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Abstract: Ensuring home safety through effective pet monitoring is essential for pet owners, particularly in preventing
potential risks associated with unattended animals. This paper presents a real-time cat detection and surveillance system
designed to enhance home security and pet management. The system employs advanced object detection techniques,
integrated with automated notification and alert mechanisms, to ensure timely responses. It continuously captures video
feeds and images, which are pre-processed using image enhancement techniques to improve detection accuracy. An
advanced object detection model analyzes these images in real-time, identifying and classifying cats based on distinctive
features such as shape, texture, and movement patterns. To optimize performance, techniques such as dimensionality
reduction and feature extraction are applied, reducing computational complexity while maintaining precision. Upon
detecting a cat in restricted areas, the system activates automated responses, including real-time notifications to users
with details such as the time of detection and location. Additionally, an auditory alert can be triggered to redirect the pet
away from unsafe zones. Remote access and control functionalities allow users to manage the system from a distance,
ensuring flexible and effective monitoring. The detection model is trained on a diverse dataset of labeled cat images,
ensuring high classification accuracy across various lighting conditions and environments. Regular updates and retraining
further improve adaptability and performance. By providing reliable, real-time cat detection and alert capabilities, this
system enhances home safety, reduces potential hazards, and assists pet owners in maintaining secure and controlled
indoor environments. This approach minimizes manual supervision efforts while fostering a safer coexistence between
pets and household members.

Keywords: Real-time cat monitoring, home safety, object detection, pet surveillance, automated alerts, remote
monitoring, machine learning

I INTRODUCTION

Ensuring home safety and effective pet monitoring has become a growing concern for pet owners, especially when
dealing with unsupervised animals in indoor environments. Cats, known for their curiosity and agility, often enter
restricted areas, knock over valuable objects, or engage in potentially dangerous activities such as accessing kitchen
counters, electrical wires, or toxic substances. Traditional pet monitoring methods, such as manual supervision or static
surveillance cameras, require constant attention and lack real-time alert mechanisms. To address these challenges, a real-
time cat detection and monitoring system offers an efficient solution by leveraging advanced object detection and
automated alert systems. This study presents an intelligent surveillance system designed to detect, classify, and monitor
cats in real time, ensuring home safety and providing pet owners with remote access to alerts and system controls.[3] The
proposed system continuously captures images and video streams from strategically placed cameras, applying image
processing techniques to enhance detection accuracy. A deep learning-based object detection model then analyzes the
captured images, identifying the presence of a cat based on key features such as shape, texture, and movement patterns.
Upon detection, the system activates automated responses, including sending real-time notifications to the user’s
smartphone or smart home device, along with optional auditory alerts to deter the pet from entering restricted zones.[2]

Figure 1. Animal Cat Detection Realtime
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To optimize computational efficiency and ensure real-time performance, techniques such as dimensionality reduction and
feature extraction are integrated into the detection model. The system is trained on a diverse dataset of labeled cat images,
improving its adaptability across different household environments, lighting conditions, and cat breeds. Additionally,
remote monitoring functionalities allow pet owners to control and customize alert settings, making the system a flexible
and user-friendly solution. By implementing a real-time monitoring system for cats, this research aims to enhance home
safety, minimize pet-related risks, and provide pet owners with an effective and automated way to supervise their pets.
The system reduces the need for continuous manual supervision, thereby improving convenience while ensuring that cats
remain safe and well-managed within their living spaces. This approach not only prevents accidents but also fosters a
secure and harmonious environment for both pets and household members.[5]

II. RELATED WORK

T. Liang et al. propose a traffic sign detection system that utilizes an improved sparse R-CNN to enhance detection
accuracy for autonomous vehicles. The R-CNN model is modified to handle sparse and challenging traffic scenarios,
improving the model’s precision in detecting traffic signs, even in cluttered environments. The system provides real-time
detection capabilities, which are crucial for autonomous driving applications where traffic sign recognition plays a pivotal
role in safe navigation. By leveraging deep learning and object detection techniques, the model achieves high
performance in real-world conditions. The system is scalable for use in various autonomous vehicle platforms. [1]

T. Liang et al. present DetectFormer, a category-assisted transformer model designed for traffic scene object detection.
By combining transformers with category-level assistance, this model improves detection accuracy in complex traffic
environments, where various objects such as vehicles, pedestrians, and signs need to be detected efficiently. The approach
leverages the power of transformers to capture long-range dependencies between objects, providing enhanced context
for more accurate predictions. The model has been evaluated on real-world traffic datasets, demonstrating superior
performance in object detection tasks. It offers significant advancements over traditional CNN-based methods, especially
in handling occlusions and overlapping objects. The system can be integrated into autonomous vehicle systems for safer
navigation in dynamic traffic scenes. [2]

J. Imran and B. Raman evaluate the fusion of RGB-D and inertial sensors for multimodal human action recognition. The
study combines visual data from RGB cameras with depth information from RGB-D sensors and motion data from inertial
sensors to improve the accuracy and robustness of human action recognition. By fusing these different data types, the
system is able to recognize actions in challenging environments with better precision. This multimodal approach helps
overcome limitations of traditional systems that rely solely on one type of sensor, making the system more adaptable in
real-time applications like surveillance, healthcare, and robotics. The proposed method has shown improvements in
recognizing complex human actions, even in noisy environments. [3]

R. Elakkiya et al. propose a system for cervical cancer diagnostics using small object detection with generative adversarial
networks (GANSs). The system leverages GANs to generate high-quality images of small objects in medical imaging,
which are crucial for early cancer detection. The model has been trained on medical datasets to detect and analyze small
lesions in cervical cancer screenings. By using GANSs, the system can enhance the image quality, making small objects
more distinguishable and improving diagnostic accuracy. This approach addresses challenges in detecting subtle medical
anomalies in radiographs, offering potential for earlier diagnosis and better patient outcomes. [4]

B. Natarajan et al. develop an end-to-end deep learning framework for sign language recognition, translation, and video
generation. The framework integrates multiple deep learning techniques to recognize sign language gestures, translate
them into text or speech, and generate corresponding sign language videos. This comprehensive approach helps bridge
communication gaps for individuals with hearing impairments. The model is trained on a large dataset of sign language
gestures, ensuring it can accurately interpret various signs. Additionally, it includes features for real-time translation and
video generation, offering a powerful tool for enhancing accessibility. The system has applications in education,
healthcare, and real-time communication, benefiting both sign language users and interpreters. [5]

W. Dong et al. introduce Ellipse R-CNN, a deep learning model for learning to infer elliptical objects from clustering and
occlusion. The model is designed to address the challenges of detecting objects with elliptical shapes, which are common
in many real-world applications, such as traffic sign detection or industrial object recognition. The Ellipse R-CNN
combines the strengths of CNNs with clustering techniques to learn better representations of elliptical objects, even when
they are partially occluded. This approach significantly improves detection performance, especially for non-rectangular
objects. The system is applicable in areas where precise object detection is crucial, such as autonomous vehicles and
surveillance. [6]

R. FElakkiya et al. propose COVID SCREENET, a deep learning framework for COVID-19 screening in chest
radiography images. Using deep transfer stacking, the model analyzes chest X-ray images to identify signs of COVID-
19 infection. The transfer learning approach helps the model adapt quickly to new medical conditions, making it valuable
for early detection in a clinical setting.
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The system has shown high accuracy in distinguishing between COVID-19 and other respiratory conditions, offering a
potential tool for doctors to make faster diagnostic decisions. With further refinement, this system could be integrated
into healthcare platforms to assist in pandemic control and patient monitoring. [7]

R. Elakkiya et al. present a cervical cancer diagnostics healthcare system using hybrid object detection adversarial
networks. The system leverages a combination of object detection models and adversarial networks to identify early-
stage cervical cancer in medical imaging. The hybrid approach improves detection accuracy by generating synthetic data
to augment the training set, overcoming limitations in the availability of annotated medical images. The system aims to
aid healthcare professionals in diagnosing cervical cancer at an earlier stage, increasing the chances of successful
treatment. This model shows promise in enhancing healthcare delivery by offering more accurate and efficient diagnostic
tools. [8]

T. A. Assegie et al. conduct an empirical study on machine learning algorithms for heart disease prediction. By evaluating
various machine learning models, the study identifies the most effective algorithms for predicting heart disease based on
medical data such as patient demographics, lifestyle factors, and clinical measurements. The results show that certain
algorithms, such as random forests and support vector machines, outperformed others in terms of accuracy and reliability.
This research contributes to the development of predictive healthcare models, offering a tool for early detection of heart
disease and assisting healthcare providers in patient risk assessment. [9]

N. Banupriya et al. explore animal detection using deep learning algorithms, aiming to enhance the effectiveness of
animal monitoring systems. The system uses advanced neural networks to classify and detect animals in various
environments, including farms and wildlife areas. By training the model on a diverse set of animal images, the system
can identify different species and assess their behavior. This approach is beneficial in agricultural management, where
preventing animal intrusion is crucial for crop protection, and in wildlife conservation efforts, where understanding
animal movement patterns is essential. The study demonstrates the potential of deep learning in animal detection
applications. [10]

I11. PROPOSED METHEDOLOGY

System Architecture

The system is designed to work seamlessly in real-time, starting with the continuous capture of images from the farm
environment using high-resolution cameras. These images are processed to enhance their quality, including noise
reduction, resizing, and normalization to standardize the input data. Once pre-processed, the images are analyzed by a
deep learning-based object detection algorithm, which identifies and classifies animals based on visual features such as
shape, size, and movement patterns. Upon detecting an animal, the system triggers automated alerts to notify the farmer,
providing information such as the type of animal and the time of detection. Simultaneously, deterrents like auditory
alarms are activated to scare away the intruder. To ensure ongoing accuracy and adaptability, the system continuously
updates its detection capabilities by retraining the model with new data. This architecture enables efficient and scalable
animal detection and farm security.[6]
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Figure 1. System Architecture

1. Real-Time Image Capture

The system employs a continuous image capture mechanism to monitor the farm environment in real-time. Using high-
resolution cameras, the system generates a steady stream of visual data, ensuring no intrusion goes undetected. This real-
time operation enables timely detection and response to animal activities, reducing the risk of crop damage.
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The system is designed to work under diverse conditions, including day and night, leveraging adaptive features such as
low-light enhancement and motion-triggered recording. By continuously capturing images, the system ensures
comprehensive surveillance, providing the foundational data required for accurate animal detection. Real-time image
capture minimizes delays, offering a proactive approach to managing potential threats. Additionally, the flexibility of the
system allows it to be installed in farms of varying sizes and layouts, making it a scalable and practical solution for
agricultural surveillance. This initial stage is critical for achieving reliable and timely detection results.

2. Pre-Processing of Images

Captured images are pre-processed to enhance their quality and ensure consistent input for the detection model. Pre-
processing involves several steps, including noise reduction, resizing, normalization, and contrast adjustments, to handle
variations caused by environmental factors like lighting or weather. By refining the images, the system eliminates
distortions, improving detection accuracy and reducing the likelihood of false positives or negatives. Advanced
techniques such as dimensionality reduction and feature extraction are employed to minimize computational overhead
while retaining critical information for analysis. Pre-processed images are optimized for the object detection model,
ensuring the system’s performance remains robust across various conditions. This step is especially vital for maintaining
efficiency in real-time operations, as it streamlines the data for faster and more accurate analysis. Ultimately, pre-
processing forms a critical bridge between image capture and detection, ensuring the system functions reliably under
real-world challenges.[10]

3. Object Detection and Classification

The core functionality of the system lies in its ability to detect and classify animals using an advanced object detection
model. This model, trained on a comprehensive dataset of animal images, identifies intruding species based on visual
features such as shape, size, and texture. The detection process is both fast and accurate, enabling the system to operate
in real-time without delays. By distinguishing between harmful animals and harmless entities, the system minimizes false
alarms, ensuring only relevant notifications are sent to the farmer. Additionally, the detection model is adaptable and can
be retrained with new data to handle evolving scenarios, such as the introduction of new animal types or changes in the
environment. This component ensures that the system remains reliable and scalable, making it an indispensable tool for
agricultural security. The precise identification provided by the detection model is critical for effective intrusion
management.[4]

4. Automated Alerts and Deterrents

When an animal is detected, the system automatically triggers a series of actions to notify the farmer and deter the
intruder. Notifications are sent through email or a mobile application, providing details such as the type of animal, time
of detection, and the specific location of the intrusion.

These alerts enable farmers to respond promptly, even if they are not physically present on the farm. Simultaneously, an
auditory deterrent, such as a loud buzzer, is activated to scare away the detected animal, preventing further crop damage.
The system also includes a manual control option for the farmer, allowing remote management of the alert mechanisms
through a web or mobile interface. This feature adds flexibility and ensures the system can be tailored to the farmer’s
specific needs. Automated alerts and deterrents significantly enhance the system’s effectiveness, offering immediate and
practical solutions to animal intrusions.

5. Continuous Model Refinement

To maintain its effectiveness over time, the system incorporates a continuous model refinement process. This involves
retraining the object detection model using updated datasets to adapt to new environments, animal types, or changes in
the farm layout. By leveraging additional data, the model improves its ability to identify diverse species and respond
accurately to unique scenarios. This ongoing refinement ensures that the system stays relevant and reliable, even in
dynamic agricultural conditions. Continuous updates also reduce the likelihood of errors, such as misclassifications or
false positives, enhancing the overall user experience. The scalable nature of this approach allows the system to evolve
alongside technological advancements, making it a sustainable solution for long-term farm management. With continuous
refinement, the system ensures optimal performance and remains an indispensable tool for modern agricultural
practices.[1]

Iv. TECHNOLOGIES USED
1. Object Detection Algorithms
The system leverages advanced object detection algorithms, specifically YOLOVS (You Only Look Once), to identify

and classify animals in real-time. YOLOVS is an efficient and fast deep learning model designed for high-accuracy object
detection.

© IJIREEICE This work is licensed under a Creative Commons Attribution 4.0 International License 152


https://ijireeice.com/
https://ijireeice.com/

IJIREEICE ISSN (O) 2321-2004, ISSN (P) 2321-5526

International Journal of Innovative Research in Electrical, Electronics, Instrumentation and Control Engineering
Impact Factor 8.021 ::¢ Peer-reviewed & Refereed journal :< Vol. 13, Issue 3, March 2025
DOIl: 10.17148/1JIREEICE.2025.13324

Unlike traditional object detection models, YOLOVS8 predicts multiple bounding boxes and class probabilities
simultaneously, making it ideal for real-time applications like farm surveillance. Its speed and precision allow for quick
detection of animals in varied environments with minimal computational delay. YOLOVS has proven effective in
detecting a wide range of animal species, providing reliable results in diverse lighting and weather conditions.
Furthermore, YOLOVS can be customized and retrained with new datasets to adapt to different types of animals, ensuring
the system remains effective as farm environments change. This capability enhances the overall flexibility and scalability
of the animal detection system.

2. Image Processing

OpenCV (Open-Source Computer Vision Library) is extensively used in the system for image processing tasks such as
noise reduction, image resizing, normalization, and contrast adjustments. By enhancing image quality, OpenCV ensures
that the input fed to the detection model is clear and consistent, allowing for better object recognition. The pre-processing
steps involve removing unwanted noise from images, adjusting the brightness and contrast to match environmental
conditions, and resizing images to a standard format to reduce computational complexity. Image normalization ensures
that images are uniform in intensity, making it easier for the model to identify animals regardless of external factors such
as lighting. The combination of these image processing techniques significantly improves the accuracy and efficiency of
animal detection, enabling the system to work reliably in real-world conditions. OpenCV’s flexibility also allows for
future enhancements based on evolving needs.

3. Deep Learning

Deep learning techniques, particularly Convolutional Neural Networks (CNNs), are utilized to power the object detection
model in the system. CNNs are highly effective in analyzing visual data and learning patterns within images, which
makes them particularly well-suited for image-based tasks like animal detection. By training on a large dataset of labeled
animal images, the CNN learns to identify various species based on distinctive visual features such as shape, size, and
texture. The model's ability to automatically extract relevant features from raw images eliminates the need for manual
feature engineering. As the model is exposed to more data, it becomes increasingly accurate at distinguishing between
different types of animals, thus minimizing false positives and improving detection reliability. Additionally, the deep
learning model is continuously retrained with new data, ensuring that it adapts to changing farm environments and animal
behaviors over time.[7]

4. Notification System

The system incorporates an automated notification service to alert the farmer whenever an animal is detected.
Notifications are sent via email or mobile app push notifications, ensuring that the farmer is informed of intrusions, even
if they are not physically present on the farm. Email alerts are sent through SMTP (Simple Mail Transfer Protocol), which
allows for reliable and efficient email communication. For mobile notifications, push notification services, such as
Firebase Cloud Messaging (FCM), are utilized to send real-time alerts directly to the farmer’s smartphone. These
notifications contain crucial information, such as the type of animal detected, the location, and the time of detection. The
automated alert system allows farmers to respond quickly, reducing potential crop damage. Additionally, the notifications
can be customized to suit the farmer’s preferences, ensuring they receive relevant information in a timely manner.

5. Cloud Computing

To handle large volumes of data and provide remote accessibility, the system uses cloud computing for storage and
processing. Cloud platforms such as Amazon Web Services (AWS) or Google Cloud Platform (GCP) are employed to
store processed images, detection results, and logs securely. Cloud storage solutions like Amazon S3 or Google Cloud
Storage provide scalable, cost-effective storage that can handle varying data loads, ensuring the system remains efficient
as the amount of captured data grows. In addition to storage, cloud computing enables centralized processing, allowing
for seamless integration and faster updates across multiple devices. The use of the cloud also facilitates remote monitoring
and control, as farmers can access the system from anywhere using a web or mobile interface. This scalability and
flexibility are crucial for farms with large areas or multiple monitoring points, ensuring the system can grow alongside
the farm's needs.

6. Mobile and Web Interface

To offer greater flexibility and ease of use, the system includes a mobile and web interface that allows farmers to monitor
animal activity and manage the detection system remotely. The mobile interface is built using React Native, a popular
framework that enables cross-platform mobile application development, making the system accessible on both Android
and i0S devices. For the web interface, React]S is used to create an interactive and responsive dashboard, allowing
farmers to view real-time data, receive alerts, and control the system’s deterrents, such as activating the buzzer. The
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mobile and web interfaces provide farmers with the ability to manage their farms from any location, improving
operational efficiency and enabling quick responses to intrusions.

These interfaces are user-friendly and designed with farmers in mind, ensuring that the system is both accessible and
intuitive to use for people with varying levels of technical expertise.[8]

7. Data Storage

For efficient and secure data management, the system uses cloud-based storage solutions such as Amazon S3 or Google
Cloud Storage to store processed images, detection results, and system logs. Cloud storage ensures scalability, as it can
accommodate increasing amounts of data generated by the continuous image capture process. By storing data in the
cloud, the system allows farmers to access it remotely and provides a backup in case of local hardware failures.
Additionally, cloud storage allows for easy sharing of data and system updates across multiple devices, ensuring
consistency and real-time synchronization. Temporary storage of images before they are processed helps to manage
computational load and ensures that data is only kept when necessary, reducing storage requirements. This cloud-based
architecture offers reliability, flexibility, and the ability to scale as the system grows or as data volume increases over
time.[9]

Image Pre-Processing

The image pre-processing step involves several transformations to ensure the input data is suitable for the object detection
model. One of the primary operations is normalization of pixel values to scale the image data into a uniform range,
typically [0, 1].

F T

Ir.w.'rum!'.".'f d =
a

e [raw is the raw image.

e uis the mean of pixel values in the image.

e o is the standard deviation of the pixel values.

e [normalized is the normalized image, with pixel values adjusted for better model performance.

Object Detection Model Output
For the object detection task, a model like YOLO outputs several bounding boxes and class predictions for detected
objects. The prediction of the bounding box
(x,y,w,h) for an object is calculated as:
B={x,y,w,h}

Where:
e x,y are the coordinates of the box's center.
e  w,h are the width and height of the box.
e Additionally, each bounding box is assigned a confidence score

C and a class probability
P(C) for each possible class. The confidence score
C is defined as:
C==P(object)xloU

Where:

e P(object)is the probability that an object is present in the bounding box.

e JoU (Intersection over Union) measures the overlap between the predicted box and the ground truth box.
The class probability P(C) for a specific animal class (e.g., a cow, deer, etc.) is calculated based on the softmax function
applied to the output logits of the network:
Where:
e
R

e
J’_JJ"E'

P(Cy)

Zk 1is the raw score for class
k The denominator sums the exponentials of the raw scores for all classes, ensuring that all class probabilities sum to 1.

Alert Generation
The system triggers an alert when a specific threshold for confidence score or object detection is met:

© IJIREEICE This work is licensed under a Creative Commons Attribution 4.0 International License 154


https://ijireeice.com/
https://ijireeice.com/

IJIREEICE ISSN (O) 2321-2004, ISSN (P) 2321-5526

International Journal of Innovative Research in Electrical, Electronics, Instrumentation and Control Engineering
Impact Factor 8.021 ::¢ Peer-reviewed & Refereed journal :< Vol. 13, Issue 3, March 2025
DOIl: 10.17148/1JIREEICE.2025.13324

1, if ' = Threshold
Alert = .
0, otherwise

Where:
e Cis the confidence score.
e  The Threshold is a predefined value that determines the sensitivity of the system (i.e., the minimum confidence
required for the system to consider the detection valid and trigger an alert).

V. RESULT AND DESCUSSION

The proposed animal detection system has demonstrated significant potential in enhancing farm security and
management. The use of YOLO for real-time animal detection has proven to be highly effective, offering quick and
accurate identification of various animal species. The system's ability to process images in real-time, combined with the
pre-processing techniques applied through OpenCV, ensures that images are optimized for detection, leading to a
reduction in false positives and an increase in detection accuracy.

The automated alert system, which sends notifications via email or mobile apps, ensures that farmers are promptly
informed of any intrusions, allowing for swift intervention and preventing potential crop damage.

Accuracy | Precision | Recall Fl- Infe_rence
Model/Method Score Time
(%) (%) (%) :
(%) | (ms/image)
Faster R-CNN 84.2 82.1 85.6 83.8 180
SSD 87.5 86.2 88 87.1 120
RetinaNet 89 87.8 90.2 88.9 150
YOLOvV4 90.4 88.9 91.5 90.2 85
Proposed
System
(YOLOVS + 93.2 91.3 94.5 92.8 40
Optimized)

The continuous training and refinement of the detection model have allowed the system to adapt to changing farm
environments and new animal types, further improving its accuracy over time.

Comparison of Animal Detection Algorithms

80

@
S

Percentage (%)

Faster R-CNN SsD RetinaNet YOLOv4 YOLOv8 Optimized
Models

Figure 3. Comparison of Animal Detection Algorithms

This adaptability ensures that the system remains reliable in diverse agricultural settings, even as animal behaviors and
environmental conditions evolve. Additionally, the cloud-based infrastructure for data storage and remote access has
provided scalability and flexibility, ensuring that the system can accommodate growing data volumes and be monitored
from anywhere.

The automated deterrent mechanisms, such as auditory alarms, have shown effectiveness in deterring animals, further
enhancing the system’s ability to manage intrusions proactively. The system’s ability to control these deterrents remotely
through a mobile or web interface provides farmers with increased control and flexibility, allowing them to adjust
responses based on specific situations.

Overall, the system has proven to be a robust solution for managing animal intrusions, providing farmers with a reliable,
scalable, and efficient tool for farm security.
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Further improvements could include expanding the model’s animal detection capabilities to cover additional species or
incorporating advanced features like real-time video streaming for more detailed monitoring.

VI CONCLUSION

In conclusion, the proposed real-time animal detection and surveillance system offers a powerful solution for addressing
the challenges of managing animal intrusions in agricultural environments. By integrating advanced technologies such
as YOLO for real-time object detection, OpenCV for image pre-processing, and cloud-based infrastructure for data
storage and access, the system provides an efficient and scalable approach to farm security. The ability to detect and
classify animals quickly and accurately ensures timely alerts, allowing farmers to intervene promptly and prevent
potential crop damage. The continuous model refinement through retraining and adaptability to changing farm
environments ensures the system remains effective in detecting a variety of animals, regardless of environmental factors.
Additionally, the automated alerting system and deterrents, including auditory alarms and remote-control options, further
enhance the practicality of the solution by enabling farmers to respond proactively to intrusions.

VIIL. FUTURE ENHANCEMENT

Future enhancements to the proposed animal detection system can focus on expanding its capabilities and improving its
efficiency to meet the evolving needs of modern agriculture. One of the key areas for improvement is expanding the
animal detection model to recognize a broader range of species, especially those that pose a threat to specific crops. By
integrating more diverse datasets and employing advanced techniques like transfer learning, the system can be trained to
identify rare or uncommon animals, increasing its versatility. Another important enhancement could be the integration of
real-time video streaming. While the current system relies on image capture for detection, incorporating video streams
would enable continuous monitoring and more dynamic responses to animal movements. This feature could provide real-
time visual feedback to farmers, helping them assess situations more effectively. The system’s deterrent mechanisms
could also be enhanced by incorporating additional technologies, such as motion-sensing lights or automated gates, to
physically block or deter animals. The remote control interface could be further developed to allow farmers to control
these deterrents seamlessly.
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