters to optimize detection accuracy and real-
time performance. We reiterate the trainingprocessuntilwe
get a satisfactory result.We preprocess the extracted frames.
This involves resizing, standardizing lighting conditions,and
ensuring consistency in image quality. We also annotate the
imageswith bounding boxes and labels to identifyhazardous
animals. We train our model using YOLO object detection
algorithm. Training involves feeding our annotated dataset
into the YOLO model. We fine-tune various parameters to
optimize detection accuracy and real-time performance.
We reiterate the training process until we get a
satisfactory result.

2.1 SystemArchitecture
Themodel training process begins with the preparation of
our custom dataset comprising locally sourced images of
Indian Elephants, SlothBears, and Tigers, which undergoes
preprocessing including resizing to 640x640 resolution,
normalization, and augmentation techniques such as
random horizontal flips, rotations, and brightness
adjustments to enhance model robustness against varying
environmental conditions, followed by the training of
YOLOv5s model on an NVIDIA RTX 4060 GPU utilizing
CUDA acceleration with a batch size of 16 and an initial
learning rate of 0.01with cosine annealing scheduler,

where the training process spans 100 epochs utilizing
transfer learning from COCO pretrained weights,
incorporating techniques like multi-scale training and
mosaic augmentation for improved detection of objects at
various scales, while the evaluation pipeline implements a
comprehensive assessment using metrics including mean
Average Precision (mAP@0.5 and mAP@0.5:0.95).

2.2 DataAcquisition
Manual data collection from local sources and IP cameras.
Image annotation and labeling for three target species.
Dataset curation focusing on various lighting conditions,
angles, and environmental factors .Implementation of data
augmentation techniques to enhance dataset diversity

2.3 Model Training
Utilization of YOLOv5s architecture optimized for RTX 4060
GPU .CUDA acceleration implementation for improved
training performance .TrainingmultipleYOLOv5modelswith
different configurations .Cross-validation to ensure model
robustness .Fine-tuning hyperparameters withguidancefrom
Discord community

2.4 Ensemebling Implementation
Development of ensemble architecture combining multiple
YOLOv5 models . Integration of weighted voting system for
detection confidence .Implementation of Non-Maximum
Suppression (NMS) for overlapping detections .Optimization
of ensemble inference speed for real-time processing

2.5 DevelopmentModule
Focuses on implementing and training the YOLOv5s
architecture on NVIDIA RTX 4060 GPU with CUDA
optimization, incorporating transfer learning from COCO
pretrained weights, custom augmentation pipelines, and
hyperparameter optimization to achieve optimal model
performance for wildlife detection tasks.

2.6 Alert SystemModule
Integrates Twilio API for automated SMS notifications,
implementing intelligent alert management with features
like cooldown periods and geofencing to ensure relevant
stakeholders receive timely notificationswhile preventing
alert fatigue, including customizable alert templates for
different scenarios.

2.7 Integerating andTestingModule
Manages the comprehensive testing of all system
components, including unit testing, integration testing, and
end-to-end system validation, ensuring robust
performance across various operational scenarios and
environmental conditions.
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Fig -1- Flowchart

3. CONCLUSIONS

The success of this model underscores the potential of
YOLO-based systems in advancing wildlife monitoring
technologies, ultimately assisting researchers and
conservationists with timely insights that can enhance
decision-making and improve outcomes in animal
management.

Suggestions for FutureWork

1. ExpandingDataDiversity: Training themodelona
broader range of battery types and conditions can
enhance its adaptability to different Environmental
conditions.

2. Continuous Learning Impact : As we are
implementing Ensembling the model will be in a
potential state of increasing it’s accuracy using the
real time data from the process.

3. Wildlife Insights : For researchers and scientist
these model help them in knowing the behaviour
and pattern through our dataset leading to more
discovery in the wildlife .
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