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Abstract

In New Zealand forests rodents currently threatens various species of native birds. Un-
fortunately, the traditional traps and poisoning are not sufficient to eliminate an increasing
number of rodents in our forests. In this work we developed an auxiliary control tool that
combines the latest computer technology, such as object recognition algorithms, with In-
ternet of Things(IoT) devices. A drawback of most object recognition algorithms is that
it requires a tremendous amount of computation, so these techniques are not necessarily
adequate to be applied to IoT devices.

This thesis proposes to create a real-time object detection algorithm using IoT devices
for two classes of objects, rodents and birds. Two methods were implemented and tested.
The first method is a shape-based algorithm using Fourier Descriptors (FD). In order to
find the ideal classification algorithm for the FD method, we compared the accuracies of
four different classification algorithms: Neural Network, Random Forest, AdaBoost, and
Support Vector Machine(SVM).

The second method is based on YOLO (You Only Look Once). As YOLO requires
a huge amount of images to train well, we created a semi-automated labelling system
in our detection algorithm to boost the number of images for training. The labelling
system produces the training requirements for both Yolo and FD and promises much
faster processing time than manual labelling work.

The labelling system succeeded in obtaining the labelled data of 2172 rodents and 3494
birds. Using a desktop machine and the FD method, and the average accuracy rate was
80% when using the Random Forest classifier. Using a desktop machine and the YOLO
method, the average accuracy rate was 97%. The frame rates were 19 fps for the FD, 3.7
fps for the YOLO on CPUs and 90.9 fps for YOLO running on a GPU.

Using a Raspberry Pi 3 and a video dataset, the FD method resulted in an 83% general
accuracy and a frame rate of 6.33 fps, which is 30% more accurate and 21 times faster
than YOLO. The experiments showed the feasibility of using the FD method in Rasp-
berry Pis for real-time detection, with performance advantages compared to the YOLO

architecture.
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Chapter 1

Introduction

1.1 The Basic Idea

Some native bird species in New Zealand are on the verge of extinction because of the
expansion of rodent breeding in the wild field, especially Norway rats(Rattus norvegicus)
and ship rats (R. rattus) [I7]. In the early 1960s, the ship rat invaded South Island, and
they devastated habitats of more than six native bird species [I§]. Vertebrate pesticides
are widely utilized to protect native birds’ nest from predators in New Zealand’s forests.
These pesticides are more effective than trapping, but it has a high risk of death to the
native birds and other mammals that are not considered pests [17].

Regardless of the type of trap, they can be effective in capturing rodents, but the growth
rate of the rodent population can overcome trapping very rapidly. There are limitations to
use of traditional trapping because of the difficulties of the terrain. That is why poisoning
by helicopter is so widespread in New Zealand. As an additional tool for monitoring
pests in our forests, we come up with the idea of a detector of rodents and birds using a
portable computer (Raspberry Pi) that can communicate via the Internet. This detector
can monitor and potentially activate a physical trap using object recognition technology in
computer vision. Thus, multiple rodents can be detected without any manual reset. Our
objective is to develop a real-time detection algorithm that recognizes rodents and birds
in a low specification machine. There are various algorithms for object detection, but
those usually require higher specification machines. Therefore, designing a new detection
algorithm for Raspberry Pi, which is an example of low specification machines, might be

a helpful tool to add the the current toolbox used in our forests.

1.2 Research Objectives

1. Find the ideal image datasets for this project and investigate forms of automatically

label images.
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2. Investigate the requirements of labelling in Fourier Descriptors (FD) and YOLO
(You Only Look Once) methods.

3. Create a system that can do quickly labelling for training data.
4. Analyse the accuracy and speed of classifiers trained by FD and YOLO.
5. Implementing our detection code in Raspberry Pi.

6. Make a comparison of the accuracy and the performance of FD and YOLO in Rasp-
berry Pis.

1.3 Significance of the Research

Most YOLO detection research involves the detection of new types of object and mea-
surement of speed and accuracy. In this research, YOLO will be used to compare to
our detection algorithm (FD). This research also contributes to the creation of a semi-
automatic labelling system, a new object detection algorithm working in real-time, and
assessing the performance and speed of our algorithm (FD) and YOLO in a Raspberry
Pi. We proposed a new algorithm using Fourier Descriptors, named FD, that can run on
low specification machines, such as a Raspberry Pi, in order to design different forms of
traps by detecting predators in the natural habitat.

Briefly describing the results, in a desktop machine the FD achieved an accuracy of
80% using a static dataset, and the YOLO achieved 97% accuracy in the same dataset.
The frame rates were 19 fps for the FD, 3.7 fps for the YOLO on CPUs and 90.9 fps for
YOLO running on a GPU.

the FD algorithm showed a rate of 6.33 fps and 83% accuracy in Raspberry Pi, which

is 21 times faster and 30% accurate than Yolo version 5.

1.4 Scope and limitations

1.4.1 Scope

The proposed algorithm FD and YOLO (You Only Look Once) has been trained by
a collection of more than five thousand labelled images and tested around a thousand
images. Also, videos to test the algorithms in real-time were created. Both algorithms in

FD and YOLO are implemented in Raspberry Pi3 for comparing the accuracy and speed.

1.4.2 limitations

The Limitations are as follows:
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1. Real-time object detection in both FD and YOLO were tested in videos generated

inside the computer laboratory.

2. In the real-time videos, the sample objects in real-time detection used the silhouettes

of rodents and birds.
3. The camera needs to be static.
4. The object positions should be dynamic (moving targets).

5. Our algorithm (FD) can detect only one object at a time.

1.5 Structure of the Thesis

The thesis is structured as follows. Chapter 2] discusses the related work, including sim-
ilar approaches and the theoretical discussion about various algorithms (e.g., filters). In
chapter [3] we show how the proposed algorithm works. In chapter [ the semi-automatic
labelling system is shown, and the YOLO approach is discussed. The results are presented
in chapter 5} and a discussion of the results follows. Finally, chapter [6]concludes the thesis.

Additional information about the videos is discussed in the appendix.
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Chapter 2

Literature Review

2.1 Related Works

Recently, there are many IoT (Internet of Things) works that directly use computer vi-
sion for some type of wild life monitoring. Rendall et al.[19] used a camera set on a pole
to monitor different kinds of rodents. Ross et al.[20] built a trap system with a com-
puter vision application called RatSpy, a visual and low-power bait monitoring system.
Krynitsky et al.[2]] developed the RAT (Rodent Arena Tracker) system using a machine
vision camera, which is the OpenMV Cam M7 (Arduino machine vision camera), open-
source, and costs about $120. This system can analyse the psychological state of rodents
using transmitted data of their movement from RAT in real-time [2I]. Ger6s et al.[22]
researched rodents’ behavioural activity using low-cost depth cameras. They invented
auto-classification, spending time in under 30 minutes with annotated videos, and em-
phasised that a system is an easy-to-use tool, low-cost to install, and able to use in dark

conditions [22]. These researchers focus on easy-to-install and low-cost machines.

Also, there is an attempt to apply a deep neural network in a low specification machine.
Rosebrock [23] implemented the YOLO (You Look Only Once) technique in a Raspberry
Pi with Movidius NCS, which is the vision processing unit technology and can process deep
neural networks (DNNs). The fastest architecture in YOLO (Tiny-YOLO) is capable of
obtaining around 4.28 fps (frames per second) in a Raspberry Pi with Movidius NCS[23].
This speed is moderate, and this contribution might be sufficient to implement object
detection in various fields of research.

Furthermore, there are some efforts to develop a rodent trapping system. The Ca-
cophony Project is a not-for-profit organization and aims to eradicate pests by applying
new technologies [I]. This organization makes some products related to their monitoring,
including various monitoring devices, open-source software, and a thermal camera using
Raspberry Pi, to expand their project. Their project is designed to protect the bird’s
habitat from predators using their invented device named the Cacophonator (figure ,
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which is the Raspberry Pi machine equipped with a thermal camera, sensors, and speak-
ers [2]. This device automatically identifies the object and proposes to eliminate invasive
predators by using the device as trap activator in New Zealand’s native habitat [2]. In
addition, this organization built up an application programming interface (API) server
to communicate the Cacophonator with the monitoring device in figure and web
server in figure . The preparation of this project collects the appearing predators of
birds in the targeted area using the Cacophonator, and creates a classifier using collected
data, and then installs an appropriate lure inside the trap to attract the predators [I].
The trap generates the command from the Cacophonator whether the detected object is a
predator or not [I]. Using this method, Hampshire and Sapphire [I] classified the various
detected objects as possums, rodents, mustelids, cats, hedgehogs, and birds, then obtained
the general trap interaction rate as 32.4%, excluding unknown objects. This report was

recently published on 27th May 2021 [1], and this trap system is still in progress.

Upload

processing
Machine learning
pipeline

@ (P & Thermal video Sidekick

g s
latfori
Audio praform
recorder
D)

Figure 2.1: The concept of communication between the Cacophonator and others [IJ.
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(a) The Cacophonator. (b) The bird monitor device.

Figure 2.2: The devices for monitoring predators [2].
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2.2 Raspberry Pi

The Raspberry Pi is a portable Linux base machine that supports various sensor tools
at a relatively economical price, and it allows users to communicate with this machine
over the internet from a long distance. There are some advantages of the Raspberry
Pi. The first is that this machine has good portability. The CPU, named BCM2835,
does not consume much battery power [24], and this cheap battery requirement makes it
possible to use a power bank with the Raspberry Pi. Therefore, the Raspberry Pi can be
installed anywhere with a 5 volts power supply. The second is that the Raspberry Pi is
manufactured at an outstandingly low price. Richardson et al. [25] emphasize that the
low cost of Raspberry Pi is the main reason used in various fields, and the manufacturer
supplies this machine without a profit margin: the manufacturer offers this machine from
US$25 to US$35, and the resellers arranged the machine prices between US$35 and US$40.
The last advantage is that it is a Linux based machine. The operating system of the
Raspberry Piis Raspbian which is based on Debian and is Linux compatible [26]. Raspbian
has great compatibility with Ubuntu, which is also based on Debian and the most popular
Linux operating system. This feature allows that programs in different environments and
high specification machines as laptop and desktop can be ported to the Raspberry Pi.
The Raspberry pi machine is shown in figure [2.3

RCAVIDED  AUDIO LEDS > USB
e
o ~._LAN

K

\-. S 4
PI0  SI2MBRAM
CPU & GPU

<
POWER
—g
Figure 2.3: The components of the Raspberry Pi [3].
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2.2.1 Data Transfer in Raspberry Pi

Raspberry Pi 3 requires the micro SD card to boot because it does not have the internal
storage or built-in operating system [27]. The capacity of the micro SD card is limited,
so a system of transferring the captured data into other big storage machines is required.
The Raspberry Pi 3 supports a wireless internet connection, and it might be the solution
for sending data from the Raspberry Pi to the main machine. The captured data can be
transferred through SSH, which is a highly effective and multi-purpose protocol commonly
applied in transport layer mechanisms and interactive shells [28]. However, connecting
wireless internet in long-distance is one issue because the machine is mostly placed in
distant areas. Ismail et al. [29] successfully extended the network in a maximum of 80
meters with a speed of 1.5 Mbps from 100 Mbps LAN using Raspberry Pi 3B+ and
its external antenna in a free space environment. Therefore, sending the data through
the internet to other machines can help to deal with the lack of memory capacity in
the Raspberry Pi, and the external antenna provides more options for the location of

installation.

2.2.2 Applying Machine Learning techniques in Raspberry Pi

Despite these advantages, this machine may not be suitable for applying the new tech-
nology that has been introduced nowadays due to its low specifications. New machine
learning technologies in computer vision have come up with algorithms using a graphics
processing unit(GPU), but a Raspberry Pi machine requires an external GPU device for
processing a GPU program, and this external device is more expensive than the Rasp-
berry machine itself. Having external GPUs, the battery power consumption is increased
dramatically. Therefore, using GPU programming in Raspberry Pi 3 is not efficient in
terms of cost and battery consumption.

Also, there is much effort allocating the machine learning program in low specification
machines. For instance, YOLO-LITE [30] is the fastest YOLO and it is designed for
non-GPU machines with a focus on increasing the speed by reducing layer sizes [31].
Sismananda et al. [31] measured the processing time in the Raspberry Pi using YOLO-
LITE, and it showed approximately 2.5 frames per second and around five times faster
than version 3, but the YOLO-LITE has 30% less accurate than version 3. It has great
success in the point of speed, but this is not feasible in real-time detection due to the lack

of accuracy.
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2.3 Object Detection with YOLO

2.3.1 Related Techniques: Convolutional Neural Network

Some techniques motivated the creation of You Only Look Once (YOLO), and the most
relevant one is Convolutional Neural Networks (CNN). CNN shows great contributions
over the past decade related to pattern recognition, such as voice recognition and image
processing [4]. Furthermore, Albawi et al. [4] mention that the outstanding achievement of
CNN is able to deal with a complex tasks, which requirements are impossible to meet with
classical Artificial Neural Networks (ANNs) [32]. Each object has a unique characteristic,
and the CNN captures and trains the characteristic patterns of the object. In order
to capture the pattern and estimate the location of an object, some filter operations
are applied (figure . In addition, the stride technique is for decreasing parameters
and reducing operational time, and pooling is purposed to reduce the complexity for the
following layers. Detecting the location of objects from an image in YOLO is based on
CNN.

Operation Filter
000
Identity 010
0 00
1 0 -1
00 0
-1 0 1
0 1 0
Edge detection 1 4 1
0 1 0
-1 -1 -1
-1 8 -1
1 1 1
0 1 0
Sharpen -1 5 -1
0 -1 0
g Y
Box blur 1
=11 1 1
(normalized) 9
11 1
G ian bl 1 A 3 3
: BUES::; ;.If E 2 4 2
a 0xi on
2 121

Figure 2.4: The filters in CNN [4].
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2.3.2 You Only Look Once (YOLO)

Object detection is widely used in the area of augmented reality, robot navigation, auto-
matic driving, medical diagnosis, etc. Those methods are based on Deep Neural Networks
(DNNs), which ensure prominent performance but require sufficient memory and high
computational ability [33]. Therefore, this method can only be deployed in constrained
environments. In 2015, YOLO was the state-of-the-art in DNN-based object detection and
introduced to deal with both accuracy and speed without a high specification machine [9].
YOLO algorithm consists of fully connected CNNs [34]. Redmon et al. [9] mention that
YOLO is remarkably fast; the performance shows 150 frames per second on a Titan XGPU
with tiny-YOLO-V3, which is the lightest version in YOLO.

2.3.3 Segmentation

YOLO segmentation method is related to Region based convolutional neural networks (R-
CNNs) [35], which obtains a prominent accuracy in object detection using deep ConvNet,
unlike the sliding window method in figure 2.6l However, there are some drawbacks such
as the training is so expensive in space and time because a multi-stage pipeline is applied,
and object detection is slow due to heavy cost calculation [36]. Generally, R-CNN extracts
various features and feed into CNNs [30] in figure YOLO adopts to transform the
later process of figure [2.5] of “After initial Segmentation” using unified detection, anchor
boxes, and non-max suppression. This transformation in YOLO results in fewer than half

the amount of background errors than Fast R-CNN.

Input Image After Initial After few After many
Segmentation Iterations iterations

Figure 2.5: The process of segmentation in R-CNN [5].
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2.3.4 Unified Detection

The input image is divided into an X by X grid in YOLO. In case that the centre of an
object is placed in a particular grid cell, this grid cell takes responsibility for detecting this
object [9]. Moreover, each grid cell predicts B bounding boxes’ location and confidence
scores related to B bounding boxes’ accuracy, confidence scores defined as Pr(Class;) x
10U (Z;Letc}ll) in equation and is zero when objects do not exist [9]. In addition to the
bounding box, there are five components to predict targets: x coordinate, y coordinate,
w (width), h (height), and confidence. The x and y coordinates describe the generalised
centre point of the boundary box, and the w and h are the generalized width and height of
the boundary box in figure Moreover, one grid cell predicts only one class, and each
grid cell highlights the boundary box, which has relatively high confidence score, such as

the example that can be seen in figure [2.8

T=SxSx(Bx5+0C) (2.1)

truth

Pr(Class|Object) x Pr(Object) x IOU(
pred

truth
) = Pr(Class;) X IOU(pT(&d) (2.2)

g } Object detected?
\

Bounding box
Xl'
Y.
width,
height

A

Class labels
Car,

}_ Pedestrian,
Motorbike,
Traffic sign,
Traffic light

N

Figure 2.7: Bounding box [g].

2.3.5 Network Design

To assess YOLO on PASCAL VOC [37], which is a prepared dataset for object detection,
the YOLO inventor set the values as: S to 7, B to 2, C to 20 [9]. Therefore, the final
output tensor is 7 by 7 by 30. In terms of network architecture, the GoogLeNet model for

image classification inspired YOLO architecture with two fully connected layers and 24
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Final detections

5x5 gnd on input

Class probability map

Figure 2.8: YOLO example image [9].

convolutional layers [38]. The role of 2 fully connected layers predicts the boundary box’s
coordinates and probabilities, and 24 layers are used to extract the features from the input
image [9]. Inception modules of YOLO followed by GoogLeNet, but the concept of one by
one reduction layers, which is the next step of 3 by 3 convolutional layers, is motivated by
Lin et al. [39] seen in figure There are some different architectures of YOLO, which
are YOLO-tiny, YOLO-320, YOLO-416, and YOLO-608. The fastest version consists
of fewer layers for extracting features from images than the standard version, such as six
convolutional layers for features instead of 24. Owing to reducing layers, the fastest version
of YOLO shows accelerated speed, but a lack of accuracy results due to the relatively fewer

steps for extracting features [9].

di -
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448 3 [ ] 28 aﬁ M
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14
| | 7 7
3 192 256 512 1024 1024 1024 4096 30
Conv. Layer Conv. Layer Conv. Layers Conv. Layers Conv. Layers Conv. Layers Conn. Layer  Conn. Layer
7x7x64-5-2 3x3x192 1x1x128 1x1x256 7 . 4 Ix1x512 7,5 3x3x1024
Maxpool Layer ~ Maxpool Layer 3x3x256 3x3x512 3x3x1024 3x3x1024
2x2-s2 2x2-52 1x1x256 1x1x512 3x3x1024
3x3x512 3x3x1024 3x3x1024-s2
Maxpool Layer  Maxpool Layer
2x2-s2 2x2-s2

Figure 2.9: YOLO Architecture [9].
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2.3.6 Anchor Box

The unique characteristic of the YOLO is that the one cell is able to predict only one
class. However, when the centre points of multiple objects are located in one cell, YOLO
chooses only one object. In order to deal with this problem, YOLO adopts anchor boxes,
which can detect multiple overlapped objects in one grid cell. One example is someone
standing beside a car (figure . The centre points of two different objects are placed
in the third column and second row of the grid cell in figure Thus, two different

dimension anchor boxes detect a car and a person.

Horizontal anchor box

Figure 2.10: Anchor box example [§].

2.3.7 Non-Max Suppression

Sometimes the algorithm detects various bounding boxes of different sizes and locations
for a single object. YOLO invented a technique named Non-Max Suppression to choose a
bounding box between multiple ones using probability and intersection over union (IOU).
IOU is the overlapped area between the predicted bounding box and the ground truth
(figure . The method is to select the bounding box with the highest probabilities
between all bounding boxes, which are the value of IOU is over 0.5 (or it can be changed
to any threshold value) about the target object. For instance, in figure it shows the
probabilities of the bounding boxes as 0.9 (Green), 0.7 (Red), and 0.6(Yellow). Choosing
the highest bounding box, the green box in figure and then eliminating all boxes
with IOU is bigger than 0.5, which are red and yellow boxes. The final result is shown in

figure [2.11d
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(a) Intersection over union (b) Before Non-Max suppres- (¢) Non-max suppression re-
example. sion. sult.

Figure 2.11: IOU and Non-max.

2.4 Object Detection using Fourier Descriptors

Fourier Descriptors (FD), which is inspired by the early research of Cosgriff [40], enables
researchers to apply the theory of Fourier Descriptors to shape description in computer
vision [41I]. The idea of Fourier Descriptors is to transform the outline of an object into
a set of numbers that represent the whole shape and is obtained from the Fourier coeffi-
cients [41]. The main benefit of Fourier Descriptors is that it is able to compute invariant
features from features are not invariant [7]. The meaning of invariant features is that they
are not changed when transforming the image by rotation and scaling [42]. So that Fourier
Descriptors can efficiently deal with the scaling issue of the object’s profile and accurately
reconstruct by using its Fourier coefficients [41]. Fourier Descriptors can be extracted
from the coordinates of the boundary points (x,y), such as (zg,%0), -, (¥x—1, Yk—1) using

the following equations:

s(k) = z(k) +iy(k) (2.3)
The modified form is:
K-1 '
a(u) =Y s(k)e 2ruk/K (2.4)
k=0

In addition, the inverse transform can retrieve the initial positions of the feature [7]:

s(k) = — Kz_l () ei2muk/ K (2.5)
- K u=0 '

Partially reconstructing the profile is able to use a finite number of coefficients, but
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there are some possibilities of losing some appearance of the feature. The first few coeffi-
cients would be able to reconstruct the profile with some accuracy.
2.4.1 Implementing Fourier Descriptors

The first step for implementing Fourier Descriptors is to divide the real from imaginary

elements of the combined number in equations and

K-1

trear(u) = Y a(k)cos(0) — y(k)sin(—0) (2.6)
k=0
K-1

Aimag(U) = x(k)sin(—0) + y(k)cos(0) (2.7)
k=0

where: 0 = (2nuk)/K and K is the total number of x and y coordination in the

contour. To reconstruct the profile, the following equations can be used:

K-1

2(k) = treai(t)cos(0) — aimag(u)sin(6) (2.8)
u=0
K-1

y(k) = Z Aimag(w)cos(0) + apeqr(uw)sin(f) (2.9)
u=0

However, the equations and are not helpful in the cases when the
image is rotated, translated, and scaled. Fortunately, the following equations are invariant

features from Fourier Descriptors [41]:

| K-l
az(k) = 7 x(k)cos(0); (2.10)
u=0
=
by (k) = 174 x(k)sin(0); (2.11)
u=0
s
ay(k) = = 3 y(k)eos(0); (2.12)
u=0
=
(k) = 2 S y(k)sin(6); (2.13)
u=0
The features set arranged like the equation (k starts from 1).
2(k) +a2(k b2 (k) + b2(k
CE(k) = \/GQ( )+ ok \/ <) + (1) (2.14)
az(1) +az(1) bz(1) + bz (1)

The above CE form is called Elliptic Fourier Descriptors [41], and the function is
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primarily invariant to affine transformations such as translation, rotation, and scaling.
The listing shows the implementation of the equation The figure is an

example result of Elliptic Fourier Descriptors.
Listing 2.1: Elliptic Fourier Descriptors [7].

1 void EllipticFourierDescriptors(vector<Point>& contour
vector<float> CE){

2 vector<float> ax, ay, bx,by;

3 int m=contour.size();

4 int n=20;//number of CEs we are interested in computing

5 float t=(2«PI) /m;

6 for (int k=0;k<n;k++){

7 ax . push_back (0.0) ;

8 ay.push_back (0.0) ;

9 bx.push_back (0.0) ;

10 by . push_back (0.0) ;

1 for (int i=0;i<m;i++){

12 ax [k]=ax [k]+contour[i].x*xcos ((k+1)xt*(i));
13 bx [k]=bx [k]+contour [i].x*sin ((k+1)*xt*(i));
14 ay [k]=ay [k]+contour[i].y*cos ((k+1)xt*(i));
15 by [k]=by [k]+ contour [i].y*sin ((k+1)xtx(1));
W)

v ax(k]=(ax [K]) /m;

W bx[k]=(bx[Kk]) /m;

v ay[kl=(ay[k]) /m;

20 by [k]=(by [k]) /m;

N

22 for (int k=0;k<n;k++){

23 CE.push_back( sqrt ((ax|[k]|xax[k]+ay[k]*ay[k]) /(ax[0]xax[0]+
ay [0]*ay[0]) )+sqrt ((bx[k]*xbx[k]+by [k]*by[k]) /(bx[0]*bx
[0]+Dby [0]xby [0])) );

N

25 for (int count=0;count<n && count<CE. size () ;count++){

26 printf ("% CE %f ax %f ay %f  bx %f by%f \n” ,count
,CE[count | ,ax[count],ay[count],bx[count],by[count]) ;

-

.}
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(a) The input hand image. (b) Segmentation of (a) (c) Contour of (b)

Figure 2.12: The first five FD coefficients for the contour in (c) are: 0.741, 0.315, 0.411,
0.174, 0.324 [7]

2.5 Image Segmentation: Image Subtraction

Image subtraction is a whole operation by itself, as single pixels are subtracted from a
different image [43]. The primary purpose of image subtraction is to recognize the differ-
ence between two images. This technique is commonly used for extracting an object by
removing the background from consecutive frames created by static cameras. When the
subtraction is performed, there are two pre-processes before applying subtraction. The
first is that an input image such as RGB is converted to a grey-scale image. Using sub-
traction of two sequential colour images could not recognise the general changes between
two images because the value of RGB is sensitively changed. On the other hand, the
subtraction of two sequential images in grey-scale highlights the changes between images.
The last is that size and number of channels of sequential frames must be the same. The
two conditions above are pre-requisites in subtracting two images. If the two conditions

are not satisfied, a segmentation fault may occur.

The process of image subtraction is shown below in figure [2.13] Subtracting two
sequential frames does not extract the target object perfectly from the scene due to a
sudden environmental changes. Therefore, an additional filtering process is required for

perfect image segmentation using sequential images.

2.6 Filters: Additional Tools for Image Segmentation

The technique of image subtraction is not sufficient to deal with image segmentation
perfectly. Some supporting filters are required to succeed in the processing of image
segmentation. We will discuss the Median and Kuwahara filters with a Summed-area

table in this section.
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Figure 2.13: Image subtraction process [10].

2.6.1 Median Filter

Tukey [44] suggests one-dimensional waveforms, which is the root concept of median filter,
and then this technique expands to two-dimensional form in order to apply for image
noise smoothing. The median filter eliminates the mess of an image (see an example
in figure and is commonly used as pre-processing before applying the detection
technique. For instance, according to Narendra and Patrenahalli [45], a median filter
is implemented before processing an edge operator because this operator struggles to
detect the line where remaining salt-and-pepper noise exist, and the median filter would
transform this noise into a smooth area.

The intensity of the median filter can be adjusted by changing the size of the sliding
window, which is usually a square MxM [45]. A smaller size erases less noise, and a larger
size erases more noise. However, if the window size is relatively large, the performance is
significantly decreased. There is a trade off between the size of the sliding window, the

ability to suppress noise and the speed.

Figure 2.14: Median filter example [7].
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2.6.1.1 Median Filter Algorithm

The window size of a median filter must be only odd to avoid the ambiguity of selecting
the central pixel value. After determining the window size, the values inside the window
are sorted in ascending order, then the final value is the middle one from the sorted values
(figure . This process is applied in all pixels except for the edge of an image (grey
values in “Output” of figure . Therefore, the size of the edge, where the median filter
is not applied, depends on the size of the window in equation [2.15)

Figure [2.15] shows a simple example of a median filter applied to a generic image. The
window size in figure [2.15|is set to 3x3. In that case, the values inside the window, which
are the values of the black and grey background colour of ”Input” in figure [2.15| are read
one by one, then sorted from the lowest number. The 5th value, which is the central
value of ”Sorted” in figure [2.15|is the final value for this window, which is the second row
and column value from ”Output” in figure [2.15] The original corners from ”Output” in
figure [2.15] are preserved.

window_size + 1

The_Size_of Edge = 5 1 (2.15)
Input Output
T 1| 31| |1|alo|1|3]1
M2 PN 2|2 (3| |2f1|1]|1[1]3
S o1 (o] [1frf1faf2]o0
tl2f1of2]2| [tfafrf1]1]2
205 |3(1|2(5] |2]2)2|2]2]5
{14230 [1]|1]a]2][3]0

Sorted:0,0,1,1,1,2,2.4 .4

Figure 2.15: Median Filter Window[IT].

2.6.2 Kuwahara filter

The Kuwahara filter is a non-linear function and was invented by Kuwahara et al. [40]
to improve the medical model, especially in dynamic heart muscle [46]. This filter can
reduce noise by improving the strength of the edge and creating stylized abstractions

from images by transforming the input image into a smooth image [47], as it is shown in
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figure In order to determine the value of the pixel, the kernel, which is divided into
four different areas (figure . The centre pixel of the kernel is determined by mean of
the region with the smallest variance, which is computed between four regions. The final
value, the green value of the figure 2.16] is determined by the smallest variance of one
the areas between 1 and 4 (figure using equation Therefore, choosing the area
with the smallest variance makes the areas of objects more homogeneous and makes the
object contour more clear.

In addition, the bigger size of windows creates a more abstract image (figure .
However, applying this filter with the big size of the window needs a tremendous amount
of calculation and access to the pixels. For instance, a 5 by 5 window size in figure [2.16
needs to access 36 pixels to determine only one pixel, whereas 11 by 11 window requires
to access 100 pixels in order to deal with only one pixel. Therefore, the Kuwahara filter
requires more computations than a Median filter. The most time-consuming work in the
Kuwahara filter is to calculate the sum of pixels in areas of the kernel. The runtime in the
Kuwahara filter can be decreased by applying Summed-area tables [48], especially when
increasing the size of the kernel of the filter. The section [2.6.3| will discuss Summed-area

tables.

K B . - . 1 2

N— < ernel Wmc2lows Size + > (2.16)
— =Y (i) (2.17)

Ha = N U,y .

(z,y)€a
9 1 . 2
%0 =N (i(2,y) = pa) (2.18)
(z,y)€a
where:
ais {0,1,2,3},

i is the input image, and i(x,y) is the pixel value at the coordinates (x,y)
g 18 the average value of the pixels in area a

0, 18 the variance of the pixel values in area a

2.6.3 Integral Images (or Summed-area Tables)

Summed-area tables (SATs) were suggested by Crow [4§] in computer graphics and is one
of the main contributions for generating real-time face detection by Viola and Jones [6].
Each cell in the SAT organizes the sum of all elements from above to the left of the
location of the cell in the input image, and it is also called a cumulative table [12] or
integral images [6]. The main strength of the summed-area table is to calculate the

summed value from any scale of the area with a runtime that is independent of the size
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area 1 area 2

area 3 area 4

Figure 2.16: Kuwahara filter with 5x5 kernel [7].

of the area.

2.6.3.1 The Method of Summed-area Tables

There are three primary steps for creating and applying a summed-area table. The first
step is converting the input image to a grey-scale one, which has the level intensity of each
pixel from 0 to 255 [49]. The second step is creating a new two-dimensional array, which
contains the summed information using the equation [7]. For example, the summed
value of the blue cells in the left of the figure 2.18]is corresponding to the value of the
fourth row and column, which is the blue cell in the right of figure The last step is to
calculate the summed value using all edge values of the rectangle area. For instance, the
sum of green values in the left figure (2.19)), which is 27, is the target of the calculation.
Using a summed-area table, the summed value of “B” and “C” in the right figure [2.19
is 31 subtracted from the added value of “A” and “D” in the right figure 2.19]is 58, so
the result is 27. Because the access is point by point, this method does not affect the
performance in larger kernels when computing a sum of an area. Therefore, implementing

the Kuwahara filter using Summed-area Tables has a great benefit for performance.

r Y
S(x,y) => > T(i,5) (2.19)

i=1 j=1

Sum(R) = A(R) — B(R) — C(R) + D(R) (2.20)

A(R) = S(Rymaz, Rymax) (2.21)
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(b) 11x11 Kernel. (¢) 17x17 Kernel.

Figure 2.17: Example of Kuwahara filter.

input table summed-area table
11302 1]2 11446 7]9
3124131610 4 | 91131182527
O(5|111]15]3 4 (14119 |25]37 |42
21213372 6 |18]|26| 35|54 |61
4 (218|412 ]5]]110|24|40|53|74|86
(a) Input Table. (b) Summed Area Table.

Figure 2.18: The First Example of The Summed-Table [12].

B(R) = S(Rymin — 1, Rymax) (2.22)
C(R) = S(Rymaz, Rymin — 1) (2.23)
D(R) = S(Rymin — 1, Rymin — 1) (2.24)

2.6.3.2 Limitation of the implementation of a Summed-area Table

The implementation of summed-area tables should be aware of the size of the variable used
in the matrix. The edge value of the right-bottom of the integral image is the summed
value of all pixels from an image, and the maximum of this value is the equation [7.
Therefore, checking the maximum value of the summed-area table is essential to avoid
overflows in the matrix. The high resolution of an image may cause overflow in the

matrix, and in such cases it is recommended that the size of an image is reduced.
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input table summed-area table

1({3(0|2]1]2 114 (4|67 ]9
3(2|4]13]|6]|0 419 1318|2527
0 SN 3 4 (141925
22337 |2][6]18]|26]35]

4 284125 ]110|124140|53 (74|86
(a) Computing the green area: (b) This is equivalent to:
5+14+1+5+2+3+3+7=27 54-25-6+4=27

Figure 2.19: Summed-area table example [12].

Mazximum = Width = Height * 255 (2.25)

2.7 Object Labelling: Blob Finder

An automated system for segmenting an image remains a challenging work in the com-
puter vision area, and this work is closely related to the result of some applications,
including image annotation, object recognition, image indexing, and image coding [50].
Image segmentation is sometimes achieved using a blob detection. In order to begin the
segmentation of the region in an image, the input image change to a binary image (zero
for a black pixel or non-zero for a white one). The zero pixels are set as the background,
and the non-zero pixels are the object. Grouping the non-zero pixels is the goal of the
blob finder.

The approach of counting and finding the non-zero pixels’ location in a computer is
different than human eyes. The programming approach is to access and scan every pixel
using a loop, and after finishing the loop, it returns the results of the analysis. So, it is
important that the data structure of this algorithm is considered because the grouping
process can be complex. For example, merging and splitting sets may need to use and
reuse indexes.

The method of joining pixels into a group is to check the adjacency of the pixel. If
any neighbour non-zero pixels exist from the target pixel, this target joins the neighbour
group. If the pixel is initially not connected to any other pixel, the data structure creates
a new group. There are two types of adjacency; four and eight. Diagonal pixels of the
target can be the neighbour in 8-adjacency, but the simplified version as 4-adjacency has
better performance than 8-adjacency. The figures [2.20a] and [2.20D] are examples of the
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blob finder at work.

In the view of programming in 4-adjacency, the algorithm determines the direction of
the scan from left to right and top to down. During the scanning and grouping process, the
program only needs to check two neighbours, which are the left and top pixels, because
other directions will be checked by the right and bottom pixels. The pseudo-code and
process is illustrated in the listing [I] and the figure [2.21] respectively.

(a) Input Image (b) Result of Blob

Figure 2.20: Blob Processing [7].
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Algorithm 1 Object Labelling using 4-adjacency [7].

Require: a binary image i(z,y)
1: declare a vector of sets SET]
2: declare integers counter = —1, sl, s2
3: declare Ali.width|[i.height] {a 2D vector or mat initialised to -1}
4: for y =1 to i.height do

5. for z =1 to i.width do

6 if (i(z,y) #0 ) then

T if (i(x —1,y) #0 OR i(z,y — 1) # 0) then

8: sl = Alz — 1][y]

9: s2 = Alz|[y — 1]

10: if (s1 # —1) then

11: i(z,y) = SET[sl] {insert point i(z,y) into SET[s1]}
12: Alz][y] = sl

13: end if

14: if (s2 # —1) then

15: i(z,y) — SET[s2]

16: Alz]ly] = s2

17: end if

18: if ((s1 # s2) AND (sl # —1) AND (s2 # —1)) then
19: SET[s1] U SET|[s2] {Union, keep set SET[s1] and empty the other}
20: Reset all points of A(z,y) belonging to SET[s2] to sl
21: empty SET[s2]

22: end if

23: else

24: counter = counter + 1

25: Create new set SET [counter]

26: i(z,y) — SET[counter]

27: Alx]ly] = counter

28: end if

29: end if

30: end for
31: end for
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Figure 2.21: Blob finder example [7].
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2.8 Machine Learning

Machine learning is the area about computer algorithms that develops knowledge automat-
ically by experience using data [51]. According to Arthur Samuel [52], machine learning
algorithms create a model by training data to predict the output through the analysis
of the input value without being explicitly programmed. Sometimes, humans struggle
to predict the statistical answer with organized data, but machine learning algorithms
are designed to solve these problems quickly. There are several efforts to apply the vast
data sets in machine learning by many programmers and mathematicians [13]. Machine
learning has various algorithms to predict answers given features [13] (see example in fig-
ure . Between the figure we briefly explore Random Forest, AdaBoost, Support
Vector Machine (SVM), and Neural Network.

Machine Learning
I

Supervised Unsupervised Semi-Supervised Reinforcement Multi-task Ensemble Instance Based

Neural Network
Learning Learning Learning Learning Learning Learning Learning
Principal
Decision Tree Component Generative Boosting Supervised k - Nearest
e Models Neural Network Neighbor
Analysis
n
Naive Bayes K - Means t Self Training Bagging Unsupervised

Neural Network

Transductive
Support Vector : Reinforced

Machine | Sup&:r:h\]lne:tor Neural Network

Figure 2.22: The various types of machine learning [13]

2.8.1 Algorithms
2.8.1.1 Random Forest

The random forest classifier (RF) consists of independently trained tree classifiers. Those
trees are generated by a process called bootstrap, which re-samples the training set ran-
domly, with replacement. The majority vote selects the final class [53]. The tree classifier
is a decision tree which is the form of a binary tree with various nodes. The nodes are
organised by choice or event, and the edges of the binary tree represent states or deci-
sions [13]. The user declares the specific number of randomly selected variables to split
at each node [54]. Splitting each node can use either the Gini index or entropy [55].
Briefly, random forest determines the answer based on the choice of the most voted by

each decision trees. The figure 2.23] shows the process of random forest algorithm.
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Figure 2.23: Example of Random Forest [14]

2.8.1.2 AdaBoost

Boosting refers to the ensemble learning algorithms that combines multiple weak classifiers
into a single robust classifier. AdaBoost is one of the first boosting algorithms and it was
introduced by Freund and Schapire [56]. AdaBoost uses a forest of stumps rather than
a full-sized decision tree in figure [2.23] A single stump is able to use a single feature
per decision, with a confidence slightly better than 50%, so stumps are called ”weak
learners”. Fach stump has a different weight. Larger stumps have more influence in the
final classification than a small one. In addition, the stumps are connected to each other,
so the error from the previous stump can influence the answers of the next stump. To
train a stump, the distribution of the training samples uses weights. After a stump is
trained, the weights of the training sample are updated, changing the distribution at each

round.

Age <30

Figure 2.24: Examples of a decision tree and stumps [15].
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2.8.1.3 Support Vector Machine

Support Vector Machines (SVM) is a supervised learning model related to learning al-
gorithms for regression analysis and pattern classification [57]. The method of SVM is
to create a hyperplane, which is the lane for dividing each class. In addition, SVM can
perform both a linear and non-linear classification. The kernel in SVM is able to generate
mapping inputs into high-dimensional feature spaces sequentially by drawing hyperplanes
in each class [I3]. This hyperplane is drawn by the centre point of the nearest two different

classes in order to minimize the classification error. An example can be seen in figure

Introduction to SVM @

FS . *
3 oo 4 i 4«
™ i = -,.-- fff’f e ﬁ:{'ﬁ
° S * & % y |
Mg L W » w
1 .|. ﬁb ﬁ ﬁ' |
Class 1 Class 2

L

Figure 2.25: The example SVM [13].

2.8.1.4 Neural Network

A neural network is a kind of algorithm that attempts to identify the relationships in a
group of data through a method that imitates a human brain [I3] and is specialised to
make decisions in a human-like ways and recognize patterns. A neural network consists
of nodes or artificial neurons [58] and follows the system of neurons. An artificial neuron
is a compound of input units, hidden units, and output units (figure . Input units
perform to receive the several forms of the input units, and the hidden units are the
primary brain process to analyse the pattern and recognize it, then finally output units
return the answer. The connections between units are called weights, and these weights
are fully connected between all nodes in the figure The primary benefit of a neural
network is producing the ideal output by adapting to change inputs without reconstructing

the output criteria, and this concept is the root in artificial intelligence [13].
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Figure 2.26: The example neural network [16].

2.8.2 Metrics for Machine Learning
2.8.2.1 Confusion Matrix and Accuracy

Confusion Matrix, commonly known as an error matrix, is the visualised data storage
that can simply calculate the accuracy of a land-cover map [59]. This confusion matrix
is also in the form of a square matrix, which is arranged in the same number of columns
and rows, organized with two dimensions as actual and predicted. The main purpose of
employing this matrix in the field of machine learning is to estimate the accuracy from
prediction. Accuracy is the number of correct prediction (TP + T'N) divided by the total
number of predictions (T'P + TN + FP + FN), as per equation In addition, the
method of calculating the accuracy using confusion matrix table is that whole-cell values,
which are the values of grey and red cells in figure divided by the values of red cells
in figure In machine learning, this matrix is a tool to arrange the next training
plan and tune parameters for learning as evaluating the significantly incorrect predicted
classes with the value of true negative and false negative. Therefore, the confusion matrix

is essential for analysing the results of a model.

TP+TN
A = 2.2
ce TP+TN+ FP+FN (2.26)

e True Positive (TP)
— The actual value is 0, and return the predicted value as 0 correctly.
e True Negative (TN)

— The actual value is 1, but return the predicted value as 1 correctly.
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e False Positive (FP)
— The actual value is 1, but return the predicted value as 0 incorrectly.
e False Negative (FN)

— The actual value is 0, but return the predicted value as 1 incorrectly.

Acutal
Yellow Blue Black

Red I
velow [

Predicted  Blue
Black

White

White

Figure 2.27: Example of multi-class confusion matrix.

2.8.2.2 F1-Score, Precision, and Recall

The accuracy above is the general evaluation of the detection of an algorithm. However,
it does not constitute the individual assessment in the accuracy. Therefore, F1l-score is
able to measure the quality of one algorithm and the balance between recall and precision
(equation . Precision is the amount of the correctly detected target class between
all predicted "True’ labels [60] (equation . For instance, there are two classes in a
rodent and a bird, and the target class is a rodent. The precision of a rodent refers to
the confidence rate of detecting a rodent. In addition, recall represents the percentage of
the correctly predicted target class between the total amount of actual "True’ labels [60]
(equation. If the recall value shows a high score, it means the algorithm has a robust
ability to detect the target class [60]. Fl-score is a compounded value of precision and
recall, and this value is suitable to evaluate the model because often precision and recall

are contradictory [60].

TP

Precision = m (227)
TP
ll=——— 2.2
Reca TP L FN (2.28)

Precision * Recall

F1=2 (2.29)

" Precision + Recal
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2.8.2.3 Cross Validation

From the section [2.8.2.1] and [2.8.2.2] we looked at the method for calculating the accuracy

and fl-score using a confusion matrix. Cross-validation helps to have more objectivity in

the measurement of the accuracy, which is calculated using a confusion matrix. Cross-
validation allows for the computation of an average measurement of fitness in prediction in
order to obtain a precise statistical result of the model prediction performance [61]. The
first process before applying cross-validation with the provided data is to determine the
value of the block for splitting all data into test and training data. For example, suppose
the block value is 5. In that case, 20% of the data set is for test, and the rest of the data
is for training (figure . These split training set and test set are not correlated, so
using this method gives a better estimate of the accuracy of the classifier. Moreover, the

accuracy is measured by computing the average value of accuracies from the iterations in

figure [2.28

K=5 All Data
Index 0 1 2 3 4
Iteration O
Iteration 1
Iteration 2
Iteration 3
Iteration 4

Figure 2.28: Cross validation.

2.9 Conclusion of the Literature Review

In chapter 2, we discussed the related works, the well-known real-time detection algorithm
(YOLO), and literature relevant to our new detection algorithm. We notice that there
are currently some efforts to apply object detection technologies in low specification ma-
chines such as Raspberry Pi, but it is hard to balance speed and accuracy in real-time
detection with a low specification machine. On the other hand, if the detection algorithm
is transformed to allow for increased speed, for instance by simplifying the architecture,
the result usually shows a lack of accuracy. Therefore, the primary objective of this thesis
is to design a new detection algorithm that has a well-balanced accuracy and speed char-
acteristic, while using a Raspberry Pi. We focused in finding other researches that aim to

increase the speed of the algorithm without a reduction of accuracy.
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Chapter 3

A New Detection Algorithm
Based on FDs

The idea of detecting objects comes with the extraction of the object by subtracting an
image from its background in grey-scale. The sequential images, which show the dynamic
movement of the target objects with a relevant static change of background, are suitable
for this subtraction. For instance, a fixed-angle camera captured sequential images with
a bird flying. The bird’s location is shifted compared with frame by frame, whereas there
are no dramatic changes with other elements. This flying bird is an example of a case
for extracting an object by subtraction. Therefore, at least two sequential images are an
essential requirement for our detection algorithm. Any recorded video with a fixed angle

camera located in natural habitats can be used.

3.1 Feature Extraction Algorithm

3.1.1 Predicting Target Location: Region of Interest(ROI)

The diagram below in figure[3.1]is the summarised process of predicting the target location
based on the image subtraction algorithm. The method of estimating the target location
is to extract the object by obliterating the content of the background. After subtracting
two images in grey-scale, the result shows the difference between the two images. After
the subtracting process, the most significant group from the subtracted image assumes
the target location in the next step (“Determine the size of window and location” in
figure . Then, a blob finder is applied to find the position of the most significant
chunk of no-zero pixels. Finally, the ROI is decided.
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Previous Image
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and location
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Merge two ouputs
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Cropping Region of Interest(ROI)
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[l_ajimmjo_am:m and applying median filter k ' h
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Figure 3.1: The process predicting target location.
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3.1.1.1 The Order of the Subtraction

The subtract process begins after converting the RGB scale to grey-scale. On a grey-scale,
the relatively bright pixel has a value close to 255, and the moderately dark one has a
value close to 0. When investigating the rodent and the bird images, the images have
in common that the tone of targets on grey-scale is darker than the target’s background
(figure . That is, each pixel value of the target is mostly lower than its background.
Suppose that following equation [3.1] is used, some pixels on the target location will be
negative. The negative value is regarded as zero because the range of a pixel is from 0 to
255. The result of the equation is shown in figure (c), that it extracts the target
from the previous image. For this reason, the non-target image is placed in front of the
minus operator (equations and , with the listing [3.1} Therefore, The result
of the subtraction is related to its order (figures c and d).

result0 = target_frame — previous_frame (3.1)
resultl = previous_frame — target_frame (3.2)
result2 = next_frame — target_frame (3.3)
result3 = (next_frame — target_frame) + (previous_frame — target_frame)  (3.4)

Mat result , target_frame , previ ous_frame;
for (int i=0; i < target_frame.cols;i++) {
for (int j=0;j<target_frame.rows;j++) {
Mpixel(result ,i,j) =(int) Mpixel(frame,i,j)—(int
)Mpixel (target_frame ,i,j)

Listing 3.1: Subtraction Operation
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(a) Target image. (b) Target background image.

Figure 3.2: Cropped target and background images.

(a) previous_frame (b) target_frame

(c) target_frame - previous_frame (d) previous_frame - target_frame

Figure 3.3: Example of a subtraction
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3.1.1.2 Filters: Median filter

The median filter is a time-consuming process, but it is essential to reduce process time
of the blob finder. There is a high correlation between processing time and the number of
blobs (or groups), so the responsibility of a median filter is to lessen the task of the blob
finder by eliminating miscellaneous noise. Although the median filter is relatively slow
in performance, without this technique the blob finder spends more time. Moreover, the
median filter is a promoting technique to obtain a more clear outline shape of the target.
However, sometimes significant features are removed by the median filter. For instance,
the outline of the birds’ legs is erased because the legs are too thin and regarded as noise
in the median filter process. Some bird features without their leg can lead to ambiguity as
to whether the object’s outline shape is a bird or a rodent, so the median filter’s intensity

should be dealt with carefully.

3.1.1.3 Filters: Blob Finder

Applying the blob finder technique is to know which of the pixel group is the biggest
and where this group is in place. Figure illustrates several groups of the pixels with
a different colour, and the group of yellow colour is the biggest. This filter returns the
vector array, including the group’s size and position, and those values are the primary key
to finding the location and group. Even after a median filter process, sometimes various
noises still remain because of sudden dynamic changes in its scenery, such as wind. In this
scenario, more computation is required in the blob finder process, and it cannot extract
the object because there is a high possibility of scenery being regarded as an object. In
order to solve this issue, we transformed the blob finder algorithm that returns an error

code when the groups of pixels exceed 100.

Figure 3.4: Blob Image
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3.1.1.4 Determining Window Size and The Center Point of ROI

The blob finder technique enables users to know the location of the largest group of pixels.
The method of determining a window’s size is based on scanning the pixels at the edges of
the window. For in-depth clarification, the figure illustrates the determination process
of window size. The first is that the programmer sets up the default window size, such
as 20 by 20, then the scanning process operates to the edge of this window, whether non-
zero pixels exist or not (figure (a)). If finding the non-zero pixel at the edge of the
temporary window during the scanning process, increase the size of the square (figure
(b)). Once reach the condition in which all the edges have a value of zero (figure (c)),
expanding the size one more time, then return the window size and centre point (ﬁgure
(d)). The reason for expanding one more size is in the case that the thresholding process

cuts off parts of the target.

a) Default Size Window Expand p) 11e First Sze

Size Up Window
—
Expand
Size
. The Second Size . The Last Size
! Up Window Up Window

Figure 3.5: The Process Expand Window Size

3.1.1.5 Failing Cases of Finding Region of Interest (ROI)

The algorithm for finding the approximate location of the target is to find where is the
biggest difference between the target and the previous frame. However, sometimes the
movement of the target is too static, for example when an animal is looking around or
feeding. Such a small difference of images may cause a failure of the algorithm. There are
two examples. One case is where the proportion of the dynamic movement of the target
is smaller than the background change. The wrong place can be regarded as the object
location. In this case, the algorithm allows to keep processing until the end, and the other
processes will filter it.

The other case is that where the approximate location of an object has been detected
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correctly from ROI finding process, but the output of the ROI finding process captured
only the parts of the object features such as head and tail (figure (c) and (d)). This
case occurs when the movement of the target object is not always dynamic. Sometimes
the animal stops moving and looks around (figures (a) and (b)). To turn this failure
into success case, after finishing the algorithm of determining window size, it increases
the window size one more time as shown in figure (e). The algorithm of determining

window size and the centre point of ROI is illustrated in the next section.

(a) Case2: Previous Frame (b) Case2: Next Frame

(d) Case 2: without increase size one
(c) Case2: subtracted image more time

(e) Case 2: increase size one more time

Figure 3.6: Comparison of Subtraction
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3.1.1.6 The Output Files from The finding ROI

The goal of this section is to determine the window’s cropping pinpoint and size about
the target and non-target images; in short, the process finds the region of interest. The
following process, which transforms the contour image into 20 floating-point values, en-
ables to proceed without finding the ROI. However, it does not provide a delicate object
outline than an additional processed one with cropped images, even if it ensures a bet-
ter performance. For this reason, some further processes will be moderately repetitive.
The three images below in figure [3.7 show an example of outputs of cropped images, the

pinpoint and size are determined by figure [3.7] (b).

(a) Output: Previous Frame (b) Output: Target Frame (c) Output: Next Frame

Figure 3.7: The final output of the first subtraction.

3.1.2 From the Outline into Data using Fourier Descriptors

In the previous section, the process results in a cropped target and non-target images (see
the first three images of figure . The input resources of this section are the output
of section [3.1.1.6] The form of the output in this section is the collection of information,
including class number, a target image name, and 20 floating point values for the Fourier
Descriptors (FD). The 20 values are used by the machine learning algorithms for predicting

the detected object class.

3.1.2.1 The Kuwahara Filter

The reason for applying the Kuwahara filter in input images is that it improves the extract-
ing of the outline of an object. However, the biggest drawback is the reduced speed due
to requiring numerous calculations, even using the summed-area table (section .
The speed for applying this filter is strongly correlated with the image’s resolution; it is
faster with a lower resolution. The cropped image has a relatively low frame size; it does
not affect the total process time in this case.

We organised the experiment of processing time in the Kuwahara filter with cropped

images. Figure [3.9] illustrates the measured time, in frames per second, for modifying a



3.1. FEATURE EXTRACTION ALGORITHM 43
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Figure 3.8: The Process of Transforming Data

single cropped image to the Kuwahara filtered one with 200 random images, which the
range of size is between 20x20 and 200x200. Most images achieve less than 1200 frames
per second, whereas the others show significantly higher speeds. The reason is that those
are all small frame sizes (20*20). The green line, f(x), shows the average processing speed
of all data as 508.977 frames per second. Therefore, applying the Kuwahara filter in
cropped images has less influence on the overall performance. Moreover, this filter can

also produce more clear contours.

Time measuring after for applying kuwahara filter with a cropped image
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Figure 3.9: Kuwahara performance with different window sizes.
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3.1.2.2 The Final Output of The Algorithm

The final output has the additional files shows in the listing The values from CEO to
CE19 are used to predict the class of an object, and the others are saved as the resource
of the labelling system for training. The detail of the training file structure and further

process will be discussed section 4.4

<class_number >;<file_name >;<x>,<y>,<width>,<height >;<CE0Q
>,..,<CE19>

Listing 3.2: The Final Output of Detection

3.2 Labelling for Training and Detection in Real-Time

In the section we discussed the main algorithm for feature extraction from sequential
images. This algorithm can be adjusted for the parameters, depending on the purpose,
either speed or accuracy. For example, in order to boost the speed of the processes, the
parameters can be tuned by compressing the window size (section and by reducing
the strength of the filters, including Median and Kuwahara filters. However, this may
result in losing the details of the object’s contour, and it may cause the reduction of

accuracy. Therefore, tuning the parameters is very important, and this will shown in the

experiments in sections (5.3) and (5.6)).

Feature extraction is used in a semi-automated labelling system in chapter 4. In this
labelling system, the parameters of this algorithm are set as the high-strength values
in filters because this labelling system focuses on obtaining the specific details of the
object’s contour without considering runtime. In contrast, feature extraction for real-time
detection should consider the balance between accuracy and runtime. Sections and
(5.6) will discuss how to find the ideal parameters considering both the accuracy and
runtime.

Moreover, we added a feature to the real-time detection algorithm that can be turned

on or off depending situation to increase frame rates.

3.3 Real-time Detection

The parameters for the feature extraction in real-time detection are similar to the one used
in a semi-automated labelling system. There are two significant differences between the
feature extraction used in labelling system and the one used in real-time detection: light

architecture for appropriate performance in relation to accuracy and the event trigger.
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3.3.1 Light Architecture

In order to create a light architecture, it is essential to analyse what the time-consuming
work is. We pointed out the slow factor for performance as the Median filter, Blob finder,
and Kuwahara filter from section B.Jl Both the median and Kuwahara filters can be
adjusted for fast computation, and the blob finder performance relies on the result of
the median filter. Nevertheless, switching to a faster median filter could lead to more
processing time in the blob finder because grouping process in the blob finder spends
more time with noisier images. Besides, the Kuwahara filter might influence classification.
Therefore, tuning the parameters of the median and Kuwahara filters should be handled
carefully.

In real-time detection, we adjusted the parameters considering the balance of the

median and Kuwahara filters to run faster.

The other way to reduce workload in detection is to scale down the input images.
The benefit of this approach is that it does not require modifying any code inside the
algorithm, and it simply changes the input image size. The processing time for the three
time-consuming filters, which are median, Kuwahara filters and blob finder, also depends
on the frame size. However, it decreases the accuracy rate from a particular frame size
because the extracted object may be too small to recognize. Therefore, we will experiment
with tuning the frame size to understand the relationship between processing time and

accuracy in Chapter 5.

3.3.2 Event Trigger

Event trigger is the feature of turning on and off classification. There are two purposes of
event trigger: reducing unnecessary calculation for increasing performance and classifying
the suitable object. About the first purpose, most of the time in real-time detection the
algorithm waits for the target object to be in range of the camera. If the program tries
to detect something during this waiting time, segmentation fault may occur because a
very large number of blobs can lead to overflowing the data structure holding information
about each group. Therefore, real-time detection has the additional feature of pausing

classification until a moving target shows up.

For the second purpose, the classifier is always showing the result as one of the trained
classes. For instance, if a withered leaf trembles in the wind, the program tries to classify
this leaf as whether the rodent or bird. There is no option for neither the rodent nor
the bird. The classification during waiting time is the factor decreasing accuracy and
delaying other processes. For those reasons, turning on and off the classification process

is an essential requirement for our approach for real-time classification using FD.
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3.3.2.1 Trigger for Turning On

When activating the classification in real-time, subtracting the current from the previous
frame is in process continuously. The algorithm measures the proportion of non-zero
pixels using the equation If the proportion returns a relatively large value, it has
shown a sudden significant change between the previous and next frame. This sudden
change can define the appearance of new objects in the captured scene. The value of the
equation is subjective, and it requires adjusting the appropriate value turning on/off
the classification algorithm. The current value for trigger set up 0.01. In other words, the
classification algorithm will be activated if the amount of non-zero pixels in the subtracted

window is larger than 1%.

proportion_total_non_zero_pizels = total_non_zero_pixels/( frame_width * frame_width)
(3.5)

3.3.2.2 Trigger for Turning Off

When real-time classification is being activated, the target does not always stay from the
camera’s range, and it can disappear suddenly. Therefore, a feature for turning off the
classification algorithm is also required. This feature is the exact opposite turning on
method, which stops the classification algorithm when the change between the sequential
images is less than 1%. However, sometimes, the trigger for turning off activates wrongly
because the animal movement can stop. For instance, if a bird is sitting on the ground for
feeding, the motion of a bird should be minimal. In this case, the trigger for turning off is
activated. Therefore, the condition of the trigger for turning off the classification adjusts

to a smaller value of 0.5%.

3.3.3 Summary

This chapter explored the main algorithm of finding an object and the different usages of
this algorithm for a semi-automated labelling system and real-time detection. The sum-

marized steps of the main algorithm are illustrated below.

The steps of main algorithm for finding an object:
1. Region of Interest(ROI).
(a) Subtracting the sequential images.

(b) Thresholding the subtracted image.
(¢c) Median filter.
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(d) Blob finder.
(e) Determining the location and size of ROL

(f) Cropping ROI in the sequential images.
2. Transform object outline into data.

(a) Kuwahara filter in the sequential ROI images
(b) Subtracting the sequential ROI images.
(c) Median filter.

Draw contour.

)
)
)
(d) Blob finder.
e)
)

(
(f

Extract 20 floating point values from the contour.
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Chapter 4

Semi-automated Labelling System
and YOLO

4.1 Semi-Automated Labelling System

According to Santos Ferreira[62], supervised deep neural networks have outstanding achieve-
ments in many areas, especially in image recognition, but manual data labelling takes
tremendous time for completion. Therefore, we developed a semi-automatic labelling
system to prepare the necessary information from the dataset relatively quickly before
training. We assume that the required training images per class are at least 1,000 images,
but it takes a tremendous amount of time to do these tasks manually. This preparation
system transforms original images into trainable images with labelled data, but the output
may not be perfect in every case. For that reason, the user must still deal with filtering
the appropriate samples from the labelled images for training.

Overall, the labelling system has three stages. The first is that the selected algorithm
produces label information of Yolo and FDs for training automatically. The second stage
is that the user selects the appropriate labelled data from the images produced by the
first stage. The final stage is the final confirmation of the selected data from the second
stage, avoiding any mistakes in the second stage. These three stages are used for each
cycle in the cycle boxes of figure .

Figure illustrates the process of obtaining the final labelled data using the semi-
automated labelling system. There are three divisions of cycling, which depend on the
different techniques and datasets. Those three cycles are closely related; the second cycle
produces labelled data using the created Yolo weight from the first cycle, and the third one
also uses the second Yolo weight in the figure . Therefore, the number of labelled data
has been improved over the cycles. After the third cycle, the system is able to produce
more labelled data if the user finds other suitable video files for labelling. The detail of
each cycle will be discussed after sections and
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Figure 4.1: The Semi-automated Labeling System Process Diagram
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4.2 Analysis of The Dataset

4.2.1 Dataset Type

The choice of each image in the dataset is dealt with care because the accuracy of the
algorithm highly depends on them. There are four considerations to determine the dataset.
The first is to select the dataset that contains similar species with a wide variety in the
targeted area. The detection algorithm is based on the silhouette of the target. The shape
of some random species does not match with the target area, so the detection algorithm
might struggle to distinguish the target correctly.

The second consideration is that the dataset should include various shapes of the
posture of an object. If the dataset of a bird only has the posture of sitting down, this
trained dataset will not be able to detect the flying bird.

The third consideration is that a captured image in the dataset must be sequential,
and the recommended gap between sequential images is less than one second. If the gap
between images is more than a second, the possibility of background changes might be
increased by various factors, such as gust, rain, and sudden light changes. The sudden
background changes present noise in an image subtraction, and there is more workload
for dealing with this noise.

The last consideration is that it secures as many images as possible. We set the goal
of preparing data at least a thousand images per class. Choosing the dataset, which has
less than a thousand images, is insufficient.

A dataset that satisfies those four conditions, is the one collected by Tabak et al.[63],
with 74,335 bird images and 68,298 rodent images.

4.2.2 The Process to Read the Sequential Image by Name Tag

The requirement of our algorithm is at least one sequential image of the target image.
Mostly, the creator of the dataset organized the file name in a particular rule. The
selected dataset from us has the rule of the file name that two unique names and four-
digit numbers follow the dataset: ” XXXX” at the end of name, such as below name tag,
associated with the saving order. When a new unique name has changed, the four-digit
numbers reset to zero, so it is unnecessary to deal with the unique names carefully. In
terms of implementation of the program in C++, the ”glob” function, which loads the
directory files, shows the files in alphabetical and ascending number order. This loading
sequence using ”glob” provides to read the file in sequential image order ideally. The next
image of the target one has the numeric value with added one from the target number,
and on the contrary, the previous one is the minus one value from the target number.
The diagram is the example of reading the previous and the following file name.

Sometimes, there is the case of failure to read both the previous and next files from the
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dataset, which means neither the previous nor next image of the target image, it regards
as an exceptional case. In this case, the program skips the further process and reads other
images. In the diagram (4.2), it is the case of ”Yes” from ”Fail to read both previous and

next image”.

Year_UnitName_Author_imgxrrx.jpg

where:

Year= The year this picture was taken,

UnitName= The area where this picture was taken with number,
Author= The person who took this picture with number,

imgxxxx= Unique image name

Read ‘ .
2010_Uniti51_Ivan083_img0089 jpg |« Read the next file
file ‘
Extract the
number
0089
1 | +1
0088 0090
Merge with unique Merge with unique
Names Names
k4 L4
2010_Unit151_Ivan083_img00&8.jpa ] | 2010_Unit151_Ivan083_img0090.jpa
is this file is this file
exist in dataset exist in dataset
No No
Yes
Yes
Falil to read
both previous and oy
next image Yes
No

Next Step

Figure 4.2: The Example Diagram Read The Previous and Next Image File from Dataset
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4.2.3 Subtraction Cases in The Dataset

In the dataset, sequential images are organized as the previous, target, and next images.
In order to generate the labeling system, both the previous and next photos are not always
need. The requirement of the subtraction process is at least one sequential figure, whether
it is the previous or next image. The purpose of combined two subtracted images is to
increase the number of success cases when preparing the training image. However, the
previous and next images are not always provided from the original dataset, so there are

4 cases when reading the previous and the following files, (see below).

1. Only the previous file exists.
2. Only the next file exists.

3. Both the previous and next files exist.

o

. Neither the previous nor the next file exists.

The fourth case is not able to be processed because there is no sequential image of the
target image. Moreover, the figure is the representative case of turning a failure to a
success case. Figure (b) of successfully extracts the shape of the rodent body except
for the tail. In contrast, only the tail is extracted in figure (a) of The combined result
satisfies the lack of each component. In another example, one of the sequential images
is dynamic, and the other is static. For instance, the rodent approaches for feeding.
The first action of jumping to food will provide a distinct outline shape in subtraction
due to dynamic moves. Eventually, if the final result merges with those two cases, it
will succeed. Shortly, both the previous and next photos are not always required for
subtraction in the labeling system, but the algorithm combined two subtracted images
produces more successful cases for training. However, detection for real-time cannot use

this algorithm because real-time detection only provides the current and previous frame.

(a) subl=previous-target (b) sub2=next-target (¢) merged=subl+sub2

Figure 4.3: Subtracted image: the case of both thre previous and next files exist
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4.3 The Requirements of Yolo Custom Training

Our goal of the labeling system is to organize labeled files in both Fourier Descriptors
and Yolo from the dataset. Knowing the requirements for FDs and Yolo for training is
essential. About FDs, we discussed the requirements for training in the section
in chapter 3, but we have not explained about Yolo. In this section, we will discuss the

necessary steps for labeling training images in Yolo.

4.3.1 How to Create Custom Weight in YOLO

The benefit of YOLO custom training is that the materials to be prepared are simple,
and there are several supported programs for organizing the materials. The requirements
of train custom data in Yolo are the image file that the target object is included and the
corresponding text file, including class number, the object’s center coordinates of x and y,
height, and width. Besides, the text file’s name must be the same as the image file except
for the extension in lines 1 and 2 of listing In addition, the five values from the text
file contain information about the objects’ location and are generalized in the equation of
to to find this boundary box accurately on any size image (figure . Shortly,
the role of supported programs for organizing training data in YOLO is to create the text
file, which includes the boundary box’s information. Still, the drawback of those programs

is that it takes a long time to select the location of the box, owing to be done manually.

x = x_coordinate /width_image

y = y_coordinat /height_image
width = width_of rectangle/width_image
height = height_of _rectangle/height_image

(a) Original Image (b) With The Boundary Box

Figure 4.4: Checking the Location of Rectangle Box with The Value of Listing
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//Image Name: 2010_Unit152_Ivan089_-img0094 .7pg

//Text Name: 2010-Unit152_ITvan089-img009/ . txt

//Format: <class> <z_center> <y_center> <width> <height>
0 0.612500 0.715625 0.312500 0.312500

Listing 4.1: Rectangle Box Information

4.3.2 YAML File and Weight

Creating the custom weight requires images, the label of the images containing the target
location information, and a link file call as YAML containing the information about the
path of images, the total number of classes, and each class name. The detail of YAML
is illustrated in listing . About the weight files, the ”last.pt” and "best.pt” files are
created while training with prepared materials in Yolo. The file ”best.pt” is the highest
mAP (mean average precision) score weight during training, and ”last.pt” one is the last

epoch of training. Therefore, the ideal final weight file is ”best.pt”.

# train and val datasets (image directory or x.txt file with
image paths)

train: (path of train images)

val: (path of validation images)

test: (path of test images)

# number of classes

nc: 2

# class names

names: |’ ’Rodent’,’ Bird’]

Listing 4.2: YAML file

4.4 The First Cycle: Using FDs

We discussed the target dataset and the requirements of Yolo and FDs for training. In
this section, it closely explains the details of the labeling system. There are three primary
internal processes of the labeling system. The first is generating detection, which is the
same process of labeling used in chapter 3. The second is that the user selects the right
labeled images for training from the results made by the first task. The third one is the
final decision of labeling for training. It is the last confirmation of the labeled images and

data.
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4.4.1 Automatic Data Labeling Using Fourier Descriptors

Automatic data labeling can apply to both FDs and Yolo. In order to use the Yolo
technique in automatic data labeling, the trained weight is required, but the trained
weight of the FDs is not compulsory in this process. Therefore, the created algorithm for
labeling in chapter 3 generates the locational labels in Yolo and 20 CE values in the FDs.
This process runs completely automated, but it takes a long time as an average of three
hours, dealing with one class, which is about 65,000 images. However, faults can occur
during the process because of the long runtime. This issue will discuss in section
of this chapter.

4.4.1.1 Using a Bash Script

Automatic Data Labeling generates about 70,000 images in each species. The entry design
of the program was generated until reading the whole image in a row from the dataset
folder, and the resulting file is not saved until the process was done because of a segmen-
tation fault. The critical trouble is that some minor issues in the program turn into a
serious problem when dealing with those many files in a long time, such as long lifetime
variable, small leaking memory. Therefore, in order to make the C++ program runtime
shorter and reliable for the whole dataset, the program is divided into a C++ and a bash
script. The bash script is responsible for running the C++ program repeatedly until it
reaches the condition in which all files are read from the source dataset folder. Because

of this bash script, this program must work in a Linux environment.

4.4.1.2 Dividing The Program’s Role into C++4 and Bash Script

One of the benefits of a bash script is to run a program continuously with input which the
programmer sets. Using the advantage of combining the bash script and the C++ pro-
gram, we change the terminating condition of the C++ program, which terminates when
100 successful outputs are produced. Moreover, the C++ program saves the processed
index number when finished. The bash script reads the saved index number and informs
the start point of reading. This saved index number is the trigger to finish the bash script
loop compared with the total number of images in the dataset. Figure below and
the listing describe the details of the process.

#parameters
cls=0
mode=(
path_of_file=<path_of_the_dataset>
idx _file_name=<path_of_index_file >
idx=output_the_first_contour_yolo/birds/index.txt
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emph# echo $idx
./main —mode $mode —cls $cls —idx $idx —data $path_of_file

emph#read index
value=‘cat <path_of_index_file >°

emph#read total number of item in directory

total=‘ls $path_of_file -1 | wec —1°
echo $total

total=‘expr $total — 5°

emph#loop work until index number over total number of item in
directory

while [ $value —le $total ]

do

./main —mode $mode —cls $cls —idx $idx —data
$path_of _file
value=‘cat <path_of_index_file >°
done

echo ”Terminate_bash_programming”

Listing 4.3: Bash Script in filtering

4.4.1.3 The Output Files

The output file of the first filtering in the diagram is the result of the section [3.1]
In the detail of the organized folder, the folders contain three different types of folders
in the figure , which are ”Image”, "ROI”, and ”Contour”. The first folder is called
"Image” and contains images compressed to 640 by 640 from the original image. These
compressed images are used for creating custom training weight in the Yolo technique.
The second folder name is ROI which consists of images of the target cropped by the
original, and these images intend to analyze object appearance. The last folder, which is
the name contour, contains the images, with an added red outline drawn on the cropped
image. This red outline on the cropped image serves as a subjective criterion at the
next filtering step for determining whether the image is suitable for training the Fourier
Descriptors technique. Besides, there is an additional file in the ” Contour” folder, which

is ”contour_(folder_name).txt” in the figure (4.6)). This file consists of information about
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Figure 4.5: The Diagram of Bash and C+-+

the class number, filename, the requirements of the YOLO custom training, and the
Fourier Descriptors training components, 20 floating point numbers about the red contour,

respectively.

4.4.2 Filtering 1: Selecting Suitable Images

The primary goal of filtering 1 is to filter out the unusable images produced by the previous
process. Even if we choose the dataset with some considerations, the result of automatic
data labeling is not always suitable for training due to some failures of the algorithm for
the labeling, including dramatic weather changes and images taken at night. In order to
deal with some of these failures, the user can decide the correctly labeled image manu-
ally. Therefore, the filtering system by the user is essentially required to complete the

transformation of the labeled dataset from the collection of images.

The method of filtering 1 is that the user manually chooses the suitable images because
the criteria of appropriate images and labels for training are justified by the user’s opinion.
Besides, this process requires a great deal of time and has been carefully managed because
it is closely relevant to the accuracy of objects. Briefly, there are two primary processes,
which are merging multiple images as grid view and saving image information, which the

user selects.
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Figure 4.6: Contents of Output and Hierarchy
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4.4.2.1 The Beginning Version of Filtering 1

The beginning version of filtering 1 deals with images one by one. Pressing the ”t” button
if the user regards the sample as correctly labeled, the ”f’ button is used to skip and
move on to the following image. The user might pick the suitable images one by one, but
processing approximately 65,000 images takes an enormous time for filtering 1. There is
no benefit in creating this system one by one because of the long time required. For this
reason, the system has changed as showing and processing multiple images using a grid

view of the images.

4.4.2.2 Merging Multiple Images as Grid View

Handling multiple images at once demands more intricate processes than one by one.
This intricate process is based on the ”contour_(folder_number).txt” file. The file ”con-
tour_(folder_number).txt” (which is the ”contour_0.txt” file in figure is the repre-
sentative data file of its folder number. For example, the ”contour_0.txt” file in figure
contains the class, Yolo labels, and 20 FDs of 100 images from 0 folders. This file
is connected with every 100 images from all 0 folders of ”contour”, ”image”, and ”roi”.
Shortly, this is the navigating file for loading and saving the different types of images and
data.

About the primary processes of creating the grid view in filtering 1, there are two
significant steps in processing multiple images: tying data and images using indexes and
showing these linked images after creating grid view.

The first step is to link data from the ”contour_(folder_number).txt” file and images
from each folder, including ” contour”, ”image”, ”roi”, using the file name, that is the red
and green line the figure . The file name is the index key that connecting the images
with the data, and the name format with the image consists of a name with underscore
and type such as ”"name_(type).jpg”; "name_contour.jpg” in the ”contour” folder and
"name_roi.jpg” in the "roi” one. For instance, the contour case transforms the image name
72010_Unit151_Ivan083_img0091.jpg” into ”2010_-Unit151_Ivan083_img0091_contour.jpg”,
and the ROI case transforms into ”2010_Unit151_Ivan083_img0091 roi.jpg”. Except for the
type name behind the underscore, all names in the three folders are the same. Therefore,
it is able to link and load three different types of images using the name provided from
the ”contour_(folder_number).txt” file.

The following step is to create a grid view with the loaded images. The size of images
must be equivalent to combine multiple images into one in the OpenCV library, so all
images from the ”contour” folder unify to the appropriate size as 20 by 20 using com-
pression. In the next stage, after the compressing process is done, the program writes
the temporary index number onto all cropped images in figure , and all images are
merged into one window (figure (4.9))). About the grid view design, it intends to promptly
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Figure 4.7: File Connection

recognize the index value and the outline of the target. The number of images shown in
the grid view of the figure (4.9) sets as 100 due to the capable size of the monitor 2560 by

1440(16:9). The number of grid view is a changeable setting depending on the resolution
of the monitor.



62 CHAPTER 4. SEMI-AUTOMATED LABELLING SYSTEM AND YOLO

(a) Before Writing (b) After Writing
Index Number Index Number

Figure 4.8: Writing an Index Number onto an Image

merged_img

Figure 4.9: Grid View Layout
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4.4.2.3 The Method of Selecting Trainable Images

We discussed how to make the grid view window and linking data and images in the pre-
vious section. This section will explain the detail of the image selection. When generating
the filtering 1, it shows the window of multiple images and the text on the command
”Choose what you want:” in the figure . The index number of images displays on
the upper-left corner of each image. The user chooses the appropriate images satisfied in
the labels of both FDs and Yolo for training by typing the index number on the command
in ascending order, such as the figure of Some cases labeled the correct location of
the object, but it fails to draw the perfect silhouette of the object, including 0, 1, 2, 3, 50
images from the figure (4.10). This case is correctly labeled in Yolo, but it is insufficient
for FDs. We aim to make the comparison of the performance and accuracy between Yolo

and FDs, so the labeled dataset must fit the condition of both Yolo and FDs techniques.

~/Desktop/fd_yolo

Figure 4.10: Select The Suitable Images
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4.4.2.4 Dividing The Yolo and Fourier Descriptors Information

After selection work is finished, this program automatedly saves the selected index files. In
this section, we discuss the division of files for the subsequent filtering with these selected
files. The form of output in automatic data labeling is the merged data (line 2 at listing
[1.4), and this data will divide into the "Yolo” (line 6 at listing and the ”Contour”
(line 8 at listing forms in the result of filtering 1. The reason for this division is to
transform into a suitable form of labeling for training in each technique. Between data,
the class number and file name are the essential requirements for both the Yolo and FD
training. The green information saved in Yolo, and the red one save in FDs in the figure
. The filename in FD is a resource to load the image from the dataset, and it is a
role as an index for Filtering 1 and 2. Moreover, the filename in Yolo is a fundamental
element to link between image file and label text file by setting up the same name with
image except for the extension. About the division method, the semi-colons are the key
delimiter for splitting up FD and Yolo information at line 2 in listing . All FD
information is saved in the single file name as ”contour.txt” at the bottom of the figure
. On the other hand, each Yolo information is saved in the created text file, which
is the same label as the image name ” (filename).txt” inside the "yolo” directory, there is

an example in the figure (4.11)) of the ”output_the_second_contour_yolo” folder hierarchy.

//the file format from the ”contour_(folder_number). txt”
file

<class_number >;<file_name >;<x>,<y>,<width>,<height >;<CE0Q
>,..,<CE19>

//the file format from the ”contour_(folder_number). txt”
//Yolo information
<class_number> <x> <y> <width> <height>

//Contour information

<class_number >,<file_name >,<CE0>,.., <CE19>

Listing 4.4: yolo and contour information
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4.4.2.5 The Output of Filtering 1

As shown below in the figure , various outputs were created in filtering 1. The text
file contour.txt is the only requirement for FDs training, and the labeled files in the yolo
folder are for the Yolo custom training. Although all the data has been arranged to train
each technique, we assume to need an extra filtering process to find some mistaken labels
from filtering 1. Therefore, filtering 1 has produced some additional files for the subsequent
filtering. The text and image for the next filtering are that the yolo_contour.txt file is
text file linked images and data, and images from the contour folder are a cropped object

with red line silhouette, which used for creating the grid view.



67

UsinGg FDs

THE FIRST CYCLE

4.4.

wyinood ojok

1 Suteyrg jo mdimQ :g1'§ oInsig

»rinojuod

G0605060506050605050505065050605060506

Odl'g L LOBWI LOLUBAT LSLIUMT 01020

Gdl' 1 5O00WI EB0UEA| LSHIUN 0HOZ0

SOS0S0S0E0S0S0S0E0S0E0S0T0S0T0E 00605 0Bd 1E00BW EFIUEN LSIIUN 0LOZ'0

A

9L LOBWIT LY LUBATTLGLIUN T DLOZ

1x)X8pU

m_|

BdlghLoBWI L0 UBAT LSLEUNT 0102

Gallg11OBWI LOLUBAL LG IIUM OLOZ

1 L600BWI £g0UBALLGLIUN DLOZ

ﬂ :

1y ojof

JyInouos ojok

Bl Lo0BWI EROUBAT LSLIUN OLOZ Bl L600BWI EBOUBAT LS LIUN 0LOZ
Inojuoa ojok nojuod
-_— -—

oo Inojuco puosas” syl Indino




68 CHAPTER 4. SEMI-AUTOMATED LABELLING SYSTEM AND YOLO

4.4.3 The Filtering 2: Final Confirmation

Filtering 2 has many similarities to filtering 1. The main difference is choosing the indexes
that want to delete from the output of filtering 1. Whereas the method of selection in
filtering 1 is typing the indexes that wish to save. Most outputs from filtering 1 are
correctly labeled for training, so writing down index numbers, which the user wishes to
save, in command requires a great deal of time-consuming. That is why changes the
selection style to type the indexes that do not include the dataset for training. The form
of outputs in filtering 2 is the same as in the previous filtering, and the great advantage
of filtering 2 is able to filter continuously using its output. In other words, the output of
filtering 1 can be an input resource for filtering 2. This system enables filtering again after
analyzing the factor of decreasing accuracy. Finally, this system is establishing concrete

labeled data for training with the repetition of the filtering.

4.5 The Second Cycle: Using Yolo

From the first cycle, we transform the image files into labeled data for training. However,
a thousand images from around 70,000 in each class are correctly labeled for training.
This amount of data is close to our minimum goal for training. It does not show the
satisfying accuracy in the FDs technique, which is around 70%, which is illustrated in
chapter 5. Therefore, we invented other approaches for creating more labeled data to

increase accuracy.

4.5.1 The Fusion of YOLO

The second cycle’s idea is to produce the additional labeled data applying the custom
weight of YOLO, which is created using the labeled data from the first cycle. Our custom
Yolo technique can generate object detection of the rodent and bird’s location, and it
can create the text file about the class number and locational information of the rodent
and bird as changing Yolovb code. We adopt version five between various versions of
Yolo because it is the latest one. The additional reason is that, compared with version 2
written by C language, the YOLOvV5 code is intuitive to understand process flows, so it is
feasible to rearrange the code to return the result of detection as a text file, including class
number, class probabilities, and boundary box information. This text file is a substitution
for the process of predicting the target location of FDs in chapter 3. The process details
are illustrated in the figure . The fusion of YOLO detection in the second cycle
expects to handle some failed cases of the failure to find the correct location of the target

from the first cycle.
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Target Image

Yolo Object Detection Using Custom Weight

!

Target Image

|

Saving Location Information to Text File, including Class number, Image Name, Accuracy, Height, Width, X, Y.

|

Load Sequential Images, Converting Gray Scale, and Drawing Windows in Those Images Using The Text File

§
Cropping Region of Interest(ROI)

Figure 4.13: The Determination of The Target Location in The Second Cycle
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4.5.2 The Text File

The main difference between the first and second cycles is to be supported by the Yolo
technique about knowing the Region of Interest(Rol) in the section We mention
that the text file is the substitution of locational information of the bird and rodent.
Due to this text file, our algorithm can skip the process of the section [3.1.1] This file
includes the class number, class probabilities, x, y, width, and height. YOLO detection
can capture multiple targets from a single image and the information of various targets
saved in a single text file. However, the design of the labeling system aims to detect only
one target from a single frame. Therefore, The criterion for deciding a target is required
when detected multiple objects. The criterion is a combination of the correct class number
and high-class probabilities. Besides, the text file’s name is the same as the based image
except for the file extension, and this is the clue to load the relevant image such as the
next, previous, and target image from the dataset. Figure is the image combined
with text information. The value of 0.82 is the class probability, the boundary box created

by text file information, and the label is ”Rodent” with the class number zero.

Rodent 0.82

UNITO3-CAM101

Figure 4.14: Image Combined With Text Information
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4.5.3 Second Cycle Process

This section explains the second cycle process using the algorithm diagram The
process starts with weight creation using the labeled data by the first cycle in the ”train”
process of the figure (4.15). This created weight is the primary criterion, whether the
image is a rodent or a bird.

The detection in Yolo can generate using the source custom weight and the source dataset,
which are ”Custom weight File” and the files inside the ”Initial Dataset” folder in the fig-
ure . In addition to the source dataset, this is the same dataset as the first cycle, and
the already labeled images from the first cycle are excluded by reading the labeled images
in the ”Scan whether the image exists in this folder” process of the figure . After
finishing the operation of Yolo detection, the program returns some text files, which are in-
side the ”Output Texts” folder in the figure . This text file includes the information
of the class number, accuracy, width, height, x and y coordinates, and its name written by

the same image name, which is the significant element for loading the corresponding image.

The next step is the loading process of the previous or next sequential image. The sequen-
tial images are relevant to the number at the end of the image name; the target number
minus one is the previous image, and added one is the following image. In C++, the
program can examine whether the previous and next image exists or not as attempting

to load those files.

After loading one or two sequential images in the ”Load Image” process of the figure
(4.15)), the program translates the text file information in order to determine the location
of the cropping area from images. After the cropping process is finished, the rest of the

process is the same as filtering 1 and 2 in the first cycle.
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The Second Cycle

Start

T

Train.py (YOLOvE)

Train

Custom Weight File

Source Weight

Detect.py (YOLOVS)

A Scan whether the image
exist in this folder
Prepared YOLO
dataset
from the first cycle

Source Images

Initial
Dataset

12010_Unit151_Ivan083 img008.jpg _ 2010_Unit151_Ivan101_img0116.jpg

Detect and Create
The Boundary Information
Files -
Output
Texts

Link Image file using
the text file name

2010_Unit151_Ivan083_img009.txt  2010_Unit151_Ivan101_img0116.txt:

Load Image

Load Boundary Box

The Second Cycle

End

H

The Third Filtering
from The First Cycle

The Second Filtering
from The First Cycle

The Second Subtraction
Process
from The First Cycle

Figure 4.15: The Second Cycle Diagram
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4.6 The Third Cycle: Using Yolo with Video file

The second cycle produced 896 rodents and 903 birds. Although the accuracy has im-
proved from 73 to 76 percent in the best training technique, it still does not reach the goal
accuracy. Other approaches should be attempted to reach the goal of 80% accuracy. It
does not come up with other alternative ideas as transforming the algorithm in order to
obtain more trainable data using the dataset, which is the source in the first and second

cycles. Therefore, we explore the new dataset for collecting more trainable data.

After dealing with the first and second cycles, there is a more profound understanding of
the process in our detection, such as the worst and best cases in our detection and labeling
system. We found that two video files, which are [64] and [65], were captured at a fixed
angle of the camera, and the best case of our detection can be the dataset. The method
is that the Yolo technique generates the object detection using the video file and saves
every single frame as an image file. When the object is detected, the program returns its
text information, which is the same file in the second cycle. In short, the role of the Yolo
technique is that it converts a single video file into a group of image files and returns the
result of detection information as text files. Therefore, Any fixed angle videos which are

relevant to rodents and birds can be transformed into training images.

4.6.1 The Criterion of Best Case Video as The Dataset

Choosing the dataset video should be dealt with care. There are four conditions for choos-
ing the dataset video. Firstly, the most significant thing about choosing the video is that
the angle of the camera must be fixed. If the angle changes dynamically, it is impracticable

applying the background subtraction.

The second condition is to show the obvious difference in color between the object and
background. After segmentation in our algorithm, the Blob is to find the area showing
the significant difference between a sequential image. If the color of the target is similar
to its surrounding background, then the subtracted result might not show the location of

the object.

The third condition is that the object’s color should be darker than its surrounding

background. In chapter 3, we mentioned this issue because of the subtraction order.

The last condition is that the movement of the background in the video should be as
little as possible. For instance, when leaves and branches are waving in wind gusts, the

subtraction part produces more noise, and this makes some trouble discovering the correct
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object location and extra calculations in the Blob finder process.

In view of these conditions, the observation camera for feeding the rodents and birds

on the snow ground in clear weather is ideal for additional labeling.

4.6.2 The Method of Subtraction

In the first and second cycles, the target image is subtracted by the previous or next se-
quential images. However, the difference of the sequential images, which are transformed
by the video, is that the movement of the target is extremely small because the frame
rate of the video is high, approximately over 100 frames per second. For that reason,
the result of the subtraction reveals the partial silhouette of the object, which is the sec-
ond case of " The Fail Cases of Finding Region of Interest(ROI)” in chapter 3. Therefore,

subtracting the target image from the previous or next one is unsuitable for the third cycle.

Coming up with this problem, the duration of the video makes short such as 10 sec-
onds, the non-target image set up as the first frame, and subtracts this image with the
target image. Finally, the result of detection provides a clear shape of the target. Figure
shows the process of the third cycle, and it has a similar process to the second

cycle, including automatic labeling data, filtering 1, and filtering 2.
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4.7 Summary

We explored the process of transforming image data into labeled data by the first, second,
and third cycles using a semi-automated labeling system. This system produces the la-
beled data of 2172 rodents and 3494 birds. The summarized steps of the semi-automated

labeling system are described below.

The steps of a semi-automated labeling system:

1. The First Cycle.

(
(

a) Applying the detection algorithm, which is in chapter3.

b) Filtering 1.

d

)
)
(c) Filtering 2.
(d) Saving the labeled data both Yolo and FDs.
)

(e) Create Yolo and FDs weights.
2. The Second Cycle.

(a) Detecting an object of the dataset images using Yolo with weights from the

first cycle.
(b) Filtering 1.

c) Filtering 2.

(
(d

)
)
) Saving the labeled data both Yolo and FDs.
)

(e) Create Yolo and FDs weights.

3. The Third Cycle.

(a) Detecting an object of the new dataset video using Yolo with weights from the

second cycle.
(b) Filtering 1.
(c) Filtering 2.
(

d

)
)
) Saving the labeled data both Yolo and FDs.
)

(e) Create the final Yolo and FDs weights.

4. Merging the all labeled data from each cycle in both Yolo and FDs.
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Chapter 5

Results and Discussion

We discussed the methodology of the new algorithm using FD and a semi-automated
labelling system from chapters 3 and 4. This chapter will analyse labelled data obtained
by the labelling system, training and test results of FD and Yolo, and real-time detection

in Raspberry Pi.

5.1 Experimental Environment

Most research has been done using a single computer, which is illustrated in table All
experiments except for measuring speed in Raspberry Pi and training Yolo were generated
in this environment. In the part of training in Yolo, we adopted the Colab environment,
which is a platform provided by Google, because it does not requires installing additional
libraries for training using GPU, and the provided hardware is better than our machine.
The detail of the Colab will be discussed in the Yolo experimental section. Moreover, the

final goal is to measure the performance of the Raspberry Pi.

Table 5.1: Software and Hardware Specifications

Hardware Software
OpenCV | OpenCV YOLO
CPU GPU 0S Python | PyTorch (C++4) | (Python) v
Intel Xeon CPU GeForce GTX Linux .
E5-2620 v3 | TITAN X [GM200] | Mint 20 | 52 170 45 44| Ultralytics
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5.2 The Labelled Data

5.2.1 The Result of Automatic Data Labelling System

We transformed the dataset into the labelled data for training in FD and Yolo using the
labelling system. The table ((5.2)) illustrates the number and percentage of labelled data
of rodents and birds from each cycle. It allows comparisons between the labelled number

of rodents versus birds from each dataset and assumes the efficiency of the labelling system.

About the dataset, both the first and second cycles choose the same one. However,
showing slightly less dataset number in the second cycle is that the second dataset ex-
cludes the number of labelled images from the first cycle. Moreover, the third dataset was
extracted from the two different videos about rodents and birds. The number of dataset
images, which is the value of the fourth and fifth columns in the third cycle of the table
, is measured as the frame numbers of video, and the duration of videos is 40 and

130 seconds, as rodent and bird respectively.

In the success rate, the labelled rates for the first and second cycles on the table (/5.2))
show a similar trend. But in the third cycle, the success rates show an overwhelmingly
high percentage than the first and second one because we adopt videos which consist of

the best scenario and environment to extract the usable images.

In addition to the trend of the table , the number of rodent images shows a lower
trend than birds between three cycles, especially in the third cycle. Also, the reason for
showing an enormous gap between the number of rodents and birds in the third cycle is
that the duration of bird video is exactly four times longer than the rodent one. Finally,
according to the labelled rate of rodents and birds in table , the semi-automated
labelling system used in chapter 4 has a slightly better ability of labelling birds than

rodents.
Original | Original The The
Usable | Usable Datgase ¢ Datgase ¢ Percentage | Percentage
Cycle | Rodent Bird . of Usable of Usable
Rodent Bird .
Images | Images Rodent Bird
Images | Images
Images Images
1 1009 1228 74335 68298 1.3% 1.7%
2 896 903 73326 67070 1.2% 1.3%
3 267 1363 1133 4532 23.6% 30.1%

Table 5.2: Obtained Data
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5.2.2 Distribution of Labelled Data for Measuring Accuracy

Table compares the growth of the number of rodent and bird images over the three
cycles and shows the division of test and train set. The amount of test dataset is divided
into approximately 20% for the test set and 80% for the training one. This divided data
is used in cross-validation, which is an average measurement of fitness in prediction in
order to obtain a precise statistical result of model prediction performance [61] in our

experiments.

The figure describes an example of cross-validation with 20% for test and 80% for
training. To explain figure the green data blocks of each iteration in figure are
used in training a classifier, and the blocks of red in each iteration of figure are the
section for measuring the accuracy. All accuracy values obtained from iteration 0 to 4 in
the red blocks of figure |5.1| are used for calculating the mean and standard deviation in
order better estimate the test accuracy. Therefore, despite the complexity of the process,

we applied cross-validation.

Table 5.3: Total Number of Samples

Cycle | Rodent Bird | Test Train

1 1009 1228 | 459 1836
2 1905 2131 | 807 3228
3 2172 3494 | 1133 4532
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K=5 All Data

Index 0 1 2 3 4
Iteration O
Iteration 1
Iteration 2
Iteration 3
Iteration 4

Figure 5.1: Cross Validation Example.

The following steps are used in the cross-validation approach:

1.

Determine block size for dividing into training and test sets, K value in figure [5.1]
Create the classifier weight using training data, not including the test set.
Measure the values for the test dataset using the prepared weights.

Create a confusion matrix, comparing labels from a test with the predicted value.
Repeat this process, 5 times in the case of figure [5.1]

Analyse whether the dataset is reliable or not using mean square error, which is

calculated by each confusion matrix in figure
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5.3 Fourier Descriptors Experiments

5.3.1 Finding The Most Accurate Algorithm

In the previous section, we discussed the labelled data information and the method of
the accuracy calculation. There are various algorithms for training the labelled data. We
adopted representative algorithms, namely; Neural Network(NN), Adaboost(ADA), Ran-
dom Forest(RF), and Support Vector Machine(SVM). Tables and illustrate

the training runtime, training and test accuracies in each cross-validation cycle.

We set the second priority of technique determination as to the training runtime, which
is the second column in tables and because it shows a relatively small amount
of time. Moreover, accuracy is the highest priority because our final goal is to measure
the accuracy in real-time using a Raspberry Pi, and the training time is not relevant to
the real-time detection. The training runtime is only necessary when the results have the

same accuracy between the algorithms.

Figure shows training runtime in increasing trend when the size of the dataset is
bigger. The SVM shows the tremendously fast training time, such as 1.2 seconds in the
third cycle, between the four algorithms. Whereas NN is dramatically slower compared
with others as 331 seconds, and it spends nearly 350 times more than SVM (figure .
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Table 5.4: Comparison of Accuracy of The First Cycle

Type Time Decision Accuracies Mean + Stand. dev.
NN 106 Test 61.9% 66.4% 61.9% 62.5% 63.2% 63 + 2%
i Train ~ 99.8% 97.7% 98.6% 99.7% 99.5% 99 + 1%
ADA  3s Test 68.6% T72.5% 732% 67.5% 72.3% 71 + 2%
Train 100% 100% 100% 100%  100% 100 + 0%
RF Lds Test 75.6% 73.4% 704% 69.9% 74.9% 73 + 2%
Train ~ 99.9% 100% 99.9% 99.9% 100% 100 + 0%
SVM 03 Test 721% 72.3% 68.0% 65.1% 71.9% 70 + 3%
% Train 705%  69.0% 71.0% T71.9% 70.2% 1+ 1%

Table 5.5: Comparison of Accuracy of The Second Cycle
Type Time Decision Accuracies Mean £ Stand. dev.
NN 1368 Test 66.9% 69.4% 69.8% 67.5% 71.1% 69 + 2%
Train ~ 96.8% 94.9% 94.5% 98.2% 95.3% 96 + 1%
ADA  6s Test T1.7% 71.3% 72.0% 70.5% 74.6% 72 + 1%
Train 100%  100%  100%  100%  100% 100 + 0%
RF o7 Test 75.3% T7.0% T4.3% 75.5% 76.2% 76 + 1%
i Train 100%  100% 100% 100%  100% 100 + 0%
SVM 0.5 Test 68.2% 70.6% 68.9% 69.4% 68.5% 69 + 1%
' Train  70.2% 69.4% 69.7% 69.9% 69.7% 70 + 0%

Table 5.6: Comparison of Accuracy of The Third Cycle
Type Time Decision Accuracies Mean £ Stand. dev.
NN 331 Test T4.7% 74.6% T4.7% 73.5% T4.7% 74 + 0%
> Train ~ 95.9% 96.6% 97.3% 98.7% 98.5% 97 + 1%
ADA 9 Test 81% TT.9% 16.7% 78.6% T7.7% 78+ 1%
> Train 100%  100% 100% 100%  100% 100 + 0%
RF A5s Test 79.4% 78.6% 79.3% 79.5% 80.8% 80 + 1%
Train 100%  100% 100% 100%  100% 100 + 0%
SVM 1.9 Test 74.9% 73.3% 73.0% 74.8% 74.3% 74 + 1%
' Train ~ 74.0% 745% 7T4.7% T74.4% 74.3% 74 + 0%
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The Comparison of The Accuracy in Three Different Cycles with NN, ADA, RF, SWM
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Figure 5.2: Accuracy Graph
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5.3.1.1 The Mean Accuracies of The Training and Test

Figure [5.2] illustrates the comparison of the mean accuracy obtained from the five cross-
validated values using NN, ADA, RF, and SVM algorithms in each cycle. The trend of
the mean accuracy gradually has been increased between the first cycle to the third one,
except for SVM. So, the increasing number of labelled images influences the growth of the
accuracy of the test, except for SVM. Cycle 3 in figure is the final labelled data merged
with the first, the second, and the third outputs. Therefore, the mean accuracy in cycle
3 is the criteria for choosing the best accuracy between algorithms. In conclusion, RF in
figure shows the best accuracy of 80%, which is 2% higher than the second-highest

(AdaBoost), and spends a relatively short period of time for training.

In addition, the mean average of training is the value to evaluate the reliability of
trained classifiers because the same trained images calculate its mean average value. The
ideal mean average value of training should be above 95%. Therefore, although SVM has
shown the fastest speed for training with reasonable accuracy, we excluded adopting this
technique for further experiments, which are to a lack of reliability, shown as 71%, 70%,

and 74% in each cycle, respectively.

5.3.1.2 Summary

Finally, we compare the algorithms with the time for training and the mean accuracies of
the test and training. Random forest is the appropriate technique to use with our labelled
dataset and Fourier Descriptors because it shows the highest mean accuracy of test 80%,

reliable the mean accuracy of training as 100%, and sufficient training time as 45 seconds.
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5.3.2 Experiment Related to Different Number of CEs Values

We determined the ideal algorithm when using FD by the mean accuracy in the previous
section. In the previous section, the mean accuracy was measured using 20 CE values.
Each CE is a floating-point representing one Fourier Descriptor. Thus, the few numbers
of CEs might not be enough to describe the detail of an object’s contour, and the many
numbers of CEs might be meaningless. The number of input parameters affects slightly the
reduction of the performance. Therefore, it is necessary to experiment with determining
the ideal number of CE values. The experiment in this section organizes to analyse
the relationship between the accuracy and the number of CEs used by a classifier. We

speculate that increasing the number of CE values may result in the growth of accuracy.

5.3.2.1 The Accuracy

Table and figures and illustrate the comparison of accuracy and training time
with the different numbers of CEs using NN, ADA, RF, and SVM. Each value in table
are the mean and standard variation. The time in table [5.7| refers to the training runtime.

In figure the accuracy of each technique shows the trend of the logarithmic growth
when increasing the number of CEs. The accuracy gradually increases between 1 to 10
CEs. Although RF, which is the red bar column and line in figure is the lowest
accuracy using 1 CE value such as 59%, it develops the highest accuracy when CE values
are 20 as 80%. Adaboost, which is the grey bars in figure shows the second-highest
accuracy from 3 to 20 CEs and a similar trend with random forest. On the other hand,
according to figure between 4 to 20 CEs, the number of CEs has no influence on the
accuracy for NN and SVM. Therefore, the growth of accuracy correlates with the number
of CEs until the 10 CEs, and Random Forest produces the best accuracy in our dataset

between algorithms in 20 CEs, but it has similar accuracy to AdaBoost.

Average Accuracy(Mean Square Errors)
Type 1 2 3 4 10 15 20
NN |62+1% |70+ 1% | T3+ 1% | 75 +2% | 14+1% | 14+ 1% | 74 + 0%
ADA | 60+ 1% | 68+1% | T3£1% | 5 £0% | "8 £1% | 78 £1% | 78 £ 1%
RF 50 £ 1% |70 2 1% | 75 £ 1% | 77T £ 1% | 79+ 1% | 79 £ 1% | 80 = 1%
SVM | 624+ 0% | 69+ 1% | 73+ 1% | 73+ 1% | T4+ 1% | T4+ 1% | 74 + 1%
Time(seconds)
Type 1 2 3 4 10 15 20
NN 32 52 240 207 440 238 331
ADA 0.5 1 1.8 2 4 6 9
RF 19 14 22 21 32 44 45
SVM 0.05 0.4 0.6 0.8 1 1.1 1.2

Table 5.7: The Measurement of Accuracy and Time with Different CE numbers
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5.3.2.2 The Training Runtime

In figure it illustrates training runtime for some techniques, including ADA, RF, and
SVM, with a different number of CE values. Mostly, the runtime is closely related to the
growth of the number of CEs, whereas NN reveals fluctuations without regularity in the
occurrence pattern. The priorities in the comparison of different CEs have same criteria
as the previous section, so the primary objective in figure compares training time
between RF and ADA because both techniques show similarly high accuracy in figure
The training time of AdaBoost is always much lower than RF, but the gap between them
is closing. In the 20 CEs, RF training runtime spends five times more than ADA.

5.3.2.3 Summary

We explored the relationship between the different numbers of CEs using NN, ADA | RF,
and SVM. Generally, the number of the training input value, which are CEs, is related to
the accuracy and training runtime. 20 is the ideal number of CEs because it shows the

highest accuracy in Random Forest, even 1% growing up from 10 CEs.
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5.4 Measuring F1l-score

In the previous section, we measured time and accuracy compared to different CE values
in order to adopt adequate training techniques, and Random Forest has shown the best
accuracy among Neural Network, Ada Boost, and Supported Vector Machine. However,
this research aims to protect bird habitats from rodents, so analysing rodent detection
rates is also carefully considered. Even though the general accuracy of identifying a bird or
rodent shows relatively high accuracy, the result with the low precision of rodent detection
is unsuitable. Therefore, an additional experiment about analysing the accuracy of rodents

is required.

In order to evaluate the rodent detection, we have to prepare the calculated data
about the precision, recall, and f1 score of the rodents. From the perspective of rodents,
precision refers to the correctly detected rate of rodents between all predicted proportions
of rodents, and recall is the correctly detected amount of rodents between all actual labels
of rodents, and F1 score is the comprehensive score about the quality of rodent detection
algorithm [60].

5.4.1 Precision and Recall

Tables and reveal average precision, recall, and fl-score about the rodent
class calculated by five cross-validated values in each cycle among four machine learning
techniques: Neural Network, Ada Boost, Random Forest, and Supported Vector Machine.
Precision, recall, and fl-score values in tables and are calculated by the
equation Moreover, figures show the precision-recall curve for the rodent
class using the data of precision and recall values from tables and

Generally, there is not significant precision gap between in the algorithms in figure
but the SVM algorithm shows much below precision rate than others in figures
and In addition, the model RF (Random Forest) achieves the highest AP (Average
Precision) score as 64%, 73%, and 69% from each cycle, and the SVM is the lowest

precision algorithm of each cycle.

About the point of recall, the recall rate in all algorithms is gradually increased from
the cycle 1 to 3 and this rate is also higher than precision in figures in general.
Analysing the equation FP value (the actual is a bird, but it is wrongly predicted
as a rodent) is higher than FN (the actual is a rodent, but it is wrongly predicted as a
bird). In other words, our algorithm more struggles for predicting a bird correctly than a

rodent.
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TP

P_TP+FP
TP

— 5.1

R TP+ FN (5-1)
PxR

=2

TP YR

where:

TP = True Positive (Actual label Rodent and Predicted to Rodent)
FP = False Positive (Actual label Bird and Predicted to Rodent)
F'N = False Negative (Actual label Rodent and Predicted to Bird)
TN = True Negative (Actual label Bird and Predicted to Bird)

P = Precision
R = Recall
Fy = F1 Score

Table 5.8: Recall and Precision Table in The First Cycle

Type Precision Recall F1-Score

1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
NN | 0.53|0.62 | 0.57 | 0.58 | 0.56 | 0.57 | 0.62 | 0.57 | 0.57 | 0.59 | 0.55 | 0.62 | 0.57 | 0.58 | 0.57

Boost | 0.63 | 0.65 | 0.65 | 0.56 | 0.58 | 0.70 | 0.70 | 0.66 | 0.61 | 0.70 | 0.66 | 0.68 | 0.66 | 0.59 | 0.63
RF 0.68 | 0.66 | 0.66 | 0.58 | 0.65 | 0.75 | 0.72 | 0.68 | 0.66 | 0.75 | 0.71 | 0.69 | 0.67 | 0.62 | 0.69
SVM | 0.57 | 0.60 | 0.53 | 0.45 | 0.57 | 0.74 | 0.72 | 0.67 | 0.65 | 0.73 | 0.64 | 0.66 | 0.59 | 0.53 | 0.64

Average Precision Average Recall Average F1-Score
NN 57.2%+3% 58.4%42% 57.8%+2%
Boost 61.4%+4% 67.4%+4% 64.4%+3%
RF 64.6%+4% 71.2%+4% 67.6%+3%
SVM 54.4%+6% 70.2%+4% 61.2%+5%

Table 5.9: Recall and Precision Table in The Second Cycle

Type Precision Recall F1-Score

1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
NN | 0.67 | 0.67 | 0.70 | 0.64 | 0.71 | 0.64 | 0.68 | 0.67 | 0.66 | 0.69 | 0.66 | 0.67 | 0.69 | 0.65 | 0.70

Boost | 0.68 | 0.67 | 0.69 | 0.64 | 0.67 | 0.75 | 0.73 | 0.71 | 0.72 | 0.71 | 0.71 | 0.70 | 0.70 | 0.68 | 0.69
RF 0.72 | 0.75 | 0.72 | 0.70 | 0.76 | 0.76 | 0.77 | 0.74 | 0.74 | 0.75 | 0.74 | 0.76 | 0.73 | 0.72 | 0.75

SVM | 0.61 | 0.59 | 0.59 | 0.60 | 0.59 | 0.72 | 0.71 | 0.72 | 0.71 | 0.72 | 0.66 | 0.65 | 0.65 | 0.65 | 0.65

Average Precision Average Recall Average F1-Score
NN 67.8%+3% 66.8%+2% 67.4%+2%
Boost 67%+2% 72.4%+1.6% 69.6%+1%
RF 73%+2.4% 76%+1.3% 74%+1.6%

SVM 59.6%+0.9% 71.6%+0.5% 65.2%+0.4%
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Table 5.10: Recall and Precision Table in The Third Cycle
Type Precision Recall F1-Score
1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
NN |[0.64]0.64 | 0.65 | 0.64 | 0.65 | 0.68 | 0.68 | 0.68 | 0.66 | 0.68 | 0.66 | 0.66 | 0.66 | 0.65 | 0.66
Boost | 0.67 | 0.66 | 0.66 | 0.65 | 0.63 | 0.74 | 0.74 | 0.71 | 0.76 | 0.75 | 0.70 | 0.70 | 0.70 | 0.70 | 0.68
RF 0.69 | 0.69 | 0.70 | 0.68 | 0.71 | 0.75 | 0.73 | 0.75 | 0.76 | 0.77 | 0.72 | 0.71 | 0.72 | 0.72 | 0.74
SVM | 0.50 | 0.50 | 0.50 | 0.51 | 0.50 | 0.74 | 0.75 | 0.75 | 0.74 | 0.74 | 0.59 | 0.60 | 0.60 | 0.60 | 0.60
Average Precision Average Recall Average F1-Score
NN 64.4%+0.5% 67.6%+0.8% 65.8%40.4%
Boost 65.4%+1.5% 74%+1.8% 69.6%+0.9%
RF 69.4%+1.1% 75%+1.4% 72.2%+1.1%
SVM 50.2%+0.4% 74.4%40.5% 59.8%40.4%
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Figure 5.6: The Precision-Recall Graph in The First Cycle
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5.4.2 F1-Score

The column graph in figure|5.9| compares the fl-score of the rodent in three different cycles
using four other techniques. The fl-score is the criteria for evaluating rodent detection.
The highest score between the techniques in each cycle is random forest as 67%, 74%,
and 72%, respectively. To analyse the reason for showing the decreasing trend of fl-score
between the second and the third cycle, we organized table and figure about
the ratio of the label number of the rodent and bird dataset for training in each cycle.
According to figure the first and second cycles show a relatively balanced ratio, and
the fl-score in all techniques has increased between those cycles in figure On the
other hand, the added rate of the rodent in the third cycle from figure as 0.164 is
conspicuously low compared to birds (0.836), and the f1-score shows the slightly decreasing
trend between the second and third cycles in figure[5.9] Therefore, adding the unbalanced

number of data might be a factor reducing the fl-score in the third cycle.

The Comparison of F1-Score in three different Cycles with NN, ADA, RF, SVM
90
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ADA =
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Figure 5.9: Comparison with F1-Score



5.4. MEASURING F1-SCORE 93

The Comparison of The Added Dataset Ratio in Three Different Cycles
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Figure 5.10: The Comparison of Labeled Ratio with Each Cycle

Table 5.11: The Ratio of added data

Cycle | Rodent Bird | Ratio(Rodent) Ratio(Bird)
1 1009 1228 0.451 0.549
2 896 903 0.498 0.502
3 267 1363 0.164 0.836

5.4.3 Summary

We analysed the precision, recall, and F1 values for evaluating rodent detection. Adding
the unbalanced number of the labelled data, which is the target class number is much less
than non-target class, for training might be a reason for reducing the fl-score. Moreover,
Random Forest is the highest Fl-score at 72% and shows an appropriate rate for detecting

a rodent.
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5.5 YOLO Experiments

We discussed the Fourier Descriptors in the previous section. This section will examine
the change of the average accuracy and training time in each cycle using Yolo version
5 with the fastest architecture. Moreover, we will test the comparison of the average
training time and the frame rate in both GPU and CPU using different architectures of
Yolo version 5, which are small, medium, large, and extra-large. We can evaluate the

accuracy of our labelled data, training time, and the ideal architecture in Yolo version 5.

5.5.1 YOLO Training Environment

Yolo experiment is trained in the google ” Colab”, which allows users to generate arbitrary
python code using google’s hardware (table . The reason for using google ”Colab”
is that it promises a shorter training time due to relatively better specifications than the
local machine.

In addition, we apply cross-validation in order to obtain more precise accuracy and com-
pare the accuracy of FD techniques and Yolo in the following experiment. The training
using the fastest architecture in Yolovb demands relatively longer times than other tech-
niques in FD. Therefore, the k-fold value in the cross-validation was reduced to 4. The
proportion of the training dataset modify from 80% to 75%, and the test one is from 20
%to 25%, shown in the table . The following parameters are used for training in

general.

The Parameter of Training:

o Ipython train.py —img 640 —batch 16 —epochs 100 —data custom_yaml.yaml —weights

yolovds.pt —nosave —cache

Table 5.12: Google Colab Specifications

Hardware Software
OpenCV | OpenCV YOLO
CPU GPU | Platform | CUDA | Python | PyTorch (C++4) | (Python) v5
Intel(R) Xeon(R) | Nvidia | Google |, , 3.8.2 1.7.0 45 4.4 Ultralytics

CPU @ 2.20GHz | Tesla T4 Colab

Table 5.13: The Distribution of Labeled Data in Test and Training Set

Cycle | Rodent Bird | Test Train | The Added Number of Labeled Data

1 1009 1228 | 574 1722 2237
2 1905 2131 | 1009 3027 1799
3 2172 3494 | 1360 4080 1630
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5.5.2 The Accuracy and Training Time

This section is organized to observe the change of accuracy and training runtime in each
cycle. The training time and accuracies are generated in the Google Colab environment
using GPU.

Table illustrates the average runtime for training and the average accuracy value,
which is calculated by the four different fold accuracies, with three different cycles trained
by the light version of architecture (yolov5s.pt) in Yolov5. The training time is measured
as an hour, so the 0.5 hour is 30 minutes. Figures and are provided based the
table for clearly identify variations in the average accuracy and the training time
between cycles, respectively. We will discuss the accuracy graph in figure firstly.

Figure shows logarithmic growth of the average accuracy. A significant increase
in the proportion of the accuracy can be seen between the first and the second cycle from
76% to 96%, and then the third cycle shows slight growth from 96% to 97%. According to
the trend of the accuracy graph in the figure , the increasing number of the labelled
data is closely related to the growth of the accuracy. We can conclude that a sufficient

number of the labelled data related to the accuracy of the Yolo is around 2000 in each

class.
K=4 All Data
Average Training Time Average
Cycle 0 1 2 3
(hours) Accruacy
1 0.581hrs 76.5% | 75.2% | 72.5% | 78.5% | 75.6+2.5%
2 0.761hrs 99% 94% 97% 95% | 96.25+2.2%
3 1.416hrs 98% 97% 97% 96% 97+0.8%

Table 5.14: Yolovhs Training Time and The Average Accuracy

In contrast, the training time in the figure shows the trend in exponential growth
over the cycles. The time grew approximately 30% between the first and second cycle and
roughly 86% between the second and third cycle. According to table the added
number of images has been reduced, such as 1799 in the second and 1630 in the third
cycle, but the growth rate has been increased. Therefore, the increasing number of the
labelled data is also relevant to the growth of the training time, and the training time is

growing exponentially.

5.5.3 Summary

We examined to observe the change of accuracy and training time over the cycles using
Yolo version 5 with the lightest architecture in the Google Colab environment. Both accu-
racy and training time has a prominent relationship with the increasing number of labelled

data. The accuracy shows the logarithmic growth over the cycles, whereas the training
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The Comparison of Accuracy with Fastest Architecture in YOLOvS in Cycles between 1 to 3
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Figure 5.12: Training Runtime in Each Cycle

time is increasing exponentially. The final accuracy and training runtime, which used

1360 test and 4080 training set in the third cycle, are 97% and 1.416 hours, respectively.
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5.5.4 The Comparison of Different YOLO Architectures

In the previous section, we analysed the difference in accuracy and training time in each
cycle using the lightest architecture from Yolo version 5. The reason for the choice of the
lightest model in the previous experiment was that we presumed this model is more suit-
able for low specification machines. Other architectures might provide a higher accuracy
score with adequate performance compared to the lightest one. Therefore, comparative
analysis between different architectures, which are small, medium, large, and extra-large,
is required in order to determine the fittest architecture with a low specification machine

and our dataset.

Table illustrates the amount of training time in the dataset of the third cycle, the
processing time for a single frame in a second using CPU and GPU, and the comparison of
accuracy in small, medium, large, and extra-large architectures. The training is generated
in the condition with GPU, 100 epochs, 16 batches, and image size compressed 640 by 640.
From ”small” to ”extra-large”, those categories are in ascending order of the complexity
and size of architecture, so the "small” is the lightest architecture, and ”extra-large” is

the heaviest one.

5.5.4.1 The Training Time

In terms of training time, figure shows a continued increase exponentially from 1.416
hours in small to 7.665 hours in ”extra-large”. Comparing to the previous architecture
in ascending order, the training time of the next one is slightly less than twice. For
instance, the "medium” as 2.636 approximately spends 1.9 times more than the ”small”
as 1.416 in training. In the end, the gap between the lightest and heaviest is 5.4 times.
Therefore, when the complexity and size of architecture have been increased, the training
time rises exponentially, and the ”small” architecture has a significant benefit of training

time comparing the ”extra-large” one.

Average GPU. CPU.
Training Detection Detection Average

Architecture . Speed Speed
Time Accuracy

(hours) (Frame (Frame

Per Seconds) | Per Seconds)

Small 1.416hrs 90.90fps 3.70fps 97%+0.8%
Medium 2.636hrs 58.82fps 1.50fps 97%+1%
Large 4.128hrs 38.46fps 0.75fps 96%+0.2%
Extra Large | 7.665hrs 25.00fps 0.42fps 97%+0.4%

Table 5.15: The Comparison of Yolo Performance with Four Different Architectures
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The Comparison of The Training Time in Condition with Different Architectures Using Small, Medium, Large, X-Large
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Figure 5.13: The Comparison of Training Time with Different Architectures

5.5.4.2 The Frame Rate between CPU and GPU

Figure (5.14) reveals the data comparison of the third and fourth columns of the table
about the detection performance of GPU and CPU measured by frame per second.
Overall, all architectures show faster processing time in GPU than CPU. The frame rate
of CPU detection started at just over 3.70 fps in the category of ”small”, and then it
decreases steadily to reach the bottom of almost 0.42 fps in ”extra-large”, which is nearly
nine times slower than the ”small” one. Similarly, the case of GPU dramatically decreases
the frame rate from 90.90 fps in "small” to 25 fps in "extra-large”. In comparing the
fastest CPU to the slowest GPU, GPU in the heaviest architecture ”extra-large” as 25 fps
shows a significantly expeditious frame rate than CPU in the lightest architecture ”small”
as 3.70 fps. Namely, the frame rate of detection in GPU is significantly faster than CPU.
The CPU in the small architecture of Yolo version 5 is almost 30 times slower than its
GPU, and even the lightest architecture of CPU is nearly seven times slower than the

heaviest one of GPU.
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The Comparison of The Frame Rate Using Small, Medium, Large, X-Large
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Figure 5.14: The Comparison of Detection Frame Rate with Different Architectures

5.5.4.3 Accuracy

The last comparison is the accuracy between architectures. The accuracy is the highest
priority choosing architecture but based on figure [5.15] it does not notice the difference
in accuracy among them; all are around 97%. There is a lack of relation between the
accuracy and architecture in our dataset. In an explanation of figure the accuracy
of ”extra-large” is the highest in consideration of the variation in the fifth column of table
Although accuracy is the highest priority, the ”small” might be the best architecture

to reflect on the results of detection and training time.

‘The Comparison of The Accuracy in Condition with Different Architectures Using Small, Medium,
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Figure 5.15: The Comparison of Accuracy with Different Architectures
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5.5.4.4 Summary

To sum up, GPU and CPU detection performance, training time, and accuracy are ex-
amined to decide the best architecture between ”small”, ”medium”, ”large”, and ”extra-
large” for a low specification machine using our dataset. We conclude that Yolo version 5
has a prominent benefit using GPU from the comparison of detection speed between GPU
and CPU. In the point of a low specification machine, the "small” is the appropriate ar-
chitecture because it shows the fastest training as 1.416 hours, and the highest frame rate
of CPU detection as 3.7 fps, which the second-highest accuracy between all architectures,

but it is a minor difference from others.

5.6 Real-time Detection: Fourier Descriptors

We measured the performance and accuracy in FD and Yolo techniques using the labelled
test and training dataset. This section will examine the performance and accuracy in
real-time with the chosen detection algorithms, which are Random Forest in FD and the

small architecture in Yolo, using the final labelled data from the third cycle.

5.6.1 Image Sample

The method of the experiment is to calculate the accuracy and performance using the 6
sample videos about the silhouette image of rodents and birds, which are figures
[5.16bf [5.16¢} |5.16d] [5.16€, and |5.16f)) The scale of the six samples is various because we

presume that The target size affects the performance because of the Blob computation,

which finds the location of the target and the most time-consuming work. The bird2
in figure is the smallest sample, and the bird1l in figure [5.16d] is the biggest one.

Moreover, we set up some conditions for the video below.

1. The video is recorded in the best state for the detection algorithm in the FD, such
as white background with the black object.

2. Captured video frame size is 800 width and 600 height.
3. The duration of the video is around 10 seconds, which is between 250 to 300 frames.

4. We try to imitate the practical motion by moving the printed target dynamically.

5.6.2 The Accuracy for The Different Window Size

The result of the speed and accuracy in our detection depends on the size of the window.
The window is subsequently the transformed image applied to some filters and algorithms

to obtain the target contour from the image. We assume that as the window size is large,
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the accuracy might improve. However, the computational time also increases related to
the growth of the window size. So expanding the window size may not be suitable for
our purpose. One of the partial goals of our detection is to be faster than the speed of
Yolo detection in the CPU with similar accuracy. Therefore, this section will investigate
the variation of accuracy and performance related to window size in FD using real-time

detection.

5.6.2.1 The Partial Detection in The Accuracy

Figure illustrates the precision of different sizes of windows from the captured size,
which is 800 width and 600 height, to the one-tenth size of the captured one using each
three different silhouette samples of a bird and a rodent, based on the table . Overall,
the accuracy of the rest of the samples fluctuates depending on frame size, whereas the
precision of Rodent?2 declines when reduced the size of the window. The expectation of
the accuracy in the captured size of the window is slightly better than its half size, but
Rodent2 shows the opposite result that precision increased approximately more than twice
from 43% to 98% according to table The reason that the accuracy is significantly
decreased in the original size compared to its half size is the failure to capture the full
profile of the target image. The detection program continuously captured the tail of
the Rodent?2 (figure [5.17a). The same issue of Rodent2 occurs to Bird2 (figure [5.17D)).
However, the accuracy of its original window of the Bird2 is approximately 7% better
than the half one in table because the profile of the bird’s head has a unique feature
than its full profile. We regard the captured partial profile as failing to detect the target

properly because of a lack of profile information and detecting the wrong location of the
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target. Therefore, the original captured size of the window is not the proper size in the
Fourier Descriptors because it frequently detects the only partial contour of the target,

and it is insufficient information to discriminate the target.

(a) The partial detection: Rodent2 (b) The partial detection: Birdl

Figure 5.17: The Fail Cases

The Accuracy for Different Window Sizes
(Original Size * x )

X /Sample 1 1/2 [ 1/4 | 1/6 1/8 | 1/10
Rodentl | 70.84% | 49.81% | 67.5% | 42.06% | 43.17% | 66.05%
Rodent2 | 43.41% | 98.44% | 98.4% | 83.72% | 15.89% | 10.46%
Rodent3 | 91.9% | 75.3% | 76.9% | 24.69% | 33.19% | 69.23%

Bird1 90.2% | 83.67% | 86.9% | 86.12% | 84.08% | 85.30%
Bird2 91.91% | 93.75% | 93.7% | 86.76% | 65.44% | 15.80%
Bird3 82.78% | 88.52% | 88.1% | 86.88% | 85.65% | 84.01%

Table 5.16: The Accuracies in Different Window Sizes Using FD in Desktop

The Frame Rate for Different Window Sizes
(Original Size * x)

X /Sample 1 1/2 1/4 1/6 1/8 1/10
Rodentl | 1.39 fps | 14.35 fps | 19.87 fps | 35.1 fps | 41.19 fps | 43.18 fps
Rodent2 | 2.19 fps | 17.16 fps | 21.79 fps | 35.98 fps | 39.54 fps | 44.49 fps
Rodent3 | 2.03 fps | 21.24 fps | 25.70 fps | 37.29 fps | 42.01 fps | 44.73 fps

Bird1l 2.91 fps | 11.99 fps | 17.98 fps | 31.81 fps | 37.40 fps | 43.09 fps

Bird2 5.89 fps | 26.52 fps | 28.55 fps | 40.52 fps | 43.07 fps | 45.00 fps

Bird3 1.58 fps | 23.72 fps | 27.84 fps | 38.24 fps | 42.25 fps | 43.93 fps

Table 5.17: The Frame Rate of Different Window Sizes Using FD in Desktop
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Different Window Sizes
(Original Size * x)

X /Average

1/2

1/4

1/6

1/8

1/10

The Average of
Rodent
Accuracy

68.71%

74.51%

80.93%

50.15%

30.75%

48.58%

The Average of
Bird
Accuracy

88.29%

88.64%

89.56%

86.58%

78.39%

61.70%

The Overall
Accuracy

78.50%

81.58%

85.25%

68.37%

54.57%

55.14%

Average

Frame Rate

2.66 fps

19.16 fps

23.62 fps

36.49 fps

40.91 fps

44.07 fps

Precision (%)

Frame Rate (frame per second)

Table 5.18: The Summary of Different Window Sizes Using FD in Desktop

The Accuracy in Different Size of Analyzing Window

The Summary of Precision in Different Size of Analyzing Window
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5.6.2.2 The Trend of Accuracy

Another interesting finding is shown in figure . After the precision reached below
60% in all samples, the accuracy value fluctuates dramatically between size reduction.
This fluctuation implies that the detection algorithm randomly chooses the value between
0 for the rodent and 1 for the bird using the shape of the target. In addition, if the
class value frequently changes in a particular shape of the target during the detection, the
algorithm does not have the ability to distinguish the shape of the target. Therefore, we
can conclude that returning inconsistent value generally starts once the accuracy reaches

below 60%, and the program loses the ability to recognize the target from this point.

5.6.3 The Frame Rate

Figure illustrates the frame rate, which is in frames per second, in the different
window sizes in all samples, and figure is general frame rate in all classes based on
figure

Overall, the frame rate has been increased when the size of the window is decreased in
figure The half-size of the window shows the most significant growth rate between
samples, and then this growth rate has steadily reduced from the half-size to the one-
tenth size of the original one in figure In addition, in the ”Image Sample” section,
we mentioned the biggest scale of the sample is Birdl, and the smallest one is Bird?2.
Figure generally shows that Bird! is the worst frame rate and Bird 2 is the best one
between samples. From this trend, the size of the detected target substantially influences
the frame rate. The influence of the target size has been gradually reduced when the size
of the window shrinks because of reducing the gap of the frame rate between samples in
the figure The best frame rate is the one-tenth size of the original one as 44.07 fps
in table but the quarter and one-sixth size are ideal sizes concerning its accuracy
in figure Therefore, the frame rate is closely related to the analysing window
size, which is the growth of the frame rate when the analysing size has reduced, and the
detected target size is also relevant to the frame rate, but this influence decrease when
the window size is reduced. Moreover, both the quarter and one-sixth size of the windows
are ideal for different purposes of real-time detection. The quarter is a suitable window
size if the user considers the accuracy more important, or the one-sixth size, which is the

best one for the frame rate.

5.6.4 The Comparison of The Frame Rate between Desktop and Rasp-
berry PI

The previous section concludes that the quarter size is ideal if weighed on the accuracy

and the one-sixth size is the one if considering that the frame rate is more important. We



5.6. REAL-TIME DETECTION: FOURIER DESCRIPTORS 105
can assume that the speed of the smaller window size is the faster speed than the bigger
window in Raspberry Pi from the previous experiment, but it is hard to estimate the
change of the frame rate between different window sizes in Raspberry Pi. The accuracy
must be the same between Desktop and Raspberry Pi because both use the exact same
code. Therefore, we measure the operation time in Raspberry Pi using the method and
code of the previous section and compare the difference of the performance from Desktop

to Raspberry Pi.

The Frame Rate for Different Window Sizes
(Original Size * x)

X /Sample 1 1/2 1/4 1/6 1/8 1/10
Rodentl | 0.05 fps | 1.46 fps | 5.46 fps | 7.93 fps | 8.87 fps | 9.24 fps
Rodent2 | 0.10 fps | 2.09 fps | 6.16 fps | 8.14 fps | 8.78 fps | 9.06 fps
Rodent3 | 0.15 fps | 2.53 fps | 6.94 fps | 8.29 fps | 8.99 fps | 9.31 fps

Birdl 0.43 fps | 1.36 fps | 4.86 fps | 7.46 fps | 8.39 fps | 9.15 fps
Bird2 1.00 fps | 4.06 fps | 7.53 fps | 8.99 fps | 9.01 fps | 9.90 fps
Bird3 0.19 fps | 3.75 fps | 7.09 fps | 8.66 fps | 8.93 fps | 9.40 fps
Table 5.19: The Comparison of The Frame Rate with Different Window Size in Raspberry
Pi
The Frame Rate for Different Window Sizes
(Original Size * x)
X /Machine 1 1/2 1/4 1/6 1/8 1/10
Desktop 2.66 fps | 19.16 fps | 23.62 fps | 36.49 fps | 40.91 fps | 44.07 fps
Raspberry Pi | 0.05 fps | 2.54 fps | 6.33 fps | 8.24 fps | 8.82 fps | 9.34 fps

1 Size 1/2 Size

1/4 Size

1/6 Size

Analyzing Window Size

1/8 Size

1/10 Size

1 Size 1/2 Size

1/4 Size 1/6 Size

Analyzing Window Size

1/8 Size

1/10 Size

(a) The Frame Rate of All Samples in Raspberry (b) The Average Frame Rate Compared to Desk-

Pi

top

Figure 5.20: The Frame Rate on Raspberry Pi in FD
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5.6.5 Summary

Figure illustrates the comparison of the average frame rate between Desktop and
Raspberry Pi. Generally, the frame rate in Raspberry Pi shows steady growth when the
size of the window is reduced, whereas the desktop shows a significant increase in between
the size of the window. The main comparison is between the quarter and one-sixth
sizes because the quarter-size window shows better accuracy than the one-sixth window,
whereas the one-sixth window results in a better frame rate than The quarter-size one.
In comparing the growth frame rate in the desktop between the quarter and one-sixth
sizes, the one-sixth size has improved 12.87 fps, whereas, in Raspberry Pi, only 1.91 fps
is faster. The growth frame rate between the quarter and one-sixth sizes in Raspberry Pi
is very low, but the quarter one is 16.88% more accurate than the one-sixth one (table
. Therefore, we can conclude that the quarter size is a suitable window size for the

Fourier Descriptors method.

5.7 Real-time Detection: The Comparison of The FD and
YOLO

Previously, the section examined and found the most appropriate size of the window. We
finally determined that the one-quarter size of the window and Random Forest in Fourier
Descriptors is the best algorithm. This established technique will be compared to Yolo
with the fastest architecture about the performance and accuracy. The experiment in this
section will be carried out with the exact same target images and methods as the previous
section. Moreover, we also experiment with the accuracy and frame rate changes in the

best and random environment between FD and Yolo.

5.7.1 General Trend

Figure illustrates the comparison of the average accuracy using the techniques of the
lightest architecture of Yolo version five and Random Forest in Fourier Descriptors with
each three different silhouette samples of birds and rodents. Generally, in figure the
bird category shows a similar accuracy as approximately 89% in each technique, whereas
the accuracy of the rodent in FD is significantly higher than Yolo’s one, almost four times
higher. The common thing between Yolo and FD is that both can easily recognise birds

rather than rodents.
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FD (Random Forest) Yolo (Small)

Samples | Precision | Frame Rate | Precision | Frame Rate
Rodent1 67.5% 19.9 fps 9.2% 6.4 fps
Rodent2 98.4% 21.8 fps 13.2% 6.4 fps
Rodent3 76.9% 25.7 Ips 45.1% 6.3 fps

Bird1l 86.9% 17.9 fps 67.6% 6.3 fps

Bird2 93.7% 28.6 fps 99.6% 6.6 fps

Bird3 88.1% 278 fps 100% 6.4 fps

Table 5.20: The Comparison of Performance and Frame Rate in FD and Yolo

Average | Average Rodent | Average Bird | Average Frame
Precision Precision Precision Rate
FD 85.25% 80.93% 89.56% 23.62 fps
Yolo 55.78% 22.5% 89.06% 6.40 fps

Table 5.21: The Summary of Performance and Frame Rate

100
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Figure 5.21: The Comparison of The Accuracy in FD and Yolo

107



108 CHAPTER 5. RESULTS AND DISCUSSION

5.7.2 Analysing The Sample of The Lowest Accuracy in Yolo

From table which is the summary of the performance and frame rate, the gap between
the bird and rodent about the average accuracy in Yolo is very wide; the gap is almost
67%. We select the representative sample as Rodentl, which has the worst accuracy, to
find the reason for this issue.

There are three main reasons. The first reason is that the training dataset does not
involve any similar shape to the sample of Rodentl, which is the first sample in table
The training dataset does not include similar species of Rodentl, even though the
rodent’s standing posture is unique. On the contrary, showing the high accuracy in the
Bird2 and Bird3 samples, which measured the accuracies 99.6% and 100%, is particularly
in the common shape of the bird and is included in a large amount of the training dataset.
For instance, the first and second cycles organize the similar silhouette of Bird2 mainly,
and the target bird shape of the third cycle is also similar to Bird3. Therefore, training
similar forms of the target influences the accuracy.

The second reason that Yolo detection frequently fails to detect the target in Rodent?
compared to other samples. In table 89 frames recognize none of the targets from
the total 282 frames. That is, the program fails to detect the target in 32% of the total
length of the video, excluding the time of appearing and disappearing the target. This
failure is also related to the first reason; it is the lack of pre-trained information.

The last reason is a false detection. Yolo detects the Rodent! as the bird in 168 frames
from the 282 frames in table The accuracy of the Rodent1 in FD is also relatively low
as 67.5% in table[5.20} and the FD technique has a false detection in 91 frames. Therefore,
the Rodentl might have an ambiguous shape for detecting in both Yolo and FD.

Rodentl (282 frames) | Rodent | Bird | Not-detected
Correct Detect 6 0 19
Wrong Detect 0 168 89

Table 5.22: The detection result of the Rodentl in the best environment

To sum up, the average accuracy of the bird in the figure shows almost the same
as 89%. However, the average accuracy of rodents in FD as 80% is almost 68% higher than
Yolo, which is about 22%. Between the three reasons, The first reason is the primary to
show critically low accuracy in the rodent category in Yolo because the second and third
reasons occur by the first reason. We can conclude that the Yolo technique substantially

struggles more to detect the unfamiliar silhouette of a target than FD.

5.7.3 Frame Rate

About the frame rate, in table Yolo shows a consistent frame rate between six

samples, whereas the FD varies. Yolo is objective in any size of the target, while the
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frame rate is closely related to the target size. For instance, the Bird2 is the smallest
target size comparing other samples, and it shows the fastest performance at 28.55 fps
in table it almost 9 fps faster than the slowest one, which is the most significant
target size and frame rate is 19.87 in the Bird2 of table Furthermore, Bird2, the
lowest frame rate in FD, is faster than any Yolo sample. Therefore, although FD shows
the inconsistency of the frame rate, the average speed is approximately four times faster

than the Yolo.

5.7.4 Summary

We compared the general accuracy and frame rate between FD and Yolo. The general
accuracy in FD is approximately 30% higher than Yolo, which are 85.25% in FD and
55.78%. Showing much less accuracy in Yolo is that it has a weak ability to detect an
unfamiliar shape of a target than FD. In addition, the FD offers a four times faster frame
rate than Yolo, 23.62 fps in FD and 6.40 fps in Yolo. The characteristic of the frame rate
in FD is inconsistent depending on the detected target size, whereas the Yolo is consistent.

The experiment in this section was conducted with the most optimised environment in
FD. For a more precise and objective analysis of the comparison between FD and Yolo, we
prepared the additional experiment in a different environment. The advanced examination

will proceed in the next section.

5.8 The Comparison of Different Environment

We assume that both FD and Yolo might show a considerable variation of accuracy and
detection speed in a different environment. In order to fulfil the experiment, we organize
the additional recorded video to examine the difference in accuracy and detection speed
between the two dissimilar backgrounds using the same sample images in each technique.
The first subjective video is the one used in the previous experiment, which is the best
case with the plain background environment. Another video is the random environment,
which imitates nature habitat using some papers with various colors, which is the figure
(15.22]).

5.8.1 The Accuracy

Overall, the result in table shows a similar to the previous experiment; the average
detection rate in a rodent is less than a bird, and a rodent accuracy in Yolo is significantly
less than a bird. Figure [5.25 illustrates the comparison of the precision in the different
environments, called the best and random environment, using FD and YOLO. The random
environment shows slightly less accuracy than the best one in both FD and Yolo, which

are 3% in FD and 4% less in Yolo. In FD, the disturbance caused by the background
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Figure 5.22: The Random Environment

noise results in false detection, seen in figures [5.24a] and [5.24bl About Yolo, the rate of

detecting the none of target increases in the random environment comparing with the best

one. For instance, the false none-detected frame in the rodent1 of the random environment
is approximately 72% in table the none-detected frame when the object exists as 127
is divided by the total frame 176. The rate of ”no-detection” when the target exists in

the random background rises more than twice than the best one in figure [5.23

None Detected Rate With Rodentl in YOLO

The Best Environment S
a0 b The Random Environment S |

60 |

Percent(%)

50 |

30

YOLO

Figure 5.23: The ”Nothing” Detected Rate between The Random and Best Background
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Rodentl (176 frames) | Rodent | Bird | Not-detected
Correct Detect 1 0 34
Wrong Detect 0 14 127

Table 5.23: The Detection Result of The Rodentl In The Random Environment

(a) Fail Case 1 (b) Fail Case 2

Figure 5.24: Fail Cases in The Random Environment

FD (Random Forest) Yolo (Small)

Samples | Precision | Frame Rate | Precision | Frame Rate
Rodent1 78.7% 18.7 fps 19.8% 5.8 fps
Rodent2 83.7% 18.4 fps 20.2% 5.9 fps
Rodent3 75.0% 19.5 fps 31.1% 5.6 fps

Birdl 88.6% 16.4 fps 53.9% 5.8 fps

Bird2 80.8% 23.9 fps 99.4% 5.9 fps

Bird3 86.6% 21.6 fps 85.6% 5.8 fps

Table 5.24: The Accuracy and Frame Rate Using FD and Yolo in The Random Environ-
ment

Average | Average Rodent | Average Bird | Average Frame
Precision Precision Precision Rate
FD 82.23% 79.1% 85.3% 19.75 fps
Yolo 51.7% 23.7% 79.6% 5.8 fps

Table 5.25: The Summary of Performance and Frame Rate in The Random Environment
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The Comparison of YOLO and FDs Precision in The Different Environment
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Figure 5.25: The Comparison of The Accuracy Using FD And Yolo In The Different
Environment
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Figure 5.26: The Comparison of The Speed Using FD And Yolo In The Different Envi-
ronment

5.8.2 The Frame Rate

Moreover, figure [5.26] which is the comparison of the frame rate in a different environment
using FD and Yolo, also shows a similar trend of the accuracy comparison, in which the
random environment is 4 fps less than the best one in FD and 1 fps less in Yolo. The
frame rate in Yolo rarely affects the frame rate in different environments, whereas the

background influences the FD.
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5.8.3 Summary

We analysed the influence of accuracy and frame rate in different environments in FD
and Yolo. The accuracy in both FD and Yolo decreased approximately 4% in the random
environment because the FD technique has the disturbance of obtaining a clear outline of
a target by the environment, and Yolo increases the failure to detect an object. Whereas
the FD technique generally has a 4 fps decrease, the Yolo has a minor reduction in speed

(1 fps reduction in the random environment).

5.9 Additional Experiment: The Frame Rate in Raspberry
Pi Using Different Architectures

In this section, we examine the influence of frame rate in Raspberry Pi using different
architectures. Figure and shows the speed rate with four different architectures in
Raspberry Pi using CPU. Generally, the more complex architecture is, the slower speed
rate it achieves; the next complex architecture is approximately two times slower than
the previous one. The fastest one, which is small and 0.310 fps, almost eight times faster
than the slowest one, which is the extra-large and 0.046. In other words, the fastest one
spends around 3 seconds dealing with the one frame, whereas the slowest one requires
24 seconds processing the one frame image in Raspberry Pi. Even the small architecture
does not have an appropriate frame rate for real-time detection because it shows less than
one frame per second. Therefore, any architectures in Yolo version five using CPU are

not feasible to generate real-time detection in the Raspberry Pi machine.

The Frame Rate of YOLO in Raspberry Pi
0.4

0.35

03}
5

0.25
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\
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01 \"‘\.\__
0.05 |- I l
0

Small Medium Large Extra Large

The Frame Rate(fps)

Figure 5.27: The Final Frame Rate Comparison in Raspberry Pi
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The Frame Rate in Different Size of Analyzing Window
(Original Size * x)

Architect / Sample | Small | Medium | Large Extra Large

Rodent1 0.310 fps | 0.147 fps | 0.077 fps 0.046 fps

Table 5.26: The Final Frame Rate Comparison in Raspberry Pi

5.10 Chapter Conclusions

1. In the algorithm of FD, Random Forest shows the highest mean accuracy between
Neural Network, AdaBoost, and Support Vector Machine as 80% with an adequate

training time of 45 seconds.

2. 20 input CE values are the ideal number in the Random Forest of FD because it

showed the highest mean accuracy.

3. Adding the unbalanced number of the labelled data might decreases F1l-score in a

specific class.
4. Our trained weight shows a better precision rate for the bird in both Yolo and FD.

5. Yolo shows an extremely fast detection speed in GPU as 90.90 fps than CPU as 3.7

fps in the ”small” architecture of Yolo from the desktop.

6. The ”small” is the appropriate architecture in Yolo by showing the fastest training
as 1.416 hours, the accuracy as 97%, and the frame rate of CPU detection as 3.7 fps
on a desktop.

7. The accuracy and frame rate of both FD and Yolo are reduced in the random en-
vironment, comparing with the best environment. The accuracy of both techniques

decreased 4%, and the frame rate declined 1 fps in Yolo and 4 fps in FD.

8. About real-time detection of FD, the quarter size of analyzing window is the ideal

size both accuracy as 83% and frame rate as 6.3% in Raspberry Pi.

9. About real-time detection of Yolo, the ”small” architecture shows 53 % accuracy

and 0.3 fps in Raspberry Pi.

10. The heaviest architecture, which is extra-large Yolo, shows the frame rate of 0.046

in Raspberry Pi; it spends around 20 seconds dealing with one frame.

We generated some experiments to find the ideal algorithm in FD and architecture in Yolo
using 5666 labelled data and to compare the accuracy and frame rate in real-time about
FD and Yolo using different environments. The Random Forest is the ideal algorithm, and

the quarter size of the window is the best one considering both accuracy and performance
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in our algorithm, which used Fourier Descriptors. Moreover, using our labelled data, the
small architecture is suitable for accuracy and performance in Yolo version 5. Figures

[5.28a] and [5.28b] describe the summary of our experiment; it shows the average frame

rate and accuracy in Raspberry Pi between FD and Yolo. In conclusion, the Fourier
Descriptors is 21 times faster and 30% more accurate than Yolo in the Raspberry machine

using the training weight trained by our labelled data.

The Final Speed Comparison in Raspberry Pi The Summary of Accuracy Between FDs and YOLO

FDs FDs —
6.3 Yolo HEEEN YOLO s

The Frame Ratelfps)
Percent(%)
w
=3

0.3

The Best Environment Final Accuracy

(a) The Final Frame Rate Comparison in Rasp- (b) The Final Accuracy Comparison in Rasp-
berry Pi berry Pi

Figure 5.28: Final Results
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Chapter 6

Conclusions

6.1 Conclusion

In this thesis, we have proposed implementing a new detection algorithm in Raspberry
Pi using Fourier Descriptors to recognize whether an object is a rodent or a bird in real-
time within a fixed camera position in order to protect bird habitat from rodents. We
also created a semi-automated labelling system using a collection of sequential images
and video files. This system promises a faster labelling process than a manual one and it
succeeded in obtaining 2172 rodents and 3494 birds labels. In Fourier Descriptors (FD),
when increasing the number of CEs, the accuracy shows a growing trend. The Random
Forest in our detection algorithm using Fourier Descriptors is the most accurate classifier
compared to Neural Network, ADA Boost, Support Vector Machine. The average accuracy
rate is 80%, and the fl-score for rodents is 72%. The average accuracy rate in You Only
Look Once (YOLO) version 5 is 97%, and there is not much influence of accuracy in
different architectures (from small to extra large) using our labelled data. The detection
frame rate of the CPU in the small architecture of YOLO is 25 times slower than its GPU
and 60 times slower in the extra-large architecture. Our detection algorithm in Raspberry
pi 3 with a different dataset shows a frame rate of 6.33 fps, which is 21 times faster than
YOLO version 5 with small architecture and an accuracy of 83%, which is 30% more

accurate in real-time detection than YOLO.

6.2 Future Work

The main directions for future work are to install Raspberry Pi in the natural habitat
of New Zealand to test real-time detection and collect data on rodents and birds. Also,
our algorithm struggles with detection in particular backgrounds, so our program requires
practical analysis in the actual field in order to improve the algorithm based on this

research. Moreover, additional tools and methods for the communication between Rasp-
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berry Pi and the main machine are needed (e.g. LoRaWAN), so an efficient device can be

used to help protecting native birds in their natural habitat.
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Appendix A

Program and Videos

1.1 Program and Instruction Videos

The git repository in this appendix is used to produce training data and is created by
us. The requirements for compiling this code are OpenCV 4.3.0 in C++4 and Ubuntu
18.04. In addition, the two instruction videos in this appendix are prepared in order to

show how the program works without compiling.

Our program git:

https://github.com/ShimQ88/master_project

Transformed YOLOvV5 git:
https://github.com/ShimQ(88/master_project_yolo

A Semi-automated Labeling System:
https://youtu.be/08csQzL1UZQ

Training Labeled Data and Real-Time Detection in FDs:
https://youtu.be/LMtrj111QX4

1.2 The Result Videos in Real-Time Detection

The below appendix presents the sample videos applied in real-time detection of FDs and
Yolo techniques. The videos are analyzing resources in chapter 5, and there is an additional
comment about calculated accuracy and the frame rate. Total 24 video links are included

in this appendix (6 target images using FDs and Yolo in two different environments).


https://github.com/ShimQ88/master_project
https://github.com/ShimQ88/master_project_yolo
https://youtu.be/08csQzL1UZQ
https://youtu.be/LMtrj1llQX4
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1. The Best Environment

(a) Fourier Descriptors

1.
ii.
iii.
iv.
V.

vi.

Rodent1: https://www.youtube.com/watch?v=AGmrn u8o8w
Rodent2: https://www.youtube.com/watch?v=DCL4AONNW-6Y
Rodent3: https://www.youtube.com/watch?v=cNe6ZmmwKg0
Bird1l: https://www.youtube.com/watch?v=Af-0LRdbzys
Bird2: https://www.youtube.com/watch?v=XFfisVuKw90
Bird3: https://www.youtube.com/watch?v=dDiboXMwdMM

(b) YOLO

1.
il.
1.
1v.
V.

vi.

Rodentl: https://www.youtube.com/watch?v=GzatDKyPH7s
Rodent2: https://www.youtube.com/watch?v=EJ1KJetTjCo
Rodent3: https://www.youtube.com/watch?v=DtduquYgO5w
Birdl: https://www.youtube.com/watch?v=By0lenQtfrU
Bird2: https://www.youtube.com/watch?v=QT4DaLYP3FE
Bird3: https://www.youtube.com/watch?v=ub7cEpng4Xk

2. The Random Environment

(a) Fourier Descriptors

1.
il.
1.
1v.
V.

vi.

Rodent1: https://www.youtube.com/watch?v=e5950EixP0I
Rodent2: https://www.youtube.com/watch?v=1KFwTa9ouws
Rodent3: https://www.youtube.com/watch?v=ThG6wgI6_QM
Birdl: https://www.youtube.com/watch?v=vd-vbFvy164
Bird2: https://www.youtube.com/watch?v=0jJsboPxfUk
Bird3: https://www.youtube.com/watch?v=fpAMOrPab5jY

(b) YOLO

1.
ii.
iii.
iv.
V.

vi.

Rodentl: https://www.youtube.com/watch?v=nVrjrTaYYoI
Rodent2: https://www.youtube.com/watch?v=Mw3uhIoJTj4
Rodent3: https://www.youtube.com/watch?v=m DcC_tTFAk
Birdl: https://www.youtube.com/watch?v=difctqPKVGw
Bird2: https://www.youtube.com/watch?v=QZIzwL_rxP0

Bird3: https://www.youtube.com/watch?v=RxTytUIApkk


https://www.youtube.com/watch?v=AGmrn_u8o8w
https://www.youtube.com/watch?v=DCL40NNW-6Y
https://www.youtube.com/watch?v=cNe6ZmmwKg0
https://www.youtube.com/watch?v=Af-OLRdbzys
https://www.youtube.com/watch?v=XFfisVuKw90
https://www.youtube.com/watch?v=dDiboXMwdMM
https://www.youtube.com/watch?v=GzatDKyPH7s
https://www.youtube.com/watch?v=EJlKJetTjCo
https://www.youtube.com/watch?v=DtduquYg05w
https://www.youtube.com/watch?v=ByOlenQtfrU
https://www.youtube.com/watch?v=QT4DaLYP3FE
https://www.youtube.com/watch?v=ub7cEpng4Xk
https://www.youtube.com/watch?v=e5950EixP0I
https://www.youtube.com/watch?v=lKFwTa9ouws
https://www.youtube.com/watch?v=ThG6wgI6_QM
https://www.youtube.com/watch?v=vd-v5Fvy164
https://www.youtube.com/watch?v=ojJsboPxfUk
https://www.youtube.com/watch?v=fpAMOrPa5jY
https://www.youtube.com/watch?v=nVrjrTaYYoI
https://www.youtube.com/watch?v=Mw3uhIoJTj4
https://www.youtube.com/watch?v=m_DcC_tTFAk
https://www.youtube.com/watch?v=difctqPKVGw
https://www.youtube.com/watch?v=QZIzwL_rxP0
https://www.youtube.com/watch?v=RxTytUIApkk
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