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Abstract

Fast pasture growth makes pastoral farming low-cost, sustainable and efficient for New
Zealand. However, in recent years, sheep farming has declined due to the extra labor
needed in handling these farms. One of the main tasks that need manual involvement
1s farm animal counting. Currently, most of the stock is counted manually with a gap
of weeks, usually during a major stock movement or other events. The conventional
method is time-consuming, tiring, and prone to errors. Also, this inability to constantly
monitor stock numbers gives farm rustlers plenty of time to steal animals, hence causing
a significant financial loss annually. Farmers desire to minimize their losses by having a
daily count of their stock with the highest possible accuracy.

The research work presented in this thesis focused on solving livestock (sheep)
counting problems using an unmanned aerial vehicle (UAV) and deep learning. It
provides a solution to detect, count, and track livestock in a paddock using advanced
methods, and gives extremely accurate information to farmers in a minimum time.
The proposed system uses a UAV for counting farm stock while observing the code
of conduct for UAV usage. It involves no disruption to the animals as a UAV will
hardly be noticeable from the allowable height. Different deep learning algorithms
were investigated in this regard and recorded videos were processed to provide the
estimated sheep count in the UAV images. The next step of the system is livestock
tracking, meaning that each sheep in the full paddock video should be assigned a virtual

identification number to keep a track of movement in the video and to count the herd

i



size correctly. Fence detection was one of the main steps to avoid detecting sheep in
nearby paddocks.

Stock counting using a UAV is a promising research area but offers various technical
challenges, such as non-uniform illumination in images, occlusions, object scaling,
rotation, noise, and the challenges in identifying objects from various visual perspectives.
Previous studies have shown that there is a lot of potential in this field as not much work
has been done so far.

For this research, a full dataset was created from different paddocks to make the pro-
posed research work scalable to accommodate a variety of backgrounds and perimeters.
The discussed network and the proposed method gave promising results and is crucial

step forward towards a fully-automated livestock tracking system in sheep farms.
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Chapter 1

Introduction

This introductory chapter discusses the necessity of an easy solution for livestock
counting in the pastoral farms of New Zealand and how this research contributes
towards solving this particular issue. The main contributions of this research work are

discussed and the chapter concludes with an outline of the overall structure of the thesis.

1.1 Rationale of the Study

The rainy weather of New Zealand is very bene cial for fast pasture growth and is
favorable for farmers, as most of the food supplies can be covered from the green
pasture, livestock handling is comparatively a low-cost task. Thus, dairy farming is
a sustainable and cost-effective profession for New Zealand that helps it to compete
as a good exporter of food and bré][ Farmers take proper care of pasture quality
by carefully selecting the grass and plant types to use in their area, and use different
fertilizers to provide a portion of healthy food to the livestock.

For animals to have free movement in large areas, these grazing lands are fenced
in many countries. These fenced grazing areas—also known as paddocks in New

Zealand—have different herd sizes, that can go up to thousands of animals. Each farm
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has a different number of smaller paddocks in it and paddock sizes also vary. Farmers
shift the farm animals from paddock to paddock to let the grass grow and let animals
wander in a different area for a while.

According to the statistical survey of New Zealand for the year 2020, there are
a total of 52,293 farm holdings in New Zealand with an average area of 272.ha [
Among these farms, there are 23,403 sheep and beef farms that cover approximately
8,765 thousand ha and are 45% of the total farm holdings. Sheep farms have a major
contribution of 49% in the total revenue and cattle farms are in second place with 26%
contribution. For the year ended on 30 September 2019, approximately 18.5 million
lambs, 3.4 million sheep and 2.7 million cattle were processed to produce 361, 91 and
697 thousand tonnes of meat, respectively. However, although deer and cattle farming
has increased, stock unit in sheep farming has been declined by 15% in the last decade,
and total sheep number has been reduced by 2.3% in the lasB}e@ng of the main
reasons behind this decline is the requirement of extra labour effort in handling sheep
farms [2].

With the advancement in pastoral and agricultural technicdiea jariety of data
is available to farmers, such as the expected climatic changes, area temperatures, soil
dampness values, pasture covers, and individual stock identi cation for growth rates
monitoring and animal welfare. Most of the tasks done in livestock handling are quite
labour-intensive, and livestock counting is one of these tasks. Counting is usually
done with a gap of either weeks or months and thus makes stock count information
occasional data. It also seems disruptive for the farm animals, because they have to pass
through narrow choke points or drafting races for this purpose. One farmer manager
has stated that they face a loss of around NZ$ 60,000 annually due to either sheep theft
or missing stock (P. Kurt, personal communication, May 05, 2019). There are many
cases where sheep and especially pregnant ewes were stolen from a farm, and farmers

found out about their nancial loss after 2 to 3 months on the next sheep count. Many
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farmers are facing this issuB, [6, 7], and it was reported that farm rustling is worth
NZ$ 120 million a year8, 9]. Approximately NZ$ 22.4 million were paid to farmers for
insurance claims only over the time period of 2015 - 2019. Farmers learn about stolen or
missing livestock weeks later, so, they usually do not report it to the police [10]. Farm
rustlers are well aware of the fact that farmers do not count the farm animals frequently,
therefore, they get plenty of time. If there was a way to identify animal theft earlier in
any respective farm then farmers could inform the concerned authorities more promptly.
An earlier discovery of the missing sheep may have positive results. To speed up the
counting process of any livestock and to monitor the farm animals more easily, a farm
manager has shown interest to get this system automated as much as possible without
compromising on the accuracy of provided data (P. Kurt, personal communication,
May 05, 2019). Easy and robust remote livestock counting and monitoring is one such
system for handling the herds ef ciently. Monitoring the distribution and population of

animal species over time is also a key ingredient to successful nature consery/dfion [

1.2 Objectives

The main objective of this research is to help farmers by designing a remote and soph-
isticated livestock counting system that can give them a stock count with minimum
possible physical involvement. In this research, we are proposing a time-ef cient,
cost-effective and robust livestock counting and monitoring system. It uses an un-
manned aerial vehicle (UAV) for either capturing paddock images or recording paddock
videos. The gathered data will be processed using machine learning and deep learning
algorithms to get the required output. Although there are a few methods available for
animal counting, to the best of the researcher's knowledge, such a proposed system
does not currently exist in the eld of pastoral or dairy farming. Farmers will be able to

see the whole paddock with the help of the UAV and can keep an eye on the required
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statistical data. Stock count will be accessible to the farmers throughout the year, it will
also be cost-effective and time-ef cient.

This research can help the farming industry in New Zealand by excluding many
physical tasks of the farmers needed for livestock monitoring and counting, and it is
an ef cient way to get all stock counted. In current stock counting method, farmers
let animals pass through narrow chokes and prior to this step, gathering all animals at
the entrance point needs a lot of physical involvement. This process is disturbing for
animals and time-consuming for the farm manager. This whole process can be avoided
using our proposed method. The cost of this system will always remain independent of
the number of animals in the possession of the respective farm manager. The UAV can
be bought only once for the respective farm and the counting task will need less effort
as well as will be less disruptive for the animals.

To cover the above mentioned contributing factors, the following questions are
answered in this thesis:

1. How can we ef ciently and accurately detect hundreds of farm animals at various

scales in the aerial images using a deep learning algorithm?

2. How can we track the detected animals in the respective paddock videos?

3. How can we detect fence lines robustly and de ne the boundary of a paddock to

avoid an overlap in counting with the nearby paddock animals?

1.3 Challenges

1.3.1 Data Collection

Currently, no dataset of any livestock is publicly available for this kind of research work.
Recording paddock videos under different illumination conditions and backgrounds

was very challenging. The difference in the background was observed with the weather
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variation, so data was collected at different times of the year to have as much variety
as possible. A few videos were recorded in cloudy weather, such videos were less
challenging in terms of identifying the object of our interest. While a few other videos
were recorded in sunny conditions and at different times of a day to have a variety in
shadow lengths. These sunny videos were very challenging due to re ection of sunlight
from grass, tree branches and even leaves. However, a variation in collected data was
necessary to design a robust system. The next step was ground truth labelling, requiring
patience and hard work to label each animal and fence wooden posts of the paddock
as a region of interest (ROI). At times it is dif cult to identify the number of animals
standing in a group, especially in the videos recorded from higher altitudes. And fence
posts and fence wires were mostly vague in the video frames, causing a dif culty to
identify their correct location. However, the task of ground truth labelling was done
with great effort, and it was not completed in one go but was done as more data was
collected from the farms. Collectively, it took months to complete the ground truth

labelling over all data.

1.3.2 Small Object Detection

Detecting hundreds of small objects in any image is a challenging problem in the eld of
deep learning. Although many algorithms exist but they usually perform below average
when it comes to detecting a tiny obje@?]. Furthermore, a sheep looks like a whitish
blob with negligible distinguishing features, and features are mainly needed by any
computer vision algorithm to identify an object correctly. Providing an algorithm that
can detect such tiny objects with high accuracy will be a promising contribution in this
eld. Along with livestock (sheep), paddock fence detection is a part of this research
and at some points the fence posts get mixed with the background, making it even more

dif cult to de ne them properly. We were unable to nd any literature relevant to the
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paddock fence detection and this task was also achieved with good accuracy.

1.3.3 Multiple Object Tracking

After detecting objects successfully in an image, the next task is tracking multiple
objects (sheep) in a video to get a total stock count in a full paddock. Tracking the
objects of interest in any video is a very challenging problem of computer vision.
Comparatively, multiple object tracking (MOT) is much more complex than single
object tracking. Where single object tracking is for only one particular object that needs
to be tracked throughout the video, MOT involves tracking the trajectories of multiple
objects in a video. These objects can either be of the same category or different classes.
Furthermore, a static or moving background will have different types of complexities.
MOT involves the creation of new track identities as objects appear in the video frame,
the use of a data associator for track assignment, matching tracks with the detected
objects based on a cost factor and deleting the lost track. In the last decade, the use of
different deep learning and machine learning algorithms for tracking multiple objects

in videos has increased the ef ciency of such systems. As the videos recorded by a
UAV have more challenges, this offers room for extensive research. In the tracking-by-
detection method, there are three main components: object detector, tracker and data
associator. All these components play an equally important role and can be tuned to the
highest ef ciency for increasing the overall performance of the system. In our case, as
there are hundreds of small objects, an object tracker is needed that can rapidly update

all tracks simultaneously.

1.4 Structure of Thesis

The structure of this thesis is as follows: A detailed literature review about existing

livestock counting methods, deep learning algorithms for object detection and MOT
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algorithms are discussed in Chapter 2. Chapter 3 discusses the overall research method-
ology and details of the data collection. The deep learning based proposed methods for
livestock detection are discussed in detail in Chapter 4. Chapter 5 shows the complete
object detection, tracking and counting methodology. Details of fence detection, the
last task of this research, is presented in Chapter 6. The experimental evaluation of
all the methods and respective results are also discussed in the same chapters to avoid
ambiguity in the end.

Chapter 7 concludes the work presented in this thesis with some discussion on the

future work that can be done in this eld.



Chapter 2

Literature Review

The proposed research aims at providing an appropriate solution to the livestock count-
ing problem and this section discusses the existing literature that laid the basis of our
work. A comprehensive study has been carried out to develop good background know-
ledge and nd the research gap in this eld. This also helped in pursuing the proposed
methodology for this research.

This chapter is divided into ve subsections: the existing methods for livestock
counting and the state-of-the-art methods for object detection are discussed in Sec-
tion 2.1 and 2.2, respectively. The algorithms for single or multiple object tracking are
discussed brie y in Section 2.3. The details of fence detection, work done by other
researchers in the relevant area and the current applications of the UAV along with
its uses for livestock monitoring are also highlighted. A critical analysis and overall
summary are then provided to enlighten the research gap.

The material mentioned in this chapter in terms of comparison of hardware and
software-based methods and discussion about the need of this research is based on our
paper [L3]. More literature review from our other published papers is also added. The

manuscript has been published as follows:

C3: F. Sarwar, T. Pasang, A. Grif n, and S. U. Rehman, "Survey of livestock counting

8
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and tracking methodsNusantara Science and Technology Proceedipgs

150-157, 2020.

2.1 Existing Livestock Counting Methods

The existing animal identi cation and counting methods involve the usage of different
categories of radio frequency identi cation (RFID) and electronic identi cation (EID)

ear tags 14], RFID bolus, and GPS collard}]. Through the implantation of an RFID

bolus, an animal can be tracked throughout its lifespan based on an assigned number.
Although for each animal, this is a one-time process, good technological-based RF items
can cost almost NZ$ 3.35 per animal which is very costly for farmbfgs Bimilarly,

RF ear tags can cost around NZ$ 0.49 for each animal but the only advantage they have
is reusability. RFID and EID tags work in the same fashion but the latter one contains
an electronic chip.

National animal identi cation and tracing (NAIT) have very strict regulations for
cattle and deer farms. If a person in charge of animals (PICA) has only one cattle or
deer than PICA should get them tagged using RFID half-duplex (HDX) or full-duplex
(FDX) ear tags. All respective animals should get registered with NAIT immediately
and status needs to be updated during any stock movement. These tags are not reusable
and PICA should inform NAIT before replacing them in the case of the lost animal.
All of these technologies require direct contact with farm animals in order to read the
tag through a tag reader, and the price of a tag reader starts from NZ$ 1,620. However,
these existing methods are not convenient and cannot give an automatic stock count to
the farmers.

A GPS collar or harness can also be used to track the movement of animals and
monitor their health continuously to automate animal countirtf) [Though they do

offer different advantages, GPS collars are expensive with the minimum cost per item
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of NZ$ 89. Maintenance of these collars in terms of replacing batteries can increase the
involvement of farmers instead of reducing it.

In the last decade, UAVs are increasingly being employed for data collection because
of their continuous technological advancements, constant decline in cost, size, and
weight, evolution in attached sensors and high-tech cam&€47]. Furthermore,
the end-user can manage both the spatial and temporal resolution of recorded data.
As a result, terrestrial as well as marine ecological surveys nd them attractive and
useful for collecting data. Researchers are using UAVs in different research areas like
wildlife monitoring [18, 19, 20], ungulate surveyd1], agricultural growth analysip],
geographical mappin@B], 3D thermal mapping, detecting different de ciencies and
stress levels in tress and croj2g,[25, 26], forest re detection 7], classi cation of
cultivated land 28], surveillance 29], security [30], shipping and delivery31], rescue
operation [32], and many more.

A few researchers have proposed the use of UAV to tr&8kdnd monitor B4]
farm animals, and a few farmers are effectively using UAVs as sheep86g3q].

Figure 2.1 shows the above-mentioned hardware-based technologies and software-based

methodologies are discussed brie y in the following subsections.

Figure 2.1: (a) RFID ear tags, (b) RFID bolus, (c) GPS collar and (d) UAV.
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2.2 Object Detection

Processing real-time or of ine image processing for animal detection in videos requires
machine learning or deep learning based strategies, which come under the arti cial
intelligence domain. Arti cial intelligence is actually the capability of a machine
to imitate human behaviour intelligently and handling varieties of complicated tasks
successfully. A few such tasks are understanding and interpreting different languages,
making decisions under critical conditions, securing systems, identifying objects, fol-
lowing a given pattern and making new decisions to solve a problem. Machine learning
is de ned as a science of various techniques and approaches for problem-solving of
arti cially intelligent systems. Deep learning is a branch of machine learning, that is an
inspiration of the human brain, and can have multi-layered neurons for data processing,
and it is very effective for feature extraction on its own. Though it requires an enormous
amount of data and very ef cient high-end machines with discrete graphics cards for
processing, once trained, deep learning algorithms can provide results very fast. The
main difference between a machine learning and deep learning algorithm is that the
latter one is a technique that does feature extraction and classi cation as an end-to-end
process [37] as shown in Figure 2.2.

Object detection in images was initiated in the 1960s as pattern recognition for
character recognitior8g]. After that, multiple algorithms and techniques were proposed
in the eld of computer vision 39]. Thus, it actually started as pattern recognition,
evolved towards feature extraction and matching, and then nally shifted to automatic
feature extraction and classi cation. The latter technique is the data-driven method and
requires a large training dataset. Though the object to be detected can belong to any
living and non-living category, it faces many challenges due to occlusion, illumination,

different noises, resolution and object scaling issues.
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Figure 2.2: Comparison of machine learning and deep learning.

Handcrafted features extraction for object classi cation and detection were in-
troduced in the late 2000s. This laid the foundation for techniques which are scale,
translation, rotation, illumination and viewpoint invariangs], and it started with the
scale invariant feature transform (SIFT30], and support vector machine (SVM}]].
Researchers investigated new ways of solving the object detection problem using ob-
ject features and various algorithms were then proposed successfully. Some of the
main methods are cascade networkd,[bag of words 43], histogram of gradients
(HOG) [44)], spatial pyramid matching (SPMX#§$], deformable part-based model
(DPM) [46], HOG based local binary patterns (HOG-LBRYJ, improved sher ker-
nels [48] and selective search [49].

In recent years, many researchers are aiming at unravelling object detection tech-
niques using convolutional neural networks (CNNg), 61, 52]. Ciresanet al. [53]
achieved remarkable object classi cation result on the NORB and CIFAR-10 datasets.
In 2012, Krizhevskyet al.[54] used deep CNN (DCNN) to perform the object classi c-

ation task on ImageNet and obtained unmatched results. After that, different versions of
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CNNs were proposed and a few of them are: Region-based CNN (R-GUN Hast
R-CNN [55], Faster R-CNN$6], you only look once (YOLO) %7, 12, 58] single shot
multibox detector (SSDH9|, Mask R-CNN 0], RetinaNet with focal lossd1] and

U-Net with weighted Hausdorff distance (WHD§J]. Later on multiple techniques
were proposed as Cascade R-CNAS|[ CornerNet p4], feature-selection-anchor-free
(FSAF) framework 5] and CenterNetg6]. A brief timeline of object detection tech-
niques is shown in Figure 2.3, and Table 2.1 shows a comparison of a few relevant
CNN-based techniques.

Several modi ed versions of YOLO are available that are the fastest algorithms so far
but the respective authors have also mentioned that it may give higher localization errors
in comparison with Faster R-CNN and none of them can detect small objectslZjell |
A very good survey of object detectors is given 8Y][and shows a comparison of
different existing techniques and highlights many research gaps like open world learning,
more ef cient detection frameworks, compact CNN feature generation, robust detection

and 3D object detection.

Figure 2.3: A brief timeline of object detection techniques.
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Table 2.1: Comparison of a few deep learning based algorithms.

Method Advantages Limitations
R-CNN Best two-stage object detector Computationally expensive in
[50] terms of memory and time.
Faster than R-CNN, accepii_ L
: . ong training time and computa-
Fast R- multiscale objects and notionall complex as compared 1o
CNNI[55] memory needed for feature y P P
) R-CNN
caching
Faster The complex training process
Faster than R-CNN and Fast Rand needs improvement for op-
R-CNN o : i
[56] CNN timization and still not good fo
real-time processing
SSD[59] Processing spegd Is quite f_ast aneannot detect small size objects
performs detection at multiscale

Fastest available detection and/ore localization errors and still
YOLO [12] | classi cation algorithm and it can needs improvement for small op-
be used for real-time applicationgect detection

'I\?A?SIEIN Simple and effective for objegtDif culty in handling real-time
[60] segmentation applications

Good for detecting small size Ob'Trainin time is verv lona as com
U-Net [62] | jects and uses centroids of objects g y ong

instead of bounding boxes pared to other algorithms

2.2.1 UAV for Livestock Detection

Animal monitoring can equally help farmers and zoologists to identify various health
issues in animals. Many researchers have been exploring this research area in the last
two decades and the approach of wildlife monitoring started in 169y Jachmann
for estimating elephant densities using aerial samples. However, many challenges arise
due to the diversity of background, species-speci ¢ characteristics, spatial clustering
of animals p8]. Researchers use different statistical and biological methodologies to
address these challenges [4] .

Machine learning based algorithms such as template matching algo®®m [

AdaBoost classi er 70|, power spectral based techniqu&g][ DPM and SVM [L1]
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were used to detect animals in aerial images3Hj,[Barbedo and Koenigkan provided

an overview about the usage of unmanned aerial systems in monitoring some cattle
farms, and later on published their relevant research resulf?ji7§]. They collected

a cattle dataset at 30 m altitude using a UAV and were able to achieve 87% in the
most favourable conditions. Researchers also used a UAV for quantifying the spatial
proximity in cattle [74], monitoring spatial heterogeneity of pastuv®][and livestock
surveillance.

A study by Manzooet al.[76], who collected livestock data at the height of 50 m,
reported 76% mAP on the VGG16 network by employing SSD. In their dataset, they
have gathered 3900 RGB images of 30800 pixels each, at a height of 50 m. Using
a modi ed version of U-Net and Google Inception v4, Hanal. [77] proposed a
new algorithm in the same domain. Also, Rahnemooetaal. [78] assisted in the
detection and counting of cattle but faced a problem with highly occluded objects.
Meena and Agilandeeswaii9] achieved average precision of 92% while monitoring
livestock through an autonomous unmanned ground vehicle. They tested their trained
YOLOvV2 network on three benchmark animal datasets, Missouri camera8hp |
North American camera tra@1], and Animals with Attributes (AWA) §2]. Tassinaret
al. [83] used a xed-position camera at the height of 3.5 m to detect cattle in a barn

with roughly 86% recall and this is their ongoing research.

2.2.2 Small Object Detection

In this study, a UAV was used to capture videos of the entire paddock from the air in
order to cover as much ground as possible in each frame. Consequently, the sheep
become tiny objects without those detailed features that are required for successfully
training a CNN. In many cases, machine learning and deep learning algorithms that

identify large objects are incapable of identifying such small ones.
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Researchers have proposed small object detection algorithms using multiple Iter
banks B4], infrared imaging 85 and contour models8]. However, the improvement
in camera resolution has made it possible for researchers to extract even more details of
objects, and they started investigating the use of CNNs to do this. In a paper published
in 2016 by Cheret al.[87], they combined R-CNN with a proposed region proposal
generation and improved the mean average precision (mAP) by approximately 30%
compared with the state-of-the-art R-CNN. Furthermore, Keingl. [88] proposed
the HyperNet, Eggeet al.[89] improved the performance of the Faster R-CNNegL.i
al. [90] designed a perceptual generative adversarial network (Perceptual GAN) and
Yancheng Baet al. [91] worked on an end-to-end multi-task generative adversarial
network (MTGAN). Li et al. [92] constructed a CNN using feature reuse detection
(FRD-CNN) method and achieved 84% mAP on the PASCAL VOC2007 dataset. On
the same dataset, M al. [93] achieved 88% mAP using multiscale and multi-task
algorithms. Some researchers also enhanced the performance of Faster-®C88)\ [
96], SSD [97, 98, 99, 76] and YOLO [100, 101].

As far as author is aware, none of these algorithms are currently tested on aerial
image datasets, which do not always include detailed information about objects. These
results are based on already existing datasets, which include relatively large objects at

high resolution, and the purpose of this study is to address one of these research gaps.

2.2.3 Fence Detection

Researchers have used different computer vision techniques for road line detection
using cameras mounted on the car and power line detection using a UAV. However, to
the best of the author's knowledge, no work has been reported particularly for fence
line detection in the domain of pastoral farming. As road and power line detection

resembles fence line detection to some extent, we will discuss the work done in these
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elds.

Merlet and Zerubial02 used dynamic programming where a cost function was
de ned and optimized to detect lines in the images. keeal.[103 used principal
component analysis (PCA) to detect straight lines. Their algorithm separated row and
column edges for the edge image, which were then labelled and PCA was performed
for each labelled edge. Similarly, Guat al. [104] used small eigenvalue analysis
for detecting straight lines in an image with a lot of edges. A moving mask was
used to scan the image from the top left corner to the right bottom corner. A small
eigenvalue of the covariance matrix was then computed at each stage to link the centre
points of the lines. Many different methods were used for road line detection such as
the particle lter [L0Y, vanishing-point-constrained edge detecti@fiq], RANdom
Sample And Consensus (RANSAC) algorithi®7], eignevalues108, probabilistic
Hough transform (HT) [109], Optical Correlator [110], and generalized HT [111].

Power lines detection for the UAV surveillance or inspection is also performed by
a few researchers using HT12, pulse couple neural Iter and improved HT113],

HT and K-means]14], to name a few. The HT method is the most commonly used
technique for line detection in different domains [115, 116, 117].

However, the detection of fence lines is quite a tricky task. It is a small part of a
whole system, where the objects detected outside the fence should be ignored by the
system. Also, the presence of livestock and many wooden logs in a few paddocks make
it more complex. The above-mentioned techniques can perform well where the lines are
well de ned, however, the fence lines get blurred at most of the points at the altitude of
80 m. This leads us to the use of a combination of deep learning and machine learning

algorithms.
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2.3 Object Tracking

The main objective of object tracking in a video is to detect a region of interest in a video
and keep track of its position and motion. It can also be de ned as the approximation
of the path of an object throughout the video by keeping track of objects' spatial and
temporal changes like variations in position, size, and shape. It has multiple applications
in the domain of video surveillance, robot vision, traf ¢ monitoring, wildlife tracking,
gesture identi cation, public security, animation, and marine life observation. Most
commonly used algorithms are discussed brie y under this section to get a comparative
analysis.

MOT can be done either an online or of ine task; an onlidd§ or real-time
tracking uses information from the previous frame to predict objects' motion and
is usually used for a real-time application, while of ine trackintlf] is usually
used for recorded videos that can use the past frames as well as the future frames to
nalize objects' motion. Both cases, however, present major challenges, including
low-resolution camera noise, complex object contours, occlusion, variation in scale,
and blurriness. UAVs can introduce additional challenges such as a sudden shift in
the movement of an object due to windy circumstances and increased complexity
associated with moving objects and backgrounds. Due to changes in altitude, objects
also vary in size, and therefore their distinctive features appear to be lost. Despite
these challenges, UAVs are gaining a similar amount of attention in computer vision
and arti cial intelligence research since they provide images and videos from various
perspectives and therefore are better suited for object tracking and detection than xed
position cameras. Researchers are preferring to use the UAV in the research elds like
data collection, object detection and object tracking [120].

Depending on the initialisation process, tracking algorithms are classi ed into two

main categories: detection-based trackibgl 122 and detection-free trackind.£3.
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The detection-based tracking—or tracking-by-detection—uses a pre-trained object
detector as a preliminary step to detect objects in each frame. The detection values—
either as a bounding box or a centroid—are then fed to the object tracker to initiate the
tracking process. The main task of the object tracker is to predict the motion of the object
in a future frame using the information from the previous frames. A data linker links
the predicted state with the same detected object depending on different parameters. On
the other hand, in detection-free tracking, a location of each object is initialised in the
rst frame and its features are used to track it throughout the video. Some recent survey
papers of MOT 24, 125 present a systematic review of various existing algorithms
and highlight the complexities of MOT in handling complex backgrounds and high
occlusion.

Along with categorizing MOT based on the initialization and processing mette), [
the existing techniques can also be grouped based on the algorithms used in the whole
process. The objective of object tracking for this research is to keep track of livestock
entering or leaving the video frame to avoid miscalculations. Literature available on
object tracking categorizes it into two main categories: machine learning and deep
learning. Within machine learning, it can be further subdivided into three broad cat-
egories: point tracking, kernel-based tracking, and silhouette-based tratRifgA
hierarchical model is presented in Figure 2.4 and methods mentioned in this hierarchy

are discussed brie y in following subsections.

2.3.1 Point-based tracking

In point-based tracking, features are used to detect objects in each frame and this is a
simple approach in computer vision. If an object is successfully detected in an image,
the point-based tracking algorithm is highly accurate. It can, however, incorrectly

identify objects when objects are occludd@@. The Kalman lter, particle Iter and
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Figure 2.4: A brief hierarchy of object tracking techniques.

multiple hypotheses tracking algorithms fall in this category.

Kalman Iter [129 13(Q is an optimal recursive data processing algorithm that
performs the task of restrictive probability density propagation. It uses a set of math-
ematical equations to ef ciently estimates the state in an iterative manner. Irrespective
of the nature of the system, it estimates the past, present and future states of an object.
After estimation of the current state, it receives feedback and then recompute the values.

The main drawback of the Kalman lIter is the assumption that the distribution of state
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variables is Gaussian by nature. Thus, it is not suitable for state variables that lack
the property of Gaussian distribution. It is still in use along with many hand-crafted
[123 131] as well as deep learning techniqud82?, 122 and showed good results
where the object is moving, but the video is recorded from a xed point. However, it is
not suitable if the distribution of state variables is not Gaussian, and has dif culty in
tracking multiple objects if initial states are computed incorrectly. To the best of the
author's knowledge, so far the Kalman Iter is used for tracking large objects, that have
some de ned features. Also, the parameter tuning of the Kalman Iter has not been
discussed in detail.

To overcome this drawback of the Kalman Iter of assuming a normal distribution of
all state variables, the particle Iter was introducd®f. This generates all the models
for one variable before generating them for other variables and works dynamically in
this regard. It uses contours, colour features and texture mapping of objects. The new
location of an object is estimated after prediction and correction of previous weights.
The patrticle Iter with different modi cations is used by many researchers for object
tracking [L21, 134, 135, 136. However, this algorithm faces challenges in handling
the problem of higher dimensionality, where more than one object needs to be tracked.
Multiple object tracking needs a joint solution for data handling and correspondingly
state estimation, which is dif cult with this technique. So, it is best suitable for single
object tracking.

Multiple Hypothesis/Object Tracking (MHT/MOT)LB4] is an iterative algorithm
that was initially introduced for tracking multiple signals in audio les and then found
application in four-dimensional signals. It uses a set of existing track hypothesis for
an object and then predicts the object's position in the next frame for each hypothesis.
Each prediction is then compared with the original measurements using a distance
measure. Depending on the calculated distance measure, a new hypothesis is introduced

for the next iteration. It can be used for a new object, that just entered the scene, or a
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previously tracked object. If the object has left the video frame then no hypothesis will
be assigned to it. As the name predicts, it is used for tracking multiple objects in a video
in conjunction with Kalman Iter with deep learning algorithms37 and is capable

of handling occlusion and tracking multiple objects. However, it is computationally

exponential both in memory and time.

Santosh and MohariBg compared the performance of the extended Kalman lter,
Gaussian mixture model (GMM), and mean shift algorithm for MOT. Their comparative
results showed that GMM can perform well in the case of occlusion and non-linear
motion of objects. Hongyang Yet al.[139 used the contextual information around the
object of interests and proposed an Exchanging Object Context (ECO) model for online
tracking of multiple objects. Siqgi Reet al. [14( divided detection results of MOT
in three categories: low uncertain, high uncertain and false. To improve the system's
performance the false values were penalised, the low uncertain ones were delayed until
the end of the video and a tracking tree was constructed for less uncertain detections.
Some of the researchers also used a particle 1] and multiple hypothesis tracker
(MHT) [134, 137] with good tracking ef ciency but these algorithms have a high

computational cost.

2.3.2 Kernel Tracking

Kernel-based trackindlj1, 142, 143 tracks the motion of the object from one frame

to the next frame using the primary region of the object. Many researchers use this
technique for tracking region of interests in consecutive frames. These algorithms
are classi ed according to the method used to track objects, i.e., template, motion
approximation, and initial representation of the object. But they also offer a limitation
that part(s) of an object may be left outside the boundary of de ned shape if it is merging

with the background. This category of tracking algorithms includes template tracking,
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layering tracking, mean shifting tracking, and SVM tracking.

Template matching searches for the prede ned complete or partial template in each
video frame to de ne the trajectories using different positions and rotations. It is a brute
force technique, which makes it high in computational cost but is capable of dealing
with partial occlusion of the object. The prede ned prototype is a template of an object
which is initially extracted from any of the video frames. Then small parts of an object
or full object are searched in each video frame using all possible positions and rotations.
A numerical index is then calculated that identi es how well the template ts in the
image. It can deal with the partial occlusion of an object. Hahgl.[143 used a
template matching technique to design a system for detecting driver's fatigue with 89%
precision on test videos.

Layering based tracking is another kernel-based algorithm that is capable of multiple
object tracking and can handle full object occlusion. Each layer consists of shape
representation, intensity variation and motion parameters. These layers are designed
after compensating the background motion and then estimating the object's motion.

Mean shift tracking uses gradient ascent to search for the maximum similarity score
of the object in the video frame. This algorithm tries to reach that area of the video
frame which is most similar to the initialized object's model using the gradient ascent
method and searches for the maximum similarity score for the object under observation.
The region of the image is de ned as a colour histogram instead of a contour and the
target model is represented by a probability density function. The advanced version
of mean shift algorithm is Continuously Adaptive Mean Shift (CAMshift) algorithm,
which can be used with CNNs for object tracking in videos. CAMSHit4 provides
speed and robustness with minimal training and computational cost but the drawback of
this algorithm is a lack of robustness when dealing with complex cases.

SVM [145 is a widely used classi cation method which requires training. After a

proper training, SVM gives positive and negative values for tracked and non-tracked
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objects in an image, respectively. And it is used successfully with CNN for object
classi cation in images and also for multiple object tracking in videos. 149,
researchers used an SVM tracker as a kernelised structure and achieved tracking with

high performance.

2.3.3 Silhouette Tracking

Tracking methods based on silhouettes are more suitable for tracking complex things like
hands and ngers that cannot be described perfectly by simple geometric fedtdées [
Tracking objects occurs in the following frame using rough shapes of objects from the
previous frame. Tracking methods that come under silhouette category are able to deal
with complex shaped objects, occlusions, merging and splitting issues because they use
prede ned information for each object.

Silhouette tracking algorithms fall into two main categori#2%: contour and
shape based tracking. It's the exibility of these algorithms that makes them attractive
because they can handle a very wide variety of objects. However, all objects must be
known before tracking so that silhouettes tracking can succeed.

In contour-based tracking algorithms, a contour of the object is designed in the rst
frame, which is then predicted at a new position in the next fraiié|[ Two different
approaches are usually used for this purpose: statistics based on appearances like shape
or an optimization technique of an energy function like gradient descent or a greedy
method. The shape-based tracking, as the name speci es, is a bit similar to the template
matching technique, it searches for object template in the existing frame and keeps track
between frames. Shape or region based silhouette algorithms are more resilient to noise,

while contour-based algorithms are computationally less expensive.
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2.3.4 Deep Learning Based Tracking

Object tracking incorporated deep learning over the last decade, it is used for object
detection, classi cation, segmentation, and tracking. For the latter part, it is mostly
used in conjunction with different machine learning algorithms. A few of the recently
proposed algorithms are discussed brie y in this section.

Instead of using any other tracking method along with CNN, Lijun Wetray.[148
used the features of the fully convolutional network. Although they only tracked a
single object per video, they were able to overcome many tracking challenges. Like
Lijin Wang et al.[148), Christoph Feichtenhofeat al.[149 also proposed the concept
of using a convolutional network to detect and track objects in a video simultaneously,
named Detect and Track. Video frames were employed to completely train the network
in the end-to-end mode. After computing cross-correlation between feature responses of
adjacent frames, ROI pooling layer for classi cation and regression of proposal boxes
were used. Object tracklets were then linked throughout the video using the detected
ROI.

Kai Kang et al. [150 incorporated the temporal and contextual information of
objects and proposed Tubelets with convolutional neural networks (T-CNN) to create an
end-to-end deep learning framework for detecting and tracking objects. Their proposed
method used R-CNN and Faster R-CNN for general object detection in each frame by
using information from tubelets. A similar task was performed by Gaoang \&ang
al. [119, TrackletNet Tracker (TNT) and in this method the bounding boxes from
consecutive frames were linked to create tracklets. Similarly, Zhongdao tang
al. [15]] combined an object detection and appearance model to propose a shared MOT
algorithm as a single-shot detector.

Kwangjin Yoonet al.[152 also discussed the importance of the data association

method in tracking-by detection methods, and proposed a deep neural network-based
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data association method for MOT. Bounding boxes and track histories were used as
inputs to long short term memory (LSTM) networks. The end result was an association
matrix which shows a correlation between tracks and all detected objects. An LSTM
network was used by different researchers in order to improve the system's performance
and accomplishing the MOT as an online tracking syste®3[154]. Similarly many
researchers are trying to tackle the MOT tracking problem using recurrent neural
networks [L55 and CNNs [L56, 157]. Shivaniet al.[158 designed the Deep Simple
Online Real Tracking (Deep SORT) algorithm using YOLOv3 and RetinaNet, and
detected objects in a UAV recorded video.

Yingkun Xu et al.[159 analysed deep learning structures, reviewed deep network
based strategies and provided an experimental comparison of tracking results on bench-
mark datasets. The discussed algorithms were also compared based on robustness,
advantages in different conditions and effectiveness under various circumstances. The
comparative analysis shows that there is still a room for improvement in order to achieve
realistic results using deep learning in the eld of MOT, as the highest reported accuracy
was 71% by Tangt al.[16(] on the MOT16 benchmark dataset. Table 2.2 shows a
comparison of discussed techniques for object tracking.

As per the literature reviewed, machine learning based algorithms still lead in this

eld in terms of a system's overall ef ciency.

2.3.5 Livestock Tracking

Kaixuan and Dongjian1[61] used background subtraction as a target detection for the

moving cows. This was a single object tracking problem and a xed camera was used
to collect the data. They achieved 88% true detection rate when cows were walking
straight under normal illumination conditions and there was a high contrast difference

with background. The use of edge re nement with optical ow estimation was proposed
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Table 2.2: Comparison of object tracking algorithms.

D e~

Algorithms | Types Advantages Limitations
Kalman Filter| - Can track many objects in- Assumes Gaussian distribu-
[130] noisy images tion of all state variables
Point Particle Filter| - Does not need Gaussian djs- Dif culty in tracking mul-
Tracking [133] tribution of state variables | tiple objects
MHT/MOT - Capable of handling muf- . culty in tracking mul-
tiple objects as well as to ob-,. .
[134] . X tiple objects
ject occlusion
Template Match; - Relatively simple and can .. .
ing [143] deal with partial occlusion High computational cost
Kernel Mean shift| - Does not need any prior-Cannotdlstmgwsh an obje¢
. . . from the background in cas
Tracking [144] shape information
of the same colour
SVM [145] - Suitable for multiple object Needs training

Layering Based

tracking
- Suitable for multiple object

- High computational cost

[128] tracking
Silhouette | Contour Matchq - Can handle multiple com- Computationally expensive
Tracking ing [147] plex shaped objects P y exp
Shape Matching - Resistant to_ noise and_ Need prior information of
can handle multiple complex -
[127] . all shapes and needs training
shaped objects
Fully Convolu- .
tional Network| _ Can handle different challen- Track one object at a time
ging factor
[148]
Detect ang| | End-to-end training and - Computationally expensiv
failed detections can be re- )
Track [149] algorithm
covered
Deep .
- Low computational cost and _. . .
CNN T-CNN [150] good for tracking a few ob- D.If cuIFy n tracking many
Based ; objects in video
. jects
Tracking
TrackleNet - Can handle occlusion much- Face tracking issues in the
Tracker [119] ef ciently fast camera motions
- High speed make it appli¢-- High memory usage and
LSTM[153] able for online MOT computational cost
Deep SORT] - Can be used for real-time- Face dif culty in occlusion

[158]

MOT

D

cases
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in [167 to improve the tracking performance. This proposed method was tested on
different KITTI datasets and also on a publicly available livestock (cattle) datB&gt [
Al-Thani et al.[164] used Raspberry Pi module V2 on-board of a quad-copter drone
to perform online as well as of ine processing of the videos for sheep counting and
monitoring at 10 m and 15 m altitude. Each image had maximum 9 sheep and they
achieved 60% accuracy when counting was done of ine, and a bit higher accuracy
when it was done online on the drone. However, one of the main issues reported in this
case is the high power consumption of the designed system and the other issue was
the dif culty in covering paddock ef ciently. The paddock coverage at the mentioned
altitudes was a dif cult task and livestock crossing between frames was unavoidable.
Livestock detection, tracking and counting is performed at altitudes lower than
50 m in the mentioned literature. This makes an ef cient UAV ight a challenge too.
By ef cient, we mean the coverage of whole paddock while avoiding the passing of
livestock between frames. which can only be avoided by recording the videos at higher
altitudes. Furthermore, the only publicly available dataset has only one object per
image and was actually designed for cattle type identi cation. It cannot be used for this
research and our recorded videos have an average of 150 objects per frame that need to

be tracked.

2.4 Research Gap

Existing hardware-based methods inevitably involve direct contact between farmer and
animal, and are therefore classi ed as manual counting. Manual counting can take time
and may be susceptible to a variety of psychological phenomena that can cause error or
optical illusion [L65. Although there are machines that can be installed near holding
pens to eliminate the need for manual checking, obtaining daily stock information

would prove impractical. Therefore, it is imperative to make good use of technology for
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the bene t of farmers.

Surveillance or motion sensor cameras can be installed around the whole farm.
Assuming a common paddock size of 20 ha, many cameras will be required for proper
coverage. This will arise problems of continuous power supply, networking issues for
linking all these cameras together and data transmission to a central system, which will
cost a lot more than the annual nancial loss.

These factors support automatic detection, counting, and remote monitoring of
livestock with the help of a UAV. This can give some relief to farmers and relevant
information can be extracted in much less time. The design of this automatic system is
still complex, even when all the right conditions are in place for data collection. There
will be challenges in terms of light and background variations, as well as variations in
shadows with changes in weather and sunlight. There is therefore great complexity in
formulating a general technique to address these issues, while incorporating various
paddock shapes and sizes.

Though there is a large variety in drones, ranging from the ones that can be used for
recreational purposes to those that are good for professional use, researchers usually
prefer to use UAVs with functions like GPS-enable autopilots, emergency landing
technology, stability, good camera resolution, long battery life, and easy ight mode.
This gives ease in access to images and videos, and can be easily linked with either
smartphones or tablets. The latest UAV can go up to the range of 7 km from the control
box and have a ight time of 25 minutes. The Civil Aviation Authority of New Zealand
allows UAV ight in the line of sight, which is usually very less than 7 km. The main
challenge, which UAVs offer for this research, is the coverage of the whole paddock
from a good allowable height and in a minimum possible time. This coverage time can
vary from paddock to paddock as some paddocks have plain ground with no trees while
others have uneven terrains and many bushes. The current research is focused on those

paddocks which have at terrains and have a minimum number of trees. Later on, it
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can be extended to all others. Currently, no large dataset is available for farm animals,
S0, creating a good and large dataset will be an important contributions towards this
research.

According to literature, livestock aerial data collection is most effective at an altitude
lower than 80 m; however, such videos are dif cult to cover a paddock area ef ciently.

In farms that spread over many hectares, it is often not possible to capture the width of
the entire paddock in a single frame. Because such farms also have large paddocks and
a video needs to be taken from a height where the width of the paddock can be captured.
As a result, we have collected data as high as 120 m in order to make using of UAVs for
livestock counts more convenient for farm managers.

In addition, it is essential that the livestock counting system is as accurate as possible
so that the estimated count is as close to 100% as possible to the true count. This is
due to the fact that any 1% error is the equivalent of 10 sheep on a herd of 1000, and
this is a signi cant monetary loss. The previously mentioned systems are incapable of
achieving such high accuracy when handling small objects.

Deep learning and machine learning are two key elds for dealing with image-
processing tasks. We will utilize deep learning and machine learning techniques to
detect and track animals, respectively. While the detection system needs a large dataset
to be trained, once trained, it has great potential in detecting and classifying objects.
Additionally, since the designed network can be trained using aerial videos of the
paddocks, it can be used for other animal detection. Our goal is to detect and track
hundreds of animals per frame, each comprises a mere 10 pixels and appearing like a
colored blob above 80 m. However, currently available algorithms deal with images
and videos with only a few animals per frame and 100s of pixels per animal. The task
of tracking multiple objects has been performed by many researchers using the Kalman

Iter and and different data association methodidd 122 123 166, 167]. To the best

of the author's knowledge so far, the Kalman lter is used for tracking large objects,
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that have de ned features. Furthermore, as farm fence detection has not been done in
pastoral farming, it is a new research area. From the mentioned altitudes the fence lines
look very vague and we mostly have to guess if there is a fence line or not. Though
there are many line detection algorithms, due to the overall scene complexity, those
algorithms cannot be used for fence detection.

The literature review reveals that counting and tracking hundreds of objects, along
with fence detection from the mentioned altitude, especially farm anir@d]stas not

been targeted by any researchers until now.
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System Modelling and Data Collection

A literature review has revealed that there is a need for a robust, cost-ef cient and
comparatively easy-to-use livestock counting system to help pastoral farm managers.
In New Zealand, sheep rustling has the highest rate among all farm rustling cases,
so this research work is focused on sheep farms. Designing such a system needed a
complete understanding of farms and the respective limitations. This issue was handled
by collecting data from different farms, in different seasons and weather. As the research
proceeded each year, the process of data collection and dataset design was matured, and
was used in our different research articles. However, the details of data collection and
only the nalized datasets are presented in this chapter. These nalized datasets were
used in the following manuscripts:
C2: F. Sarwar, A. Grifn, S. U. Rehman, and T. Pasang, "Towards detection of sheep
onboard a UAV,"arXiv preprint arXiv:2004.02758020.
C4: F. Sarwar, A. Grif n and T. Pasang, "Tracking livestock using a fully connected
network and Kalman Iter,"Geometry and Vision. ISGV 2021. Communications
in Computer and Information Scienoml 1386, pp. 247-261, 2021.
J1: F. Sarwar, A. Grif n, S.U. Rehman and T. Pasang, "Detecting sheep in UAV

images,"Computers and Electronics in Agricultyreol. 187, 2021.
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C5: F. Sarwar, A. Grif n, P. Chong and T. Pasang, "Pasture fence line detection in
UAV videos",in the proceedings of 36th International Conference on Image and

Vision Computing New Zealand, (IVCN2D21.

3.1 System Model

This section focuses on the design methodology for this research work. Design science
is used as a research methodology, which is an iterative research method. In this method,
the researcher keeps on improving the system after successful evaluation until the
desired performance is achieved. Figure 3.1 shows the overall structure of this study.
Quantitative evaluation, system modelling and simulation form an iterative process
that helps in improving the output of the system. The most important parameters for
evaluating the system are precision, cost, time and memory ef ciency, multi-scale
animal detection, and most importantly, implementation feasibility. These things will
cover the research gap in this study that was raised after the literature review and will
also keep up the motivation for improving the system design and respectively, the
required results.

Figure 3.2 shows the main steps of research design ow followed in this thesis.
Categorically the whole research can be divided into ve main parts: data collection,
datasets design, livestock (sheep) detection, fence detection and sheep tracking. The

rst step was to record the paddock videos using a UAV. Multiple RGB frames were

Figure 3.1: Research methodology.
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extracted as paddock images, and ROIs were labelled in all these images. As there were
two main tasks of object detection, i.e. sheep detection and fence detection, the ground
truth labelling was required for both of these cases. From each frame, sub-images of
dimension 256 256 were extracted as per respective object (sheep or fence). Datasets
were designed for training the deep CNNs targeting each task of the system. The
livestock tracking task was then expected to be performed within fenced paddocks to
avoid unnecessary detection outside the fences.

The main focus of this chapter will be on data collection and datasets design,

whereas the details of livestock detection, fence detection and livestock tracking are

discussed separately in later chapters.

Figure 3.2: Research design ow.

3.2 Data Collection

A DJI Phantom 3 Pro was used for recording the paddock videos, shown in Figure 3.3.
This UAV can be own at a maximum speed of 16 m/s and has a ight time of

approximately 23 minutes. The controller has a USB port that can be attached to any
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tablet and smartphone for an image or video output. It comes with an already attached
camera, which ha$-2:3" CMOS sensor and lens of FOX 20 mm. The videos

can be recorded in ultra high de nition (UHD), full high de nition (FHD) and high

de nition (HD) mode.

The data was collected from different sheep farms of Palliser Ridge, Wellington,
New Zealand. It has a total area of 1300 ha, has multiple paddocks, and holds approx-
imately 8,000 sheep and 1,700 cattle. The UAV was used to record the UHD videos
in the sheep paddocks only. Initially, three different altitudes were used i.e. 50 m,
80 m and 120 m, where 120 m is the maximum allowable altitude as per the New
Zealand Civil Aviation Authorities. Data was collected on multiple days and videos
were recorded during different weather conditions and times of day. This technique
of data collection helped in capturing a variation in the background and illumination
naturally. Figure 3.4(a) shows a sheep image that looks like a whitish blob in (b), (c)
and (d) in the aerial views from respective altitudes.

Figure 3.4 shows that the higher the altitude, the smaller the sheep size, as well
as the lower the quality of the sheep details in the captured imagery. Thus, it is quite
tempting to collect data at a lower altitude like 50 m. Indeed, at this height, sheep are
guite easy to distinguish. However, at a lower elevation, it is much more complicated

to capture an entire paddock properly, and avoiding sheep movement between passes

Figure 3.3: DJI Phantom 3 Pro.



Chapter 3. System Modelling and Data Collection 36

(@) Ground level (b) 50 m.

(c) 80 m. (d) 120 m.

Figure 3.4: Sheep images taken by the UAV at the mentioned altitudes.

is not possible. A UAV can mostly y from one end to another in the entire paddock

ef ciently from 80 m and above, and the fences on either side can be seen on video
in most cases. It was discovered that the UAV was disturbing for the sheep at lower
altitudes but an object detector detects the sheep accurately. Additionally, it was found
that the UAV can be used to track the sheep between frames once they are detected at
the desired altitude.

This research aims to make livestock counting as robust, non-disruptive, and less
time-consuming a task as possible, which means that compromises had to be made
between the details that can be captured in each frame and other factors. An altitude
of 80 m and above was decided to keep it non-disruptive for animals and the video
recording time for larger paddocks was still for a few seconds. All data was collected
at 80 m and 120 m altitude and each frame captured approximately 14Z6mm
and 216 m 114 m area on the ground for respective altitudes. Table 3.1 shows the

necessary details of the UAV and data collection.
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Table 3.1: Details of data collection and UAV.

Parameters Details
Location Pirinoa, New Zealand
Sheep Breeds Romney, Texel
= Grass Types Rye, Clover, Chicory, Cocksfoot, Plantain
B Total farm area 1300 ha
Average paddock area 20 ha
Sheep per paddock 350 approx.
Drone DJI Phantom 3 Pro
Dates 2018, 2019, 2020
5 Weather Cloudy and sunny
B Video time 10 to 20 s (each)
% Drone altitude 80mand 120 m
o 144 m 76 m (80 m)
g Area per frame 216m 114 m (120 m)
- Ground spatial resolution 35cm (80 m)
52 cm (120 m)

" Sensor 1-2:3" CMOS
s Lens 20 mm focal length
o Horizontal FOV 82.4x
£ © -

35 Vertical FOV 619
O ¢ | vVideo recording mode UHD: 4096 2160p
o Frame rate 30 fps

3.3 Image Datasets

Irrespective of the object of interest, the main requirements for designing a useful
dataset is to answer a few very important questions like:

 For which kind of network should it be designed?

» What kind of ground truth data is needed?

» What should be the size of the training images?
Different networks were initially tested for sheep detectid6q 169, that needed
different kind of ground truth labelling. One type is bounding boxes around all ROIs
in each training image, which has four values: (x,y,w,h), referring to (x coordinate, y
coordinate, the width of the object, the height of the object). The other type of ground

truth is a centroid for the respective object which is just a centre point of the bounding



Chapter 3. System Modelling and Data Collection 38

box too.

As the sheep and fence posts both look like tiny objects in the aerial videos, the
centroid based ground truth looked more appropriate and after the rst year of research,
only latter values were used. For both sheep and fences, centroid points were assigned
manually and bounding boxes were generated using a simple algorithm. The task of
ground truth labelling spanned a few months for both objects. This task was not done at
once and the dataset was increased as more videos were recorded every year.

De ning a bounding box or centroid for a sheep was easier at 80 m as it has a
de ned blob shape. However, at 120 m it was a very dif cult task because at times
the sheep were dif cult to distinguish from the background. Furthermore, two or more
sheep standing close to each other appear as one big whitish blob with no intermediate
boundary. One such case can be seen in Figure 3.5, which shows the cropped sub-
images from frame numbers 1, 50 and 100 from a video recorded at 120 m. The group
of sheep in the top left corner that looks like to have ve sheep in the rst frame has six
sheep, as con rmed in the 100-th frame. In such cases, we had to update the data of the
previous 100 frames to correct the labelling task.

Figure 3.6 shows a few examples of paddock fences that are commonly seen in New
Zealand. The wooden posts were expected to be visible at the desired altitudes but the

wires are a bit dif cult to identify even in the shown images. This made the ground truth

(a) Frametl (b) Frame#50 (c) Frame#100

Figure 3.5: Cropped frames from a 120 m video.
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