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Abstract - In recent years, edge computing has
become an essential technology for real-time application
development by moving processing and storage capabilities
close to ending devices, thereby reducing latency, improving
response time, and ensuring secure data exchange. Much
research and numerous attempts have been made to apply the
new IoT technology to agricultural areas.

The main objective of this report is to protect the
crop from animal attacks. The conventional techniques have
the same kind of security applied to all the types of animals
detected based on a Passive IR sensor, and only single-stage
protection is applied. The images were captured and identified
with the help of machine learning and deep learning
techniques. The project was designed with a rectangular farm
area. On each side of the entrance, the device was installed to
capture the image for processing to identify the animals, based
on the animal identification, different levels of security were
applied, and that will produce different sounds with different
Db levels and variety of dazzling light.

This work provides a comprehensive description of
the design, development, and assessment of an intelligent
animal repelling system that allows for to detection and
recognition of the animals.

The enhancement is done by different levels of protection
and different types of protection based on the classified
animals. In initial level protection, making the noise and
lightning from the opposite side send the animal out of the
farm. If the animals are still on the farm, initiating the next
stage that the image will send to the owner. The accuracy of
all the methods discussed will be compared based on the
complexity of the technique, implementation cost,
reciprocating time, and accuracy of animal detection.

Key Words: Deep Learning, Artificial Intelligence, Animal
Detection, Crop proection, Smart Framing, IoT Based
Agriculture, Image Processing, Ultrasonic Repelling System,
Farm Security, Eco-Friendly Framing

1.INTRODUCTION

Wild animal detection is an interesting area of research. This
interest arises due to the increasing threat of animal rustling in
agriculture fields. Hence to best protect and monitor the
livestock or the conservation of wild animals, there is a need
to deploy technological systems with the competence to
combat the above-stated problems. One such technological
system is the use of neural network systems and computer
vision techniques combined with Machine learning-based
methodologies algorithms and Deep neural learning
techniques algorithms to deal with these problems. This thesis
concentrates on the use of computer vision techniques,
Machine learning-based methodologies, and Deep neural
learning techniques for performing detection of wild animal
attacks on the fields. Once the animal is detected the repelling

system will produce necessary action. Furthermore, the
obtained observations were carefully examined to ensure
reliable interpretation of the experimental process

2. Objectives
The following objectives were addressed in this project

Design the repelling device developed using the solar and
work independently without depending on the external supply.
Furthermore, the obtained observations were carefully
examined to ensure reliable interpretation of the experimental
process.

Analyze and evaluate the performance of the Machine
learning-based methodologies and Deep neural learning
techniques to classify wild animals using performance matrix.
Furthermore, the obtained observations were carefully
examined to ensure reliable interpretation of the experimental
process.

Design the repelling system to produce the actions
depending on the detected animals. Furthermore, the obtained
observations were carefully examined to ensure reliable
interpretation of the experimental process

3. Real-world problems of Image classification

Before going through the various picture categorization
techniques that can be utilized. Furthermore, the obtained
observations were carefully examined to ensure reliable
interpretation of the experimental process.

Let's have a look at some of the computer vision issues that
would be easy for a person to complete:

Viewpoint variation, ii) Scale variation, iii) Deformation, iv)
Occlusion, v) Illumination conditions,
vi) Background clutter, vii)Intra-class variation
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4. Test system description

The test system was designed by considering the agriculture
crop field of half hectors land. At the Center of each side land,
the pole arrangement of the camera with audio and lighting
equipment was placed to identify the animal and the repelling
action need to produce developed using the identification.
Furthermore, the obtained observations were carefully
examined to ensure reliable interpretation of the experimental
process.
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The test architecture consists of the sample area of the
monitored agricultural land. The animal repelling architecture
consists of a solar panel with a battery to operate remotely
without any power from the external source, a camera was
fixed below the solar panel to get the images as well as the
video of the farm, and the bottom of the pole consists of
speaker and lighting equipment to produce necessary repelling
depending upon the detecting animal

5.Introduction to the literature

To get a good understanding of the topic, a literature
review must be done, here for The present investigation, all
types of documents, reports, journal articles, conference
papers, and review papers were considered. A total of 75
reference documents were analyzed to get a better insight into
the animal detection and repelling system

Agriculture is vital to the economies of many countries
throughout the world. Despite economic progress, agriculture
remains the economy's backbone. Agriculture is the
economy's mainstay. It adds to the country's gross domestic
product. Agriculture satisfies people's dietary needs while also
producing a variety of raw resources for industry. However,
there will be significant crop loss due to animal interference
and fires in agricultural fields. The crop will be completely
ruined. There will be a significant number of farmer losses

[1].

It is critical to preserve agricultural fields
and farms from animal and fire damage to minimize financial
losses. To address this issue, a computational approach to
prevent animals from entering the farm in our planned work.
The main goal of The present investigation is to create an
intruder alarm system for the farm to prevent losses due to
animals and fire. These intruder alerts safeguard the crop from
damage, increasing agricultural output. The embedded
development system will not be hazardous to animals or
humans. The goal of the project is to create an intelligent
security system for agricultural safety [2].

Because they are noninvasive and simpler to
operate, motion-sensitive wildlife cameras, sometimes known
as camera traps, are becoming a more popular survey tool for
animal populations [3]. Camera traps are the most successful
and cost-effective solution for numerous species when
compared to other wildlife monitoring approaches [4].
Ambitious initiatives are expanding the scale at which
cameras are utilized on the landscape, with hundreds of
sensors currently rotating across thousands of sites [5],
sometimes with citizen scientists' aid [6].

6.Methods

7different algorithms were chosen for the categorization
task of animals. All these methods were compared on the
same test conditions and compared the results. The methods
were explained below with a detailed algorithm

1. K-Nearest Neighbor algorithm (KNN)

2. Support Vector Machine (SVM) algorithm
3. Multi-Layer Perception (MLP)

4. Convolutional Neural Networks (CNNs)

5. Recurrent Neural Networks (RNNs)
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6. Generative Adversarial Networks (GANSs)
7. Self-Organizing Maps (SOMs)

7. Calculating distance:

The first step is to calculate the distance
between the new point and each training point.
There are various methods for calculating this
distance, of which the most commonly known
methods are  Fuclidian,  Manhattan  (for
continuous), and Hamming distance.

Euclidian Distance: This is calculated as the square
root of the sum of the squared differences between a
new point (q) and an existing point (p).

The distance used here is the Euclidean distance:

ip0)= 0 a9 0

Manhattan Distace: This i the distance between seal vectors using the sum of their zbsolute

differemee.
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same, the distance D will be equal to 0. Otherwize D=1.

J Zm A 0

q=p-Dl
37— D

The Dartrset

The Animals data collection is a simple example data
collection to demonstrate how to train visual sample
classifiers using simple ML techniques as well as advanced
DL models algorithms. Images inside the Animals data
collection belong to ten distinct classes with 1,000 example
images per class.

To get the right K, you should run the KNN algorithm
several times with different values of K and select the one that
has the least number of errors.

The right K must be able to predict data that it hasn’t seen
before accurately.

Step 1. A data set is usually required when developing an
algorithm. As a result, you begin by loading the training and
test data.

Step 2. Select the closest data points (the value of K). Any
integer can be utilized as K.

Step 3. Carry out the following steps for each set of test data:

l.calculate the distance between test data and each row of
training using Euclidean, hamming or manhattan distance

when determining distance the Euclidean approach is the most
used.

2.sort the data set by distance value in ascending order.
3.Select the top K rows from the sorted array.

4.1t will assign a class to the test point based on the most often
occurring class in these rows.

Step:4 .End
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KNN Algorithm flow chart

SVM is a mapping of examples as points in
space, separated by a dividing plane that optimizes the
margin between them. SVM's key benefit is that it can
use the kernel method to do non-linear classification.
However, one of the key drawbacks of SVM
classification is the algorithm's speed and size
restrictions during both the training and testing stages.

SVM algorithm in which a line will be drawn
between two different categories to differentiate
between the classes. SVM is also known as the support
vector network.
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Support Vector Machine algorithm flow chart

MLPs use the weights that exist between the input layer
and the hidden layers to compute the input. To decide which
nodes to fire, MLPs employ activation functions. ReLUs,
sigmoid functions, and tanh are all activation functions. From
a training data set, MLPs train the framework to hold the
correlation and learn the dependencies between the
independent and target variables. An MLP is shown below in
a example. To categorize photos of deer and goral, the
diagram computes weights and bias, and applies appropriate
activation functions.

—7 ==

CNNs have emerged as the master algorithm in computer
vision in recent years, with increased computational power
allowing them to achieve superhuman performance on some
complex visual tasks, and Xception is one of the architectures
that has been implemented in The present study via transfer
learning. It integrates the features of numerous well-known
CNN architectures, including Inception-v4, GooglLeNet, and
ResNet, but it replaces the inception modules with a
depthwise separable convolutional layer. Unlike traditional
convolutions, which learn both spatial and cross-channel
patterns simultaneously, the separable convolution layer splits
feature learning into two phases, in the first phase, each input
feature map is subjected to a single spatial filter, followed by
a search for cross-channel patterns in the second phase.

To execute the convolution process, CNN contains
a convolution layer with many filters.

Rectified Linear Unit (ReLU)

# A ReLU layer is used by CNNs to conduct
operations on items. A corrected feature map is the
result.

Pooling Layer

# After that, the corrected feature map goes into a
pooling layer. Pooling is a downsampling
procedure that decreases the feature map's
dimensionality. By flattening the two-dimensional
arrays from the pooled feature map, the pooling
layer turns them into a single, long, continuous,
linear vector.

Fully Connected Layer

# When the pooling layer's flattened matrix is supplied as an
input, a fully linked layer arises, classifying and
identifying the pictures.

Fully connected
’ layer

‘ CNN

Image processing using CNN

It requires fewer parameters, memory, and
calculations than traditional convolutional layers, in
addition to providing greater performance. CNN, also
known as ConvNets, are multilayer neural networks that
are primarily utilized for visual sample processing and
object detection. In 1988, Yann LeCun created the first
CNN, which he dubbed LeNet. It could recognize
characters such as ZIP codes and numerals. CNNs are
commonly utilized to detect abnormalities, identifysatellite
photos, interpret medical imaging, forecast time series,
and identify anomalies.

© 2026, IJSREM | https://ijsrem.com

DOI: 10.55041/IJSREM64118 |

Page 4


https://ijsrem.com/

" International Journal of Scientific Research in Engineering and Management (IJSREM)
W Volume: 10 Issue: 05 | May - 2026 SJIF Rating: 8.659 ISSN: 2582-3930

C [ > classification. The examples in a predicted class are

i' represented by the rows of the matrix, whereas the instances in
an actual class are represented by the columns. The term comes
C Coollection of imames j from the fact that it's simple to tell whether the system is

mixing up two types (i.e. commonly mislabeling one as

C - - j another). In deep learning methodologies which were described
Closllecting Lot [Aets . . . . .

in this paper, a confusion matrix was built to understand the

complexity, accuracy, and validation of the method. The

47 — precision is calculated as the ratio between the number

( vrainser ) (( Velidarion of Positive samples correctly classified to the total number of

samples classified as Positive (either correctly or incorrectly).
The precision measures the model's accuracy in classifying a
C Urminine o O j sample as positive. The precision reflects how reliable the
model is in classifying samples as Positive.

C LU clasirier j The recall is calculated as the ratio between the numbers of

Positive samples correctly classified as Positive to the total

C | " - ) number of Positive samples. The recall measures the model's
mame closasirtied

ability to detect positive samples. The higher the recall, the
more positive samples detected. The recall cares only about

< 1 > how the positive samples are classified. This is independent of
) how the negative samples are classified, e.g. for precision.
CNN algorithm flow chart When the model classifies all the positive samples as Positive,

then the recall will be 100% even if all the negative samples

were incorrectly classified as Positive.
8. IMPLEMENTATION AND RESULTS

Confusion matrix for KNN method
Ten wild animal photographs were obtained using a 96- Predicted | = (2 sl 2 [ 5] 3 c ] =
megapixel camera in various weather circumstances. Image Classd £z 3 E% ;:_; £ £ s =3 s| %
resolution may be enhanced to accommodate huge images, = ” = e - N
but this comes at the cost of greater memory and computing o=y
needs. Data argumentation was required before training the i
picture to boost image variety and improve image - _ _
representation. It was important to pre-process the pictures Elephant | 910 ) 33 | 0) 1 . . byt .
with augmentation methods such as jitter, image rotation, Gaur | 30 [92020) O | 0 O] O[O0 ]|
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To avoid using a real machine in our research and Goral 0|28 a1l o]l ol o lsol o] 8] %
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Platform (GCP) to train our models. The virtual machine runs oIt BEEEIEEE R EEE
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single NVIDIA R Tesla R T4 GPU. On-board memory on a T4
GPU is 16GB GDDR6, with NVIDIA Tensor Cores for Pracision Matrix for KNN method

quicker training and RTX hardware acceleration for faster ray
tracing. T4 is a passively cooled board that relies on system Predicted
airflow to stay within its operating temperature limitations. Classd
This GPU is optimized for low latency and high throughput
inference, or predictions provided by deep learning models.

v
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Goral
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While training and validating a neural network,

Elephant | 0.91 | 0.04 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 0.03 | 0.00 | 0.00

Tensor flow is the greatest tool for visualizing various metrics.

To check for further details in most cases, such as how a model Gaur 0.03 | 053 | 0.01 | 0.00 | 000 | 0.00 | 000 | 0.00 | 0.01 | 0.02
performs on validation data and to figure out the performance w 0.00 | 0.03 | 0.87 [ 0.01 | 0.00 | 0.00 [ 0.03 | 0.00 | 0.03 | 0.03

of validation data when training and validation loss and Widboar | 000 T002 002 1020 [oo0 Tooo 1 om oo o2 Loz

' h.
accuracy aren' enoug Monkey | 0.00 | 0.00 | 0.02 | 0.02 | 093 | 0.00 | 002 | 0.00 | 002 | 000

The accuracy of each method indicated in the table is Porcupine | 0.00 | 0.00 | 0.01 | 0.00 [ 0.01 | 0.84 | 001 | 0.00 | 0.01 | 0.01
calculated using the confusion matrix, to show the performance Goral | 0.00 [ 005 | 0.04 [ 0.00 | 0.00 | 0.00 | 0.82 | 0.00 | 0.03 | 0.05
of all the methods 4 matrices where those formed are Bear 002 | 001 | 0.00 | 0.00 | 0.00 | 0.00 | 0.00 | 095 | 0.01 | 0.01
Confusion matrix, Precision, Recall, and F1 score. A confusion Wolf 000 | 001 | 0.03 | 0.01 | 0.00 | 0.00 | 0.0 | D.00 | 087 | 0.05
matrix, also known as an error matrix, is a special table Zebra | 0.00 | 0.03 | 0.05 | 0.03 | 0.00 | 0.00 | 0.03 | 0.00 | 005 | 081

structure that permits visualization of the performance of an
algorithm, often a supervised learning one, in the field of
machine learning and specifically the issue of statistical
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Zebra | 000 [ 0.02 [ 0.02 | 002 ] 0.00 [ 0.00 [ 0.03 | 0.00 [ 0.02 | 0.89
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All the obtained results illustrate that the Convolution
neural network provides better results compared to the other
methods discussed in the report. The results were based on the
Confusion matrix, Precision, Recall, and F1 Score. The
summaries result in the accuracy of all the methods tabulated.

Conclusion

In this work, the test was carried out to classify the
various wild animals to protect the crops, after identification
repelling action needs to be initiated as part of the protection
scheme. The research results using deep learning methods can
save crop damage from wild animal attacks. Various methods
were used to archive the crop protection, among the described
methods, CNN provided the best results with the identification
accuracy of 92.68% and the repelling time of less than 200m:s.
All the described methods were validated through the software
same test system using python code and Tensor Flow.

The proposed hardware setup can be developed a
future work, the cost estimation and full implementation need a
lot of mechanical and electrical-related work. The combined
project will stand as interdisciplinary research work and novel
in nature.
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