
 

 

Development of System for Deterrence of
Animals using Artificial Intelligence

OLE HENRIK HAAKSTAD

SUPERVISOR
Andreas Klausen, Morten Kjeld Ebbesen

University of Agder, 2021
Faculty of Engineering and Science
Department of Engineering Sciences



Abstract

This thesis is part of the Mechatronics masters program at the University of Agder (UiA).
It describes the development of an animal deterrence system, using computer vision with
embedded systems for edge computing.

Household cats can run freely around in neighborhoods, but all neighbors may not ap-
preciate it. This project seeks to develop a harmless and accurate system for keeping cats
away.

The solution is to use a state-of-the-art object detector to look for cats in an area. Using
an embedded system to run the object detector and tracking method. Design a two-axis
turret with servo motors and a camera.

The object detector used for this project was YOLOv4-tiny. It was trained to detect cats,
dogs, humans, and hedgehogs. The YOLOv4-tiny object detector was implemented on an
NVIDIA Jetson Nano development board and ran at an average of 23 FPS. Robot Oper-
ating System (ROS) was used to run the control algorithm servo motors and the object
detector. A two-axis turret, which uses two servo motors, was designed and built to make
the camera track the cat. A two-axis turret, which uses two servo motors, was designed
and built to make the camera track the cat. A component housing was also designed and
built to have the whole system in a small enclosure.
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Chapter 1

Introduction

Household cats are predatory animals and are active during the night to hunt and explore
[50] [9]. This can be problematic if they roam in unwanted areas, �ght with other cats,
and make unwanted mess and noise. Many creative solutions have been used, but it is
desired to create a device with a high success rate.

Ultra-sonic solution [29] One previous solution is by using motion sensor and ultrasonic
sound to scare the cat. The system works when the cat enters the range of the sensor
and the sound is played. But the cat learns that it can ignore the sound or just avoid the
range/area of the sensor. One big disadvantage of motion sensors is that it will engage
everything that passes by [49]. Water guns with motion detection has also been tested
previously, but the same problem with the motion sensor occur, but a direct hit of water
seems to work in most cases. Even if its not a direct hit it scares the cat [45].

The application in this thesis is to identify cats and keep them away from an area. The
device will use the real-time object detection You Only look Once algorithm (YOLO) to
identify if the area contains a classi�ed object and identify if it is a cat with a certain
precision. The unwanted cat will be tracked by using deepSORT (Simple Online Real-
time tracker). These methods will be implemented on an NVIDIA Jetson AGX Xavier
Computing board for computation on site. A object detector and tracker will be developed
and tested on a NVIDIA Jetson Board.

Mechatronics is a multi-discipline �eld in engineering which combines electrical, me-
chanical, computer and control engineering [48]. Typical application in mechatronics is
to combine elements from each �eld for industrial application, prototyping and design
for innovative solutions. The cat detection and spooking device will build upon these
elements by using Computer Vision (CV), Arti�cial intelligence (AI), control algorithm,
electrical components, edge computing and mechanical design to create the prototype.
The �eld of AI is becoming more popular and has a huge potential in everything from
economics* to Industrial applications, and this thesis will showcase elements from the
sub�eld of AI, Machine Learning (ML), and the use of real-time CV in a physical applica-
tion.

1.1 Challenges

A challenge will be to identify the cat in both low light and daylight conditions. A control
algorithm to track the cats movement and position should also be implemented. The
implementation of real-time object identi�cation and tracking on a physical device will
be a challenge, the main use of these applications is usually theoretical and is applied
on sampled video and images. The prototype should be tested both inside and outside,
should be able to handle outside climate for a day in the testing period.
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1.2 Goals

The main goal for this thesis is to create prototype of the cat spooking device and be able
to successfully identify and track the cat when it enters the area. Implement a spooking
method which can spray water on the target and keep it out of the area.

1.3 Product Speci�cation

When developing a new product, its useful to develop a Product Speci�cation to �nd and
specify consumer needs. The Product Speci�cation is usually determined by the client
or constructed for the target consumer by the developer in an easy language, which later
will be translated to technical terms by engineers or designer.
These speci�cations are only preliminary and can change before �nal speci�cations are
set, the �nal speci�cations are covered in chapter 4.4.
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Chapter 2

Theory

This chapter gives an overview of the theory behind the technology used in this thesis.
This will cover the general understanding of AI, Convolution Neural networks, Creation
of data-sets for deep learning, Theory of YOLO, and deepSORT. This chapter should give
the reader a better understanding of the algorithms and applications used in this thesis
and understand the choices and framework for continuing the work.

2.1 Arti�cial Intelligence

The basic understanding of arti�cial intelligence (AI) is a software (program) capable of
making choices from the input/data. This can be basic operations where a robot can
choose where to move by input from distance sensors to Deep Learning, where the output
is a learned function by looking at data of similar objects or behavior as the wanted
output. This thesis will use an object detection algorithm that uses convolution neural
networks and the principle of deep learning.

2.2 Neural networks

Neural network is a set of neurons, where each neuron contains a weight which is learned
by the input and wanted output. The neural network can contain several layers, inputs
and outputs.
The activation function de�nes the relation between the sum of the weighted inputs from
di�erent nodes. The most common activation function is the Recti�ed Linear Activation
(ReLU) [21]

f (x) = x+ = max(0; x) (2.1)

The relevance here is, the input would be a image and the output would be the predicted
object. The neural networks layers would contain all the weights trained in the learning
phase.

Figure 2.1: Simple neural network
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