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Abstract

The Iona Skeleton Coast Trans-Frontier Conservation Area (TFCA), straddling the border be-
tween Angola and Namibia, has suffered through decades of civil war and poaching. While this
history has been detrimental to the community of large mammals in the TFCA, data collected
on the mammal populations are insufficient to enable effective management. Survey methods
such as aerial counts and community-based monitoring have various shortcomings. Therefore
camera trapping, which has become important in surveying wildlife worldwide, could become
an essential monitoring tool also for the TFCA. However, camera traps tend to capture large
numbers of images over short periods of time. The cost and time involved in the manual analysis

of such voluminous datasets are the major limiting factors in camera trapping.

Deep learning-based computer vision methods proposed to date to address this problem were
found unsuitable for application to camera trapping in the TFCA, being computationally too
expensive, requiring specialised hardware and large training datasets, focusing on only one
species per photograph or relying on static backgrounds between sequential images. On the
other hand, the method developed in this study requires only an entry-level computer and
relatively few training data while handling multi-species photos with changing backgrounds. It
is able to detect and distinguish between humans, vehicles and four large mammal species of

importance in the TFCA, namely giraffe, impala, oryx and zebra.

Trained on images sourced from the web and applied to 4000 camera trap photos, the system
yielded a recall rate of 85.7% in detecting human-related object classes and 59.1% in detecting
the presence of animals in camera trap photos. Its precision in detecting animals was 100% while
its precision in distinguishing between the four large mammal species was 96.8%. Furthermore,
frequency distributions of photographs inferred by computer roughly correlated to published
diel activity levels for each of the four mammal species investigated. The method did not prove

useful for the monitoring of rare species, however.

Based on the results, the method could be used to filter for photos containing human-related

objects as well as animals, and to label or pre-label photos by species. This may make it

xiii
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useful to monitor anthropogenic disturbance, aid in compiling species inventories, document
animal migration, map species distributions and pick out images of species for which population
densities are to be estimated. Further work would be needed to test the reliability of computer
vision inference as an index of activity levels as well as to develop the ability to monitor rare

species successfully.

Conceptual and technical aspects of using camera traps in combination with the proposed com-
puter vision method are discussed for application in the Iona Skeleton Coast TFCA. However,
the utility of the method has the potential to extend far beyond the TFCA and could be applied

to a wide range of conservation projects.



Chapter 1

Introduction

1.1 The Iona Skeleton Coast Trans-Frontier Conservation Area

Protected areas play a crucial role in the conservation of biodiversity (Bruner et al., 2001; Brooks
et al., 2004; Rodrigues et al., 2004; Jenkins and Joppa, 2009; Coetzee, Gaston and Chown,
2014; Gray et al., 2016). However, many areas in need of protection extend beyond political
borders (Udvardy, 1975; Olson and Dinerstein, 1998, 2002; Dinerstein et al., 2017). This makes
international cooperation as set out in the Convention of Biological Diversity (United Nations,
1992) essential for biodiversity conservation. A regional manifestation of this idea are Trans-
Frontier Conservation Areas (TFCAs), large ecological regions that straddle the boundaries of
two or more countries and encompass protected and multiple use areas (SADC, 1999). They form
an important aspect of cooperation between member states of the Southern African Development
Community, which includes among its fundamental objectives the sustainable use of natural

resources and the protection of the environment (SADC, 2014).

The Iona Skeleton Coast Trans-Frontier Conservation Area is one of seven formally declared
TFCAs in the SADC region (SADC, 2018). The TFCA includes the Namibe Partial Reserve
and the Iona National Park in Angola, as well as the Skeleton Coast Park, and several ad-
joining Communal Conservancies in Namibia. Covering nearly 50000 km? (SADC, 2018), the
TFCA includes a large portion of the Kaokoveld Desert ecoregion (Spriggs, 2018), one of 142
terrestrial regions prioritised for biodiversity conservation globally (Olson and Dinerstein, 2002).
The region is characterised by a high level of plant endemism (Craven, 2009), several endemic
arthropod species (Cloudsley-Thompson, 1990) and a high diversity of amphibians and reptiles
(Cerfaco et al., 2016). Of particular concern, however, are the large mammal populations in the

Angolan part of the TFCA. While data relating to their conservation are scant, it is generally



CHAPTER 1. INTRODUCTION 2

known that the effects of the Angolan civil war—which spanned nearly three decades—have

been detrimental (Huntley, 2017).

Before the war, the South-West Arid Biome of Angola, covered to a large extent by the Iona
National Park, was inhabited by a diverse range of large mammals, including aardwolf Proteles
cristatus, brown hyaena Hyaena brunnea, bat-eared fox Otocyon megalotis, Cape fox Vulpes
chama, Hartmann’s mountain zebra Fquus zebra and Burchell’s plains zebra FEquus quagga
burchelli, black rhinoceros Diceros bicornis, Damara dik-dik Madoqua kirkii, black-faced impala
Aepyceros melampus petersi, springbok Antidorcas marsupialis and oryx Oryx gazella (Huntley,
1974). Considerable portions of the ranges of some of these species fall within the TFCA: the
mountain zebra is confined to western Namibia and south-western Angola, the black-faced im-
pala to northern Namibia, and the Damara dik-dik population of the southern African subregion

is confined to northern Namibia and south-western Angola (Skinner and Chimimba, 2005).

The Angolan civil war (1975-2002) left protected areas in the country, including Iona, vulnerable
to poaching (Beja et al., 2019). The consequences for the large mammal populations of the Park
were devastating. The black rhino population was destroyed and the same is assumed for the
lion population (Morais et al., 2018). The plains zebra was considered locally extinct by 1992,

mountain zebra were almost extirpated and the oryx population declined (Beja et al., 2019).

Following the end of the civil war, a wildlife aerial survey of Iona (Kolberg and Kilian, 2003)
showed the presence of ostrich Struthio camelus, Hartmann’s zebra, springbok and oryx. In
addition, one leopard Panthera pardus and one cheetah Acinonyx jubatus were seen, and some
observations of jackal Canis mesomelas and vulture nests were made. The Cheetah Conserva-
tion Fund (CCF) confirmed the presence of cheetah in Iona in 2010 (CCF, 2010). A second
aerial survey was done in 2017. It indicated a decrease of ostrich, oryx and springbok numbers
since 2003, presumably due to poaching, and showed no sign of predator or scavenger species

(Hauptfleisch and Brown, 2017).

While the available evidence points to a decrease of wildlife populations on the Angolan side
of the TFCA during the last decades, an increase has been observed on the Namibian side.
Although poaching also significantly impacted wildlife populations in Namibian communal areas
up to the mid 1990s (NACSO, 2017), the introduction of Community-Based Natural Resource
Management (CBNRM) marked a turn around. In 1996, the Government of Namibia enacted
legislation (Nature Conservation Amendment Act, 1996) that gives traditional communities the
power to create conservancies with which to manage wildlife and tourism on their communal
land (Jones, 2010; Naidoo et al., 2016). The establishment of such Communal Conservancies

has since lead to a decrease in poaching and recoveries of wildlife populations in these areas
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(Weaver and Petersen, 2008).

Given this background, wildlife monitoring in the TFCA is important for a number of reasons.
Firstly, there is a paucity of data on populations and their distributions, particularly on the An-
golan side (Huntley, 1974; Kolberg and Kilian, 2003; Hauptfleisch and Brown, 2017). Secondly,
trophy hunting and meat harvesting in the Communal Conservancies on the Namibian side need
to occur at a sustainable level (Weaver and Petersen, 2008). Thirdly, little is known about the
migration of species across the Kunene River and knowledge about this may inform the possible

re-stocking of wildlife to Angola from Namibia (Kuedikuenda and Xavier, 2009).

However, the TFCA is large and encompasses areas that are remote and difficult to access. This
makes wildlife monitoring a challenge. In addition, different monitoring methods have various
shortcomings. Aerial censuses are very expensive and in many cases unaffordable (Lindeque
and Lindeque, 1997; Saltz et al., 2004). They have therefore been done only twice in the
TFCA (Kolberg and Kilian, 2003; Hauptfleisch and Brown, 2017). Also, aerial surveys are
ineffective when population densities are very low, animals are highly mobile and not adequately
visible from the air (Lindeque and Lindeque, 1997). In the case of carnivores, aerial surveys are
effective only in relatively sparsely vegetated habitat (Gese, 2001), whereas the vegetation in
the dry riverbeds of the TFCA provide opportunities for predators to hide. Furthermore, Reilly
and van Hensbergen (2002) showed a decline in the number of aerial observations with time,
which they ascribe to among other factors, observer fatigue. Another method, Community-
Based Monitoring, requires ongoing training as well as technical and material support, and is
dependent on the motivation of local participants; aggregating data in sparsely inhabited areas is
challenging, financial resources are limited, illiteracy and the generation of fake data are further
hurdles (Stuart-Hill et al., 2005). In addition, the findings of Saltz et al. (2004) suggest that

population sizes cannot be reliably estimated using conventional ground-based techniques.

1.2 Camera trapping

Camera traps are remotely activated cameras that are either set to take photographs at certain
time intervals or are triggered by movement, which is typically detected by an infra-red light
sensor (Swann, Kawanishi and Palmer, 2011). Camera traps are used throughout the world to
monitor wildlife populations (O’Connell and Nichols, 2011). They have enabled efficient studies
of medium-sized and large mammals (Stein, Fuller and Marker, 2008) with regard to their
distribution, abundance and behaviour (Burton et al., 2015). They have been instrumental in

documenting species new to science, or that occur in areas were they were previously not known
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to exist, or thought be locally extinct (Swann and Perkins, 2014). Camera traps have also been
instrumental in estimating populations of species where individuals can be recognised based
on individual markings (Karanth and Nichols, 1998). Methods have recently been proposed to
extend this to unmarked species, though these are subject to model assumptions (Rowcliffe et al.,
2008; Chandler and Royle, 2013; Lucas et al., 2015; Howe et al., 2017; Nakashima, Fukasawa
and Samejima, 2018). The widespread adoption of camera traps can be attributed to the fact
that they are versatile in their application, cost-effective and relatively non-invasive (Swann and

Perkins, 2014).

Given the problems associated with the alternative survey methods mentioned above, camera
trapping could well become an important complementary monitoring method for the TFCA.
Camera traps have already been used to compile species lists for mammals in central Angola
(Taylor et al., 2018) and the Luengue-Luiana and Mavinga National Parks, as well as to estimate
leopard density (Funston et al., 2017). They could potentially be instrumental in documenting
species presence, compiling species lists, establishing species ranges for the TFCA, and esti-
mating population sizes of individually marked species, such as cheetah (Marker, Fabiano and
Nghikembua, 2008), leopard (Funston et al., 2017), possibly spotted hyaena, giraffe (Halloran,
Murdoch and Becker, 2015) and zebra (Lahiri et al., 2011). Also, in contrast to other methods,
camera trapping provides object records, so that observations can be independently verified and

analysed (Caravaggi et al., 2017).

However, camera trap projects tend to amass large numbers of photographs within relatively
short periods of time. For instance, 3.2 million images were collected from 2010-2013 in the
Snapshot Serengeti project (Swanson et al., 2015). The costly and time-consuming processing of
large volumes of photographs has become the limiting factor of this monitoring method (Harris
et al., 2010). One solution involving manual analysis has been the use of crowd-sourcing (Swan-
son et al., 2015). Nevertheless, whether done in-house or outsourced to the crowd, annotating
large sets of images requires large amounts of human labour. Recent developments in computer

vision promise an alternative.

1.3 Computer vision

Computer vision refers to the ability of computers to perform tasks similar to those of the
human visual system. The field of computer vision has seen significant advances in recent years,
particularly since an artificial intelligence approach referred to as deep learning was applied to

the field in 2012 (Krizhevsky, Sutskever and Hinton, 2012).
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Artificial intelligence describes the ability of machines (digital computers) to perform tasks
commonly associated with humans, such as to learn, to understand, to generalise and to reason
(Copeland, 2019). A branch of artificial intelligence called machine learning focuses on the
automated detection of patterns in data (Shalev-Shwartz and Ben-David, 2014). One approach
to machine learning is to let computers learn from experience and make sense of the world
through a hierarchy of concepts—building complicated concepts from simpler ones (Goodfellow,
Bengio and Courville, 2016). A widespread architecture enabling this is the Artificial Neural
Network (ANN), inspired by biological brains (Hassabis et al., 2017). The basic building block of
an ANN, the artificial neuron, loosely models a biological neuron. Each neuron receives inputs,
processes them through a non-linear activation function and generates an output (Aggarwal,
2018). In ANNSs, neurons are arranged into layers, with the neurons from one layer being
connected to neurons in a succeeding layer. Each layer abstracts information from preceding
layers. To perform complex tasks (as is required for instance in computer vision) an ANN consist
of many layers. This depth of layers in ANNs has led to the term deep learning (Goodfellow,
Bengio and Courville, 2016).

Recently, approaches to the visual analysis of camera trap photos using deep learning convo-
lutional neural networks (CNNs) have been introduced (Norouzzadeh et al., 2018; Schneider,
Taylor and Kremer, 2018; Nguyen et al., 2017; Yousif et al., 2019), but various limitations make
them unsuitable for application to the TFCA. Norouzzadeh et al. (2018), using image classifica-
tion, assign a single label to an entire photograph and so only consider photographs containing a
single species. In contrast, Schneider, Taylor and Kremer (2018) use object detection, a method
able to detect and label multiple objects in an image, to recognise several species per photo-
graph. However, to prepare training sets for this approach involves the laborious drawing of
bounding boxes around, and labelling of, objects of interest in hundreds or thousands of images.
Also, specialised computer hardware (a high-end Graphics Processing Unit) or cloud comput-
ing is needed for training object detection models due to the computational expense involved.
Nguyen et al. (2017) propose a two-step process, wildlife detection and wildlife identification,
employing CNN-based image classification models. However, the computational expense of their
approach is also high and newer models have become established since. Yousif et al. (2019) re-
duce computational expense by isolating animals from image backgrounds using background
subtraction. This approach, however, requires that backgrounds remain static between consec-
utive photographs, which is not necessarily the case when time intervals between photographs
are large. There is thus the need for an automated method for the analysis of camera trap
photographs which is computationally inexpensive and requires relatively little manual work,

while being able to deal with multiple species and changing image backgrounds.
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1.4 Problem statement

Wildlife monitoring in the vast and remote Iona Skeleton Coast Trans-Frontier Conservation
Area has been insufficient to date. Therefore, camera traps promise to be a valuable monitor-
ing tool for the TFCA given their versatility and remote operation, but the cost of manually
analysing large numbers photographs is a major limitation. This calls for a practical method
to automatically analyse image content. Methods developed so far are computationally too
expensive, require too much manual pre-processing, focus on single-species photographs or rely
on image backgrounds that are static between consecutive images. A method suited to the
constraints and limitations of camera trapping in the TFCA was lacking. There is further a
need for the systematic use of camera traps as a monitoring tool to replace the ad-hoc nature

of camera trap use in wildlife monitoring often practised in Namibia and elsewhere.

1.5 Aim and objectives

The aim of the study was to investigate the potential of camera traps in combination with

computer vision to monitor the presence of key wildlife species in the TFCA.

The objectives were:

e to develop a computationally inexpensive computer vision method for the automatic recog-

nition of multiple species in camera trap images;

e to apply the method to a pilot study to determine the efficacy of monitoring the presence of
large wildlife species in a wildlife management area in which a camera trap grid is already

in place;

e to develop a set of guidelines for camera trap-based wildlife monitoring in the Iona Skeleton

Coast TFCA, based on the findings of the above two objectives and current literature.

1.6 Thesis outline

This thesis is structured as follows. This Chapter serves as an introduction to the study, giving
some background on the TFCA, its history, the importance of wildlife monitoring in this context,
outlining the current state of camera trapping and computer vision, as well as stating the study

aim and objectives. Chapter 2 describes the study areas as well as the methods relating to the
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computer vision approach developed in this study in detecting animals and recognising species.
Chapter 3 gives examples of the capabilities and limitations of the computer vision method
and reports on its performance in terms of accuracy, precision and recall metrics. Chapter 4
discusses, on the basis of the aforementioned results, the performance, implementation, utility
and application, as well as the strengths and weaknesses of the computer vision method, and
gives suggestions for future work. Chapter 5 provides guidelines and recommendations aimed at
increasing the effectiveness of camera trapping in combination with automated visual processing

for the Iona Skeleton Coast TFCA and similar conservation areas.



Chapter 2

Methods

2.1 Study areas

Two study areas were considered in this project. The study was done for the Iona Skeleton
Coast Trans-Frontier Conservation Area. Therefore its extent, topography, rainfall, community
of large mammals and population distributions are taken into account. However, as camera
traps had not yet been deployed in the TFCA at the time of this study, the Etosha Heights
private game reserve served as a source of photographs on the basis of which to develop and test
the automated recognition system. The community of large mammals in Etosha included the

most prevalent species known to occur in the TFCA.

2.1.1 The Iona Skeleton Coast Trans-Frontier Conservation Area

The Iona Skeleton Coast Trans-Frontier Conservation Area (TFCA) is situated along the coastal
region of south-western Angola and north-western Namibia (Figure 2.1). The TFCA stretches
from 11.72°E to 13.96°E and from 15.21°S to 21.19°S, covering a total area of 47698 km?
(SADC, 2018). The TFCA includes the Namibe Partial Reserve and the Iona National Park in
Angola, as well as the Skeleton Coast Park and a number of adjoining Communal Conservancies

in Namibia.

The area primarily being considered for wildlife monitoring lies in proximity of the Kunene
River which forms the border between the two countries (Figure 2.2). On the Angolan side of
the Kunene, the southernmost part of the Iona National Park extends c. 175 km inland (c.
10 km upriver of the Epupa Falls) up to the boundary of the Namibe and Cunene Provinces of

Angola. On the Namibian side of the Kunene lie the northernmost part of the Skeleton Coast
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ANGOLA

lona National Park
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Figure 2.1: Overview of the two study areas: 1) The Iona Skeleton Coast TFCA comprises the Iona Na-
tional Park in Angola, the Skeleton Coast Park in Namibia, as well as several Communal Conservancies.

2) The Etosha Heights private reserve lies along the southern boundary of the Etosha National Park,

Namibia.
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Figure 2.2: The area along the Kunene River, which forms the national border, is of particular interest

to wildlife monitoring, given the anticipated movement of game from Namibia to Angola.

Park as well as several Communal Conservancies, the latter extending c¢. 190 km inland from

the coast.

Rainfall tends towards zero at the coast and increases sharply towards the east (Huntley, 1974),
the easternmost part of Iona National Park receiving a mean annual rainfall of around 300 mm
(Dean, 2001). The stretch of River from the Kunene mouth until c. 50 km inland is extremely
arid and dominated by gravel plains to the north and sand dunes to the south. Further east,
terrain on both sides of the river becomes mountainous. Aerial photography shows numerous

valleys and ravines containing stands of vegetation (Google Maps, 2018).

The predominant large mammal species known to inhabit the Iona National Park are oryx
Oryx gazella, springbok Antidorcas marsupialis and Hartmann’s mountain zebra Equus zebra
hartmannae and are mostly confined to the plains in the southern part of the Park (Hauptfleisch
and Brown, 2017). These are also among the most well represented mammal species recorded

in game counts for north-western Namibia (NACSO, 2017).
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Figure 2.3: A map of the Etosha Heights private game reserve, showing the location of the camera trap

sites used in this study.

2.1.2 Etosha Heights private game reserve

Situated in northern Namibia, the Etosha Heights private game reserve lies adjacent to the
southern boundary of the Etosha National Park. The reserve is centred on 15.08°E and 19.24°S

and covers an area of 495 km?2.

The area features two major geological substrates, Otavi dolomite and Etosha calcrete. Vege-
tation at Etosha Heights comprises plains of grassland, shrubland and low woodland (”Etosha
plains”), while slightly higher ground is covered with open tree and shrub savanna with inter-
spersed patches of woodland (”Etosha mixed low trees”), whereas dolomite hills are vegetated

with lower and taller trees, shrubs and grasses (Mendelsohn, El Obeid and Roberts, 2000).

The reserve contains several water points for wildlife and supports a diverse community of large
mammals, including, but not restricted to, the large mammal species commonly found in the
TFCA. A map of the Etosha Heights game reserve showing the location of the four camera trap
sites used in this study is given in Figure 2.3. The camera trap sites are described in section

2.24.



CHAPTER 2. METHODS 12

2.2 Computer vision

2.2.1 Constraints

The state-of-the-art methods for the computer vision tasks relevant to this study—object de-
tection and image classification—are deep learning-based (Redmon and Farhadi, 2018; Szegedy
et al., 2015). Deep learning neural networks typically require specialised, high-performance
hardware, usually in the form of a high-end Graphics Processing Unit (Goodfellow, Bengio and
Courville, 2016). Budgetary and organisational constraints of the research project funding this
study did not allow the procurement of a specialised GPU computer, however. Also, funds for
the management of the TFCA are expected to be limited in future. Therefore, an entry-level
laptop (2015 model) equipped with a dual-core 2 GHz CPU (Intel® Core™ i3-5005U) and
8 GB of memory (DDR3 SDRAM) was used for all work (including the training of an image
classification model as well as inference using object detection and image classification models)
as described below. Another constraint was the limited availability of, and capacity to pre-
pare, training images. Given these constraints, a solution was sought which is computationally

lightweight and required relatively small training datasets.

2.2.2 Computer vision models

The automated recognition of species in camera trap photos entailed the use of two computer

vision models used in sequence:

1. An object detector was used to localise objects of interest in photographs and to distinguish
between humans, vehicles and animals. The decision of using an object detector was made
based on preliminary investigations into using only an image classifier to label camera trap
photos by species. This approach showed little promise, particularly when applying image
classification to sites it had not been trained on, matching the findings of Beery, van Horn
and Perona (2018). A lightweight, high-performance object detector, YOLO v3, (Redmon
and Farhadi, 2018)) was chosen. After experimenting with different input resolutions,
the default resolution of 416 x 416 pixels for input images was chosen, as it seemed to
provide the best trade-off between computation time and performance. At this resolution,
computation speed on the hardware used in this study was approximately 2 seconds per

photograph.

2. An image classifier was used to identify by species the animals localised by the object
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detector. The Inception v3 image classification model was selected given its relatively
high performance and speed (Bianco et al., 2018). The default resolution of 299 x 299
pixels for input images was chosen. Computation speed for the image classifier was also

about 2 seconds per photograph.

2.2.3 Process overview

An overview of the process followed in this study is given in Figure 2.4. Four main tasks were
performed, namely, 1) sampling of camera trap photos, 2) manual assessment of species in
camera trap photos, 3) training of the image classifier and 4) inference on the sample of camera

trap photos. The following sections provide descriptions of these tasks.

2.2.4 Sampling

In selecting camera trap sites in the Etosha Heights reserve, a distinction was made between
waterholes and game trails. This was considered important, as higher animal densities were
expected at waterhole sites than at game trail sites, potentially influencing species detection

rates and identification success.

Two waterhole sites, namely ”Bergpos”, ”Bergwater”, and two sites at fence-crossing game
trails, namely, ”Fence near Mopanipos” and ”Fence West 2” were selected (Figures 2.3 and 2.5).
A sequence of 1000 photographs was sampled from each site, resulting in a total sample size of

4000 images. Sequential images were used so that results could be aggregated over time periods.

Three camera models were used across the four sites, differing in image resolutions and aspects
ratios (Table 2.1). Day-time images were captured in colour while night-time images were
captured in greyscale due to the use of infra-red flash. The cameras were motion-triggered by

infra-red sensor.

Table 2.1: Camera trap makes and models, image resolutions, aspect ratios for the four camera trap sites

sampled at the Etosha Heights private reserve.

Site Camera Make and Model Image Resolution Aspect Ratio
Bergpos Spypoint BFS8 3264 x 2448 4:3
Bergwater Moultrie M-880 3840 x 2160 16:9
Fence near Mopanipos Spypoint FORCE 11D 3840 x 2880 4:3

Fence West 2 Spypoint FORCE 11D 2560 x 1920 4:3
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Figure 2.4: Diagram summarising the sampling, manual assessment, training and inferences processes

used in this study.
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(a) Bergpos (b) Bergwater

(¢) Fence near Mopanipos (d) Fence West 2

Figure 2.5: Example images from each of the four camera trap sites used in this study.
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2.2.5 Manual assessment

Species presence was manually assessed for each of the 4000 camera trap photos sampled.
Following this assessment, six object categories were defined, namely humans, vehicles, giraffe,
impala, oryx and zebra. Humans and vehicles were of interest as indicators of anthropogenic
disturbance. Springbok, oryx and zebra are the predominant large mammal species recorded in
the TFCA (Hauptfleisch and Brown, 2017). However, as springbok were not contained in the
sample of camera trap photos, impala were used as a proxy. Giraffe were included given the
focus on giraffe conservation in the area (https://giraffeconservation.org/). Carnivorans (black-
backed jackal Canis mesomelas, brown hyaena Hyaena brunnea and spotted hyaena Crocuta
crocuta) were poorly represented in the sample. Most of the carnivore images were taken at
night, with the subjects poorly lit and blurred. Given this, carnivores were not detected by the
computer vision system. Ostrich Struthio camelus would have been another terrestrial vertebrate

of interest in the TFCA, but were not contained in the images sampled from Etosha Heights.

2.2.6 Training

Object detector

Although inference with the YOLO object detector was feasible on the computer hardware used,
training on this hardware proved to be too slow. Another challenge associated with training an
object detection model is that it requires bounding boxes to be defined for objects found in the
training set—a labour-intensive task. Thus a YOLO (version 3) object detection model which
had already been trained on the Open Images dataset (Kuznetsova et al., 2018) and was available

for download (see Appendix B for URL) was used to localise objects within the photographs.

Image classifier

To distinguish between the four large mammal species on which the study was focused, an image
classifier needed to be retrained for this purpose. For a given set of training images and training

parameters, retraining is essentially a once-off process.

Training a convolutional neural network (CNN) from scratch requires large labelled datasets
and high computational power. In practice therefore, instead of training from scratch, a CNN
pre-trained on a related task is repurposed for the task at hand, a technique known as transfer

learning (Yosinski et al., 2014). Here, an Inception v3 model (Szegedy et al., 2015) trained on
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the ImageNet dataset (Deng et al., 2009) was used as a feature extractor. A softmax classifier
was trained on a suitable dataset (see below) to map the output of the feature extractor to the

mammal species relevant to the study.

To train the image classifier used in this study, the aim was to prepare a set of training im-
ages with at least 1000 images for each of the following large mammal species: giraffe Giraffa
camelopardalis, oryx Oryz gazella, impala Aepyceros melampus and plains zebra Fquus quagga
burchelli. The visual differences between common impala and black-faced impala, as well as
between mountain zebra and plains zebra were considered negligible for the purposes of image
classification. Using conventional search engines, a few thousand images were collected online
for each of these four species. From these collected images, images suitable for training were
manually selected using the following criteria: 1) Only the species corresponding to the object
class in question is present in the image and, 2) the animal is situated in the foreground, oc-
cupying at least a third of the image width and a third of the image height. As the images
were of low resolution, they could be displayed as large ”thumbnails” in a file browser without
losing much visual information. This way, images could be rapidly browsed and unsuitable ones
marked for deletion. This resulted in 1462 images of giraffe, 1223 of impala, 1513 of oryx, and
1093 of zebra, giving a total of 5291 training images for the four species. The images, being
presented in ”thumbnail” size by the search engines, were relatively small. Images ranged in
resolution from 183 x 122 pixels to 474 x 761 pixels. These images were resized (resampled)
to 299 x 299 pixels for input to the image classifier. Training images ranged in file size from
3 kB to 139 kB. The training set was therefore compact, totalling only 111 MB of information.

Examples of training images are given in Figure 2.6.

To investigate the effect of training set size on performance, the image classifier was trained
on each of three sets of images. The first set (A) comprised all training images and amounted
to more than 1000 images per species (see above). The second set (B) comprised subsets of
100 randomly selected images per species. These were then extended to 1000 per species using
data augmentation techniques, involving a random combination of horizontal flipping, cropping,
scaling or brightness variation, and the introduction of Gaussian noise. The third set (C) of
training images comprised the original complete set (A), extended however to 10000 images per

species using the same data augmentation techniques.

The image set used for training was randomly split into 80% training set (used to adjust weights
in the neural network), 10% validation set (used to avoid over-fitting by ensuring that the
accuracy over the training data is matched to the accuracy over the validation data) and 10%

test set (used for testing the final solution to confirm the predictive power of the network). The
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(a) giraffe Giraffa camelopardalis (©) Bernard Dupont
/ CC BY-SA 2.0

4.0

(c) black-faced impala Aepyceros melampus petersi

© Charles J Sharp / CC BY-SA 4.0

(d) Burchell’s zebra Equus quagga burchelli © Gusjer
/ CC BY-2.0

Figure 2.6: Examples of images used to train the image classifier.

following default values were used: a learning rate of 0.01 and training and validation batch

sizes of 100 images each.

The Tensorflow (version 1.13.1) open source machine learning platform was used in combination
with a freely available Python script for image classifier retraining (see Appendix B for URL of
script). Some 4000 training iterations were performed on the model at which point accuracy
and cross-entropy did not further improve. Retraining the image classifier took approximately

one hour on the entry-level laptop used (see section 2.2.1).
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2.2.7 Inference

Step 1: Object detection

The object detection model was run using the inference module contained in the OpenCV library
(Bradski, 2000). This library was specifically chosen for its speed. Being nine times faster than
its contester (Nayak, 2018), it made object detection on a CPU viable for this study. Input
images were resized (resampled) to 416 x 416 pixels. This resolution has been regarded as being
a good trade-off between performance and processing time (Redmon and Farhadi, 2018), though
different resolutions (multiples of 32) would be possible. Output confidence thresholds were set
at 0.25, 0.05 and 0.00. These low confidence thresholds were chosen given that the YOLO v3
object detection model generates comparatively few false positives (Redmon and Farhadi, 2018).
The non-maximum suppression threshold was kept at 0.4 in all cases (Nayak, 2018). The object
detector, applied to the Etosha Heights camera trap sample, localised objects in the photographs,

outputting corresponding bounding box coordinates for these objects.

The bounding boxes varied greatly in their aspect ratios, particularly for those cases in which
only parts of an object had been captured in the photograph. The boxes were thus reshaped to
correspond to the aspect ratios of the parent image (4:3 or 16:9) while retaining the centre of
the bounding box. The sub-images defined by the resulting boxes thus did not have to undergo
excessive distortion to fulfil the requirement of square input images for the image classifier.
The sub-images were saved into different folders, depending on whether they were classified as

human, vehicle, or animal. All of these processes were automated by Python script.

Step 2: Image classification

The retrained image classifier (see section 2.2.6) was used to distinguish between the four large
mammal species of interest to this study. The sub-images of animals generated in Step 1 (object
detection, see above) were input to the retrained image classification model (refer to section
2.2.6) at an input resolution of 299 x 299 pixels (Abadi et al., 2017). Upon classification,
the sub-images were automatically moved into different folders, each folder corresponding to a
species. As a side-effect, this grouping of object classes and species by folder facilitates relatively

easy manual verification.

Lastly, the classified sub-images were related back to the original camera trap photographs,
resulting in an automated labelling of the photographs by object class (humans, vehicles and

large mammal species). The file names of the camera trap images, together with the labels,
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were stored in a CSV file. These tasks were also automated by Python script.

2.2.8 Evaluation

For each of the 4000 camera trap photographs in the sample, the computer inferred presence
or absence of an object class was compared to the manually observed presence or absence of
that object class. In this way, the computer inference for each photograph and object class
was established as true positive (TP), true negative (TN), false positive (FP) and false negative
(FN).

The following performance metrics were calculated:

) B TP+ TN
CUreY = TP X TN + FP+ FN
TP
N=_— "
Recall = 5N
b TP
recitsion = TP + FP

Accuracy indicates the fraction of correctly labelled photographs (including true negatives)
with respect to an object class. Recall, sometimes also referred to as Sensitivity, indicates the
fraction of photographs actually containing relevant objects that are found. Precision expresses

the fraction of photographs said to contain relevant objects that actually do.

Calculation of these metrics was done by main object class (human, vehicle, animal), by species
(giraffe, impala, oryx and zebra), by camera trap site and by day versus night. Species other

than these four were excluded in the evaluation of species recognition performance.

For each of the four study species, the number of photographs was aggregated by hour of the day.
This was done for both manually labelled and automatically labelled photographs to investigate

possible correlations with known activity levels.
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Results

3.1 Inference

Example photographs from each of the four the camera trap sites investigated are shown in
Figures 3.1, 3.2, 3.3 and 3.4, together with the inferences (predictions) on species presence made
by the computer vision system. Some of the abilities and shortcomings of the method are thereby

illustrated.

Figure 3.1 shows a photograph taken at the Bergpos camera trap site. Two of the five zebra
contained in the photograph were detected, as was the only giraffe, which was backlit. The
three zebra not detected illustrate that the object detector in some cases fails to detect relevant
objects that are obvious to the eye. Although not all animals in the photograph were detected,
both species present were. They were also correctly classified, resulting in the correct labelling
of the photograph by species. The water reservoir and drinking trough seen in the photograph
were detected in some of the photographs from the Bergpos site. In those cases however, they

were invariably classified as inanimate objects by the object detector.

Figure 3.2 shows a photograph taken at the Bergwater camera trap site. Four impala are present
in the photograph of which two were detected and correctly classified. Detection of two of the
four individuals was sufficient to ensure inference in terms of species presence in the photograph

was correct.

Figure 3.3 shows a photograph taken at night at the Fence West 2 camera trap site. The giraffe
on the right was automatically detected while the giraffe on the left, apparent to the eye, was
not. Detecting one animal of the species present in the photograph and classifying it correctly

was, however, sufficient to label the photograph correctly.

21
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Figure 3.4 shows a photograph taken at the Fence near Mopanipos camera trap site. Backlit
photographs such as this can make detection and classification more challenging, although the
method did succeed in this case. This illustrates that the method in some cases is able to work

in poorly exposed, low contrast photographs.

3.2 Object detection

Object detection, the first step in the inference process, yielded 2968 objects at the default
detection threshold of 0.25, and 3371 objects at detection thresholds of 0.05 and 0.00 in the
4000 camera trap photographs analysed in this study. Given that the sensitivity of the object
detector did not increase when the detection threshold was set below 0.05, the dataset was

further analysed with the threshold set at 0.05.

The object detector placed the 3371 objects detected in 4000 photographs into nine different
classes out of a possible 600 found in the Openlmages dataset. For the purposes of this study,

these nine classes were related to four broad categories as follows:

1. Three classes (“Person”, “Human face”, “Personal care”, the latter including sunglasses)

were related to humans,
2. two classes (“Vehicle” and “Wheel”) were related to vehicles,
3. one class (“Animal”) was related to animals and

4. three miscellaneous classes were related to some inanimate objects.

The classification of photographs into positives and negatives for each of three categories (”Hu-
man”, ”Vehicle” and ” Animal”), together with the performance metrics, is summarised in Table

3.1.

3.2.1 Humans and vehicles

The presence of humans and vehicles in the camera trap photographs was due to staff servicing
camera traps. Humans were correctly detected in 8 out of 11 photographs in which they oc-
curred, remaining undetected in 3 photographs. They were falsely detected in 48 photographs.
The high proportion of true positives, low proportion of false negatives and high proportion of

false positives led to a moderately high recall rate (72.7%), but low precision (14.3%). In many
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(b) zebra localised and identified (¢) giraffe localised and identified

Figure 8.1: An example of zebra and giraffe identified in a photograph from the Bergpos camera trap site.
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(b) impala localised and identified (¢) tmpala localised and identified

Figure 3.2: An example of impala identified in a photograph taken at the Bergwater camera trap site.
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08/05/2018 21:37

(a) entire photograph

(b) giraffe localised and identified

Figure 3.3: An example of giraffe identified in a night-time photograph taken at the Fence West 2 camera

trap site.
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08/24/2019 16:53

(a) entire photograph

(b) oryz localised and identified

Figure 3.4: An example of oryz identified in a photograph taken at the Fence mear Mopanipos camera

trap site.
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cases, these false positives were images of the front or rear of animals, the silhouettes of which
more closely resemble a human silhouette than lateral views of animals. Vehicles were correctly
detected in 22 out of 24 photographs in which they occurred, remaining undetected in 2 pho-
tographs. They were falsely detected in 28 photographs. The high proportion of true positives,
low proportion of false negatives and high proportion of false positives led to a high recall rate
(91.7%), but moderate precision (44.0%). The large proportion of true negatives (photographs
correctly labelled as not containing the object class in question) for humans and vehicles resulted

in high accuracies for both these object classes (98.7% and 99.3%, respectively).

3.2.2 Animals

Animals were correctly detected in 1944 out of 3290 photographs in which they occurred,
remaining undetected in 1346 photographs. Notably, there were no false positive detections of
animals. The moderate proportions of true positives and false negatives and the lack of false
positives led to a moderate recall rate (59.1%), but perfect precision (100%). The sizeable
proportion of false negatives for animals resulted in an accuracy of only 66.3% for this object
class. The Openlmages dataset (Kuznetsova et al., 2018) contained at least 34 object classes
related to animals. Of these, 29 were mammal species and the rest were generalised groupings
such as "Mammal”, ” Carnivore” and ” Animal”. Among the mammal species were some also
contained in the Etosha Heights dataset, notably ” Giraffe” and ”Zebra”. However, all detected
animals were merely classed as “Animal”. As described in the Methods chapter, an image

classifier was thus used to distinguish between the four large mammal species of interest.

3.2.3 Other

A total of 30 objects were assigned to three miscellaneous classes, the majority of these (28)
correctly (true positives) in that they did not belong to any of the other three categories, being
of the water storage tank at Bergpos waterhole, and the minority (2) incorrectly (false positives,

low quality nighttime images of the front and rear of a rhino).
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Table 3.1: The number of true positives (TP), true negatives (TN), false positives (FP), false negatives
(FN), recall, precision and accuracy for human-related and animal classes as distinguished by the object

detection model.

Classes TP TN FP  FN Precision Recall Accuracy

human 8 3941 48 3 0.143 0.727 0.987
vehicle 22 3948 28 2 0.440 0.917 0.993
animal 1944 710 0 1346 1.000 0.591 0.663

Table 3.2: The number of true positives (TP), true negatives (TN), false positives (FP), false negatives
(FN), recall, precision and accuracy for four large mammal species generated on the basis of three training
sets. Set A comprised just over 1000 images per species, set B comprised 100 original images per class,
extended to 1000 by data augmentation, and set C comprised set A extended to 10000 images per class

by data augmentation.

Training set ~ TP TN FP FN Precision Recall Accuracy

A 1112 14002 37 849 0.968  0.567 0.945
B 463 13153 886 1498 0.343  0.236 0.851
C 1091 13989 50 870 0.956  0.556 0.943

3.3 Classifying large mammals by species

3.3.1 Size of training set

The overall performance of the image classifier varied greatly depending on the size of the training
set. When the image classifier had been trained on set A (comprising all original training images,
more than 1000 per class and 5291 in total), moderate recall (56.7%), high precision (96.8%)
and high accuracy (94.5%) were achieved in labelling photographs by species. When the image
classifier had been trained on set B (comprising 100 original images per class, extended to 1000
by data augmentation), low recall (23.6%), low precision (34.3%) and relatively low accuracy
(85.1%) were achieved. When the image classifier had been trained on set C (set A extended to
10000 images per class by data augmentation), slightly lower recall (55.6%), precision (95.6%)
and accuracy (94.3%) were achieved than with training set A. The performance results based

on the three training sets are summarised in Table 3.2.

Further analysis was done on the basis of the image classifier having been trained on set A, as

this had achieved the best performance.
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Table 3.3: The number of true positives (TP), true negatives (TN), false positives (FP), false negatives

(FN), recall, precision and accuracy for four large mammal species.

Species TP TN FP FN Precision Recall Accuracy

giraffe 133 3714 14 139 0.905 0.489 0.962
impala 69 3859 6 66 0.920 0.511 0.982
oTyX 595 3108 17 280 0.972  0.680 0.926
zebra 315 3321 0 364 1.000 0.464 0.909
overall 1112 14002 37 849 0.968  0.567 0.945

3.3.2 Performance by species

With training set A producing the highest overall metrics for the classification, both accuracy
and precision for all four species were above 90% (Table 3.3) while the recall rates ranged from
46.4 to 68.0%. Precision was highest for zebra (100%) and lowest for giraffe (90.5%); recall was
highest for oryx and lowest for giraffe. Taking into account both recall and precision, the best

overall performance was achieved for oryx.

3.3.3 Performance by site

Overall recall rates were moderate, ranging from 44.5% to 61.7% between sites (Table 3.4).
Thus for all sites, species were located in roughly half of the photographs in which the species
were actually present. Overall precision was high, ranging from 91.2% to 98.1% between sites.

Overall accuracy ranged from 91.1% to 97.3% between sites.

The two sites located at point features (i.e. waterholes) had an overall recall rate of 56.3%,
a precision of 97.4% and an accuracy of 92.6%. The two sites located along linear features
(i.e. game trails crossing fence lines) had an overall recall rate of 51.5%, precision of 91.2% and

accuracy of 97.3% (see Table 3.5).

3.3.4 Performance by day and night

Overall recall rates were substantially higher during the day (64.4%) than at night (30.6%, Table
3.6). Similarly, overall precision was marginally higher during the day (97.4%) than at night
(91.2%). This difference is mainly attributed to the difference found in oryx; precision in zebra
remained 100% during both day and night. Accuracy barely differed between day (94.5%) and

night (94.4%) which is attributable to the high proportion of true negatives in both cases.
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Table 3.4: The number of true positives (TP), true negatives (TN), false positives (FP), false negatives

FN), recall, precision and accuracy for four large mammal species by camera trap site.
, Y 9 Y

(a) Bergpos

Classes TP TN FP FN Precision Recall Accuracy

giraffe 11 957 1 31 0.917  0.262 0.968
impala 28 960 1 11 0.966 0.718 0.988
oryXx 92 800 7 101 0.929 0477 0.892
zebra 52 863 0 85 1.000  0.380 0.915
overall 183 3580 9 228 0.953  0.445 0.941

(b) Berqwater

Classes TP TN FP FN Precision Recall Accuracy

giraffe 71 862 9 58 0.887  0.550 0.933
impala 12 939 2 47 0.857  0.203 0.951
oTyX 308 592 0 100 1.000  0.755 0.900
zebra 163 698 0 139 1.000  0.540 0.861
overall 554 3091 11 344 0.981 0.617 0.911

(c) Fence West 2

Classes TP TN FP FN Precision Recall Accuracy

giraffe 22 954 1 23 0.957  0.489 0.976
impala 29 961 2 8 0.935 0.784 0.990
oryx 136 814 4 46 0.971  0.747 0.950
zebra 85 812 0 103 1.000  0.452 0.897
overall 272 3541 7 180 0.975  0.602 0.953

(d) Fence near Mopanipos

Classes TP TN FP FN Precision Recall Accuracy

giraffe 29 941 3 27 0.906  0.518 0.970
impala 0 999 1 0 0.000 nan 0.999
oryXx 59 902 6 33 0.908 0.641 0.961
zebra 15 948 0 37 1.000 0.288 0.963

overall 103 3790 10 97 0.912  0.515 0.973
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Table 3.5: The number of true positives (TP), true negatives (TN), false positives (FP), false negatives

(FN), recall, precision and accuracy for four large mammal species by site type.

(a) Camera trap sites situated at point features

Classes TP TN FP FN Precision Recall Accuracy

giraffe 82 1819 10 &9 0.891  0.480 0.951
impala 40 1899 3 58 0.930 0.408 0.970
oryx 400 1392 7 201 0.983  0.666 0.896
zebra 215 1561 0 224 1.000  0.490 0.888
overall 737 6671 20 572 0.974 0.563 0.926

(b) Camera trap sites situated at linear features

Classes TP TN FP FN Precision Recall Accuracy

giraffe 29 941 3 27 0.906  0.518 0.970
impala 0 999 1 0 0.000 nan 0.999
oryx 59 902 6 33 0.908 0.641 0.961
zebra 15 948 0 37 1.000  0.288 0.963
overall 103 3790 10 97 0.912 0.515 0.973

Table 3.6: The number of true positives (TP), true negatives (TN), false positives (FP), false negatives

(FN), recall, precision and accuracy for four large mammal species by day and night.

(a) day-time

Classes TP TN FP FN Precision Recall Accuracy

giraffe 106 2344 13 109 0.891  0.493 0.953
impala 67 2437 3 65 0.957  0.508 0.974
oryx 79 1779 11 203 0.981  0.740 0.917
zebra 223 2188 0 161 1.000 0.581 0.937
overall 975 8748 27 538 0.973  0.644 0.945

(b) night-time

Classes TP TN FP FN Precision Recall Accuracy

giraffe 27 1370 1 30 0.964 0474 0.978
impala 2 1422 3 1 0.400  0.667 0.997
oryx 16 1329 6 77 0.727  0.172 0.942
zebra 92 1133 0 203 1.000 0.312 0.858

overall 137 5254 10 311 0.932  0.306 0.944
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Figure 3.5: Number of giraffe photographs for each hour of the day across all sites, as established by

observation (ground truth) and prediction (inference).

3.4 Diel patterns

Figures 3.5, 3.6, 3.7 and 3.8 show the number of photographs by hour of the day predicted (by

computer) as well as observed (manually) to contain each of the four large mammal species.

For all four species, prediction (inference) roughly tracks observation (ground truth). For giraffe
(observed in 272 photographs, predicted in 147, see Table 3.3), there is a peak around 10:00
which trails down to around 21:00, with few predictions as well as observations outside of this
time. For impala (observed in 135 photographs, predicted in 75), the photographs are mostly
limited to day-time, with a peak around noon. A similar pattern is evident in oryx (observed in
875 photographs, predicted in 612), whereas for zebra (observed in 679 photographs, predicted

in 315) several frequency clusters are spread around the clock.
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Figure 3.6: Number of impala photographs for each hour of the day across all sites, as established by

observation (ground truth) and prediction (inference).
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Figure 3.7: Number of oryx photographs for each hour of the day across all sites, as established by

observation (ground truth) and prediction (inference).
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Figure 3.8: Number of zebra photographs for each hour of the day across all sites, as established by

observation (ground truth) and prediction (inference).



Chapter 4

Discussion

Camera trapping could play an important role in monitoring wildlife in the Iona Skeleton Coast
Trans-Frontier Conservation Area. However, the large numbers of photographs produced by
camera traps (Swanson et al., 2015) present a major problem in terms of time and cost spent on
their analysis (Harris et al., 2010). This calls for automation. Deep learning-based approaches
typically require significant amounts of computer processing power as well as manual preparatory
work (Chetlur et al., 2014). These requirements arguably place the automated visual analysis of
photos beyond the reach of many camera trap projects, including the one for which this study
was done. The lack of a suitable method for automated image analysis led to the development of
a new method in this study. The method detects humans, vehicles, and animals and distinguishes
between four large mammal species. It is computationally lightweight and requires relatively
few training data. It makes use of modular components, which are easily repurposed for the
task at hand. Moreover, the results contrast with the findings of Beery, van Horn and Perona
(2018) that trained classifiers do not generalise well to new locations, as in this study the system
was trained on images from one source (online search engine results) and successfully applied to

images from another (photos from a camera trap project).

4.1 Performance

Different performance metrics quantify different attributes of machine learning algorithms and
the evaluation of algorithms on the basis of different measures is a matter of continued debate

(Sokolova, Japkowicz and Szpakowicz, 2006).

Accuracy is perhaps the most intuitive and hence widely used metric (Sokolova, Japkowicz and

Szpakowicz, 2006). It is simply the fraction of correct predictions (Goodfellow, Bengio and

35
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Courville, 2016). The accuracy metric is skewed when there is an imbalance between positives
and negatives and therefore higher accuracy does not necessarily indicate better performance of
an algorithm (Sokolova, Japkowicz and Szpakowicz, 2006). In this study for instance, accuracy is
inflated for those object classes for which there are a high proportion of true negatives (humans,

vehicles, giraffe, impala, oryx and zebra, see Tables 3.1 and 3.3).

Recall is the fraction of true cases that were detected (Powers, 2011). As recall is penalised by
false negatives, it is a suitable measure when the detection of rare events is important (Goodfel-
low, Bengio and Courville, 2016). For instance in this study, few photographs contained humans
and vehicles. Given that the presence of humans or vehicles can be important information in
terms of recording anthropogenic disturbance, missing them could be a costly mistake. Recall
is therefore thought to be a good indicator of performance for the human and vehicle classes in

this study.

Precision is the fraction of detections that are true cases (Powers, 2011). Precision, which is
penalised by false positives, is a useful metric when false positives are undesirable (Goodfellow,
Bengio and Courville, 2016). In this study, there are a large number of photographs containing
animals. False positives in this case would be undesirable because the large number of positives
would need to be checked manually to see if they truly contain animals or not. Precision is

therefore thought to be a good indicator of performance for the animal class in this study.

4.1.1 Humans and vehicles

Given the small number of photographs containing humans and vehicles, and the fact that
vehicles can be seen as an indicator of human presence, these two categories are combined

below.

The high recall rate, reflecting proportionally few false negatives, indicates that human-related
objects were detected in the large majority of photographs in which they actually occurred,
suggesting that the method is very sensitive to detecting human presence. The high proportion
of false positives for these two categories, however, means that photographs labelled as containing
these categories would need to be checked manually. Manual validation should be reasonably
unproblematic as long as the absolute number of photographs to be checked remains relatively
small. In this study, 76 out of 4000 photographs (less than 2%) were falsely labelled as containing
humans and vehicles. To reduce the number of photographs to be inspected manually, those
predicted as containing humans and vehicles and taken during known times of camera servicing

could be automatically excluded from the set of photographs which need to be checked manually.
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An approach such as this would be congruent with the suggestions of Harris et al. (2010) to

streamline and standardise the processing of camera trap data.

The results for the human and vehicles classes need to be considered with caution however, as
sample sizes for both classes were small; humans were present in only 11 photographs and vehicles
in 24. Also, humans and vehicles captured in the photographs were related to the servicing of
camera traps. Some of the photographs thus contained persons close to the cameras, possibly

influencing detection and classification rates, though vehicles were generally further away.

4.1.2 Animals

The performance achieved in this study cannot be compared directly to other studies because
image sets differed. However, the focus of this study was to develop and test an automated
method for a specific use case rather than benchmark the performance of the method against
others using a standard dataset. Performance can be expected to be influenced by a number
of factors, as discussed in section 4.1.3. The study by Schneider, Taylor and Kremer (2018),
discussed below, exemplifies how performance can differ between image sets. With this in mind,

performance of the method is related to four recent studies (section 1.3).

Accuracy in detecting images that contain animals is lower in this study (66.3%) than in other
studies. While this may be due to simpler models, fewer training data and different datasets,
accuracy in this study also may have been negatively affected by the relatively small proportion
of true negatives (17.8%) in the sample. Norouzzadeh et al. (2018) achieved 96.6% on a set of
photos half of which contained animals and half of which did not, while Nguyen et al. (2017)

also achieved an accuracy of 96.6% based on a slightly imbalanced dataset (31% true negatives).

Although animals were detected in only 59.1% of photographs in which they occurred (recall),
the visit of a species to a camera trap site in many cases resulted in several photographs being
taken. Though not empirically quantified in this study, the probability that the species is
detected in at least one photograph should increase as the number of photographs taken per
visit increases. Establishing empirical values for the detection probability per species visit would

be desirable and is something to consider in future work.

Notably, precision in detecting animals was 100%. In other words, although animals were not
detected in every photograph in which they occurred, if the system claimed there was an animal
present, this was correct. Such perfect precision has value in applications where one would want

little doubt that positives are true.
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In comparison, Yousif et al. (2019) report a recall rate of 73.1% and a precision of 83.6% in
distinguish between background, animals / humans by using background subtraction on datasets
that contained between 3 and 10 images per trigger event. In the preliminary investigations to
this study, background subtraction was briefly considered, albeit in a more naive way than Yousif
et al. (2019), and it was found that the backgrounds changed considerably in the Etosha Heights
image set. Given that in many cases minutes or hours passed between consecutive photographs
in the image set, lighting changed and shadows moved, as did the picture frame (cameras were
evidently not fixed to structures sufficiently rigid to prevent camera movement). This method

was therefore not further investigated.

In terms of distinguishing between species, the accuracy attained in this study (94.5%) was
similar to those in other studies. Norouzzadeh et al. (2018) report an accuracy of 94.9% in
identifying animal species in the Snapshot Serengeti dataset (Swanson et al., 2015). Importantly
though, their accuracy is based 48 species as opposed to only four in this study. Performance
can be expected to drop as the number of classes increases. This is seen, for instance, in the
study done by Nguyen et al. (2017): in distinguishing between animal species they achieved an
accuracy of 90.4% for three species and 84.4% for six species. How performance can vary not
just between models, but also between datasets, is illustrated by Schneider, Taylor and Kremer
(2018). They obtained accuracies of 93.0% and 76.7% on the Reconyx Camera Trap and Gold
Standard Snapshot Serengeti (Swanson et al., 2015) datasets, respectively, using the Faster R-
CNN (Ren et al., 2017) object detection model and 73.0% and 40.3%, respectively, using the
YOLO (version 2) object detection model (Redmon et al., 2016). To discount the deleterious
effect of small objects on performance, Schneider, Taylor and Kremer (2018) removed from the

dataset bounding boxes containing less than 750 pixels.

Performance of the recognition system with regard to the four mammal species varied to some
degree between species as well as between sites (Table 3.3 and 3.4), illustrating performance
over a range of conditions. Several confounding factors could have led to these differences. For
one, the number of true occurrences (the sum of the predicted true positives and false negatives)
of a species in the sample of photographs varied greatly between impala (135 photographs)
and oryx (875 photographs), thus the recall rate (which is based on true positives and false
negatives) is probably more representative for oryx than it is for impala. Similarly, the number
of positives, on which the precision metric is based, varied between species. Other confounding
factors could be the distance between camera and animal, the proportion of photographs taken
during daylight, the type of camera, camera setup, and camera settings, and features specific
to a site (e.g. area captured, terrain and vegetation density). Given the numerous confounding

factors, comparisons between species and sites cannot be conclusive. Firmer conclusions may
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be drawn only from larger sample sizes taken from a wider range of sites. Large projects such

as Snapshot Serengeti (Swanson et al., 2015) may be more suitable in this regard.

Even if one bears in mind the possible influence of the above-mentioned confounding factors,
there are still some results which stand out. For one, the perfect precision of the image classifier
in recognising zebra may indicate that their distinct, striped pelage is a visual characteristic
which may favour image classification performance. This is in agreement with the work of Miao
et al. (2019) which suggests that the visual features that humans use to identify species are in
some cases similar to those used by CNNs. Although the highest recall rate was obtained for
oryx, there is significant variation between sites as well as between day and night, suggesting that
confounding factors play a substantial role. Further, there is some indication that camera traps
situated at waterholes may result in better performance (recall 56.3%, precision 97.4%) than
camera traps situated along game trails (recall 51.5%, precision 91.2%, Table 3.5), although these
differences are relatively small. The better performance at waterholes than along game trails
might be due higher animal density, and therefore more animals being captured per photograph
at the former, which would result in a higher likelihood of a species being detected. Lastly, the
recognition system performed better during day-time than during night-time. The difference
between day and night is substantial in terms of recall (64.4% and 30.6%, respectively, see Table
3.6), while precision was also somewhat higher during the day (97.3%) than at night (93.2%).

The diel patterns illustrated in section 3.4 suggest two things: Firstly, the predicted number of
photographs per hour and species is a rough index of the observed number of photographs per
hour and species. Secondly, the numbers of predicted and observed photographs for each species

and hour of the day broadly match published activity levels, as discussed in the following.

Most of the photographs of giraffe were taken during daylight hours, with the frequency de-
creasing after nightfall and reaching very low levels during the early hours of the morning.
Correspondingly, giraffe are mainly diurnal (Skinner and Chimimba, 2005). While they do show
some night time activity (Skinner and Chimimba, 2005), giraffes lie down for part of the night;
the lying frequency increases (meaning movement decreases) through the night and peaks (move-
ment is lowest) in the early hours of the morning (Estes, 1991). Most records of impala are from
day-time and only few from night-time. This corresponds to impala being primarily diurnal
(Estes, 1991). While showing some night time activity (Skinner and Chimimba, 2005), they
spend most of the night lying down (Estes, 1991). Almost all photographs of oryx were taken
between daybreak until just past midnight, with most photographs restricted to the daylight
hours. Oryx have been observed to become active shortly after daybreak, exhibiting polyphasic

activity until c. 02:00, after which they lie down to rest (Walther, 1978). For zebra, photographs
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are spread more evenly throughout the day and night, but do show a number of frequency clus-
ters throughout the daily cycle. Mountain zebra have three diel grazing periods, early, middle
and late in the day, with some feeding concluded to occur also at night (Estes, 1991) and drink
at any time of day where undisturbed (Skinner and Chimimba, 2005). Plains zebra are mostly

active during the day, but also exhibit some night time activity (Estes, 1991).

Sample sizes would need to be increased to see if diel patterns emerge more clearly. Also, there
was no differentiating between behavioural modes (drinking, feeding, moving). Photograph
frequency matched known activity levels less clearly for zebra than for the other species. Results
may have be confounded given that both mountain and plains zebra were lumped together in

the analysis.

Rowrcliffe et al. (2014) proposed a method by which activity levels for a number of mammal
species can be reliably estimated based on the frequency of photographs. For ethological studies
on the species considered in this study, it may thus be worthwhile to further explore the merit
of using camera traps, and the automated species recognition method developed in this study,
in quantifying activity levels. This may be conservation-relevant, given that Caravaggi et al.

(2017) point out that a shift in activity patterns could indicate environmental changes.

Also, the aggregation of results by time period could be further explored. What can be done by
aggregating results by hour of the day to reveal diel patterns, could be done by day, season, and
year, to investigate seasonal or inter-annual trends and correlations with potential drivers such
as rainfall and the availability of water and food (Young et al., 2020). Also, the relationship
between photographs taken at waterhole sites and the degree of water dependence of different
species could be investigated (Hayward and Hayward, 2012). Any patterns that emerge would
need to be treated with caution however, given that other confounding factors may influence

the number of photographs taken.

4.1.3 Factors influencing performance

Computer vision performance can be expected to vary considerably between—as well as within—
studies, given different mammal communities, sites, camera equipment and settings. Some of

these factors are further discussed below.

The mammal community of a given study may influence recognition performance as different
species have different degrees of visual distinction (Miao et al., 2019) and exhibit different
behaviours (Harmsen et al., 2010), both in terms of time spent within the capture area of the

camera and in terms of their diel activity patterns. The study focused on only four large mammal
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species, each of which is visually very different from the others. The high precision rates found
in this study is presumably due to these pronounced visual distinctions. During preliminary
investigations (the results of which were not quantified), there was a tendency for the system
to more readily mistake one similar looking species for another (e.g. impala for kudu and vice
versa). These mistakes seemed to occur more often when animals were photographed in low-light

or backlit conditions.

The distance between camera and subject is likely to be another factor influencing recognition
performance. The object detection model seemed to detect animals in the foreground at a higher

rate than animals in the background, presumably due to object size (Huang et al., 2017).

Image quality can vary between camera makes and models (Rovero et al., 2013) and low image
quality has been shown to have a detrimental effect on the performance of neural networks
(Grm et al., 2018). In this study, differences in image quality between photographs from the
different sites are apparent, presumably attributable to different camera models and settings.
This is clearly visible when sub-images generated in the object detection process are magnified,
see for example Figure 3.2b. Textures then appear smudged, presumably due to a relatively
high degree of "lossy” compression (Wallace, 1992). This loss of visual information can be
expected to have a negative effect on the recognition system. Although it is not apparent that
the method performed more poorly for the sites with lower quality images, this would need to
be investigated more rigorously over a greater number of sites. Interestingly, Snapshot Serengeti
photos (Swanson et al., 2015) are of relatively low resolution, but have high image quality (few
noticeable image compression artefacts) compared to the photos used in this study. High image
quality is probably more important than image resolution, given that the models accept only low-
resolution images as input. Low light levels may be another factor affecting image performance.

Images from the sample that were taken under low-light conditions were blurred in many cases.

Lastly, training set size is known to significantly influence the performance of neural networks
in classifying images (Foody, McCulloch and Yates, 1995). The results (section 3.3.1) show
that using only 100 training images per object class, even when these are extended to 1000
images by data augmentation (training set B), was insufficient for the task at hand. Given that
images suitable for training can be in short supply and preparing a training set may be tedious
(Schneider, Taylor and Kremer, 2018), it would have been useful if a small training set such as
this would have yielded an acceptable level of performance. While this was not the case, using
just over 1000 training images per class (training set A) resulted in acceptable performance,
whereas extending the training set to 10000 images per class by data augmentation (training

set C) showed no additional benefit. Nonetheless, more careful consideration of augmentation
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techniques, with a possible focus on geometric augmentation (Taylor and Nitschke, 2017) may

be worth investigating.

In comparison to the to 5291 training images (set A) in this study, the training set used by
Norouzzadeh et al. (2018) was massive, containing 1.4 million images; the accuracies obtained
in classifying 48 species were correspondingly high. Nguyen et al. (2017) reported using 35 629
images used for training and 8 907 for validation, also achieving high accuracies, but for a smaller
number of species than Norouzzadeh et al. (2018). Schneider, Taylor and Kremer (2018), on
the other hand, used small training datasets sourced from 946 images of 20 species and 4432
images of 48 species, attributing the relatively poor performance of the YOLO object detector

to limited training data.

4.2 Implementation

Neural network implementations are in most cases based on graphics processing units (GPUs),
specialised hardware originally designed for graphics applications (Goodfellow, Bengio and
Courville, 2016). Due to financial constraints in this study, the necessity of a (costly, high-
end) GPU was avoided by choosing lightweight approaches and components (section 2.2). Only
an entry-level personal computer was therefore required. All software used was open-source
and freely available. The YOLO v3 object detector (Redmon and Farhadi, 2018) was available
pre-trained and thus ready to use. The Inception v3 image classifier (Szegedy et al., 2015)
was retrained, by transfer learning, with relatively little computational effort, on the four large
mammal species of interest. Code examples provided for the deep learning framework (Abadi
et al., 2017) and computer vision library (Bradski, 2000) could be used—with some adaptation
necessary to suit the task at hand (see Appendix B for URLs of the most important resources
used in this study). What was developed in this study can be seen as a proof-of-concept, how-
ever, and further work would be required to produce a user-friendly software package that would

eliminate the need for any coding by the end user.

4.3 Utility and application

Camera traps have been applied to a variety of tasks, including compiling species inventories
(Burton et al., 2015), mapping species distributions, documenting species movement (Ford,
Clevenger and Bennett, 2009), estimating population densities—although these are subject to

important assumptions and limitations (Karanth, Nichols and Kumar, 2011; O’Brien, 2011),
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collecting behavioural data (Caravaggi et al., 2017), monitoring anthropogenic disturbance to
species (Carter et al., 2012), and detecting rare and elusive species, which are in many cases noc-
turnal or crepuscular (Burton et al., 2015). Further, Meek et al. (2014) mention the importance
of exploratory studies as a precursor to focused ones in which specific research or management

questions are addressed.

The computer vision method proposed here has the potential to assist to some degree in most of
these tasks, by filtering out photographs that contain animals, detecting the presence of humans
and vehicles, classifying the predominant large mammals by species, or a combination of these.
The suitability of the method depends on the objectives of the particular study in question and

on its permissible tolerances of false predictions.

For many applications, it could serve at least as a preliminary classification of photographs,
which then could be verified and corrected manually. Such manual correction and validation

would arguably be a far lesser task than classifying from scratch.

False negatives can be compensated for to a large degree simply by analysing more photos,
which might mean setting cameras to record multiple frames per trigger event or having the
cameras record over longer periods of time. It is worth emphasising that false negatives merely
lower an already imperfect detection rate. Camera detection rates are always less than 1 (Kéry,
2011), and can vary greatly between camera models (Hughson, Darby and Dungan, 2010). The
larger the number of photographs containing a certain species, the higher the probability that

the species will be detected in at least one of them.

Some inference errors could be revealed by screening photograph labels for occurrences which
are irregular or unexpected for a specific locality, time of day or season. Also, the following
technique could be used to find animals classified falsely by species: Because the system groups
sub-images of the different object classes by folder, e.g. sub-images inferred to contain oryx
are grouped into one folder, sub-images inferred to contain zebra in another, and so on, errors
can easily be picked up by eye when the sub-images are displayed as an array of small preview
images (”thumbnails”). This works because the objects of interest, having been localised by the
object detector, fill the frames of the sub-images (see the sub-images displayed in Figures 3.1
through 3.4). Thus the objects are still clearly recognisable when the sub-images are displayed
as thumbnails. Objects that were not detected by the object detector will of course not be

included in the sub-images, making this technique unsuitable for finding non-detections.

The detection of rare species remains a challenge, however. Until improvements at the computer

vision level are achieved, modifications to sampling must be undertaken at the camera trap level.
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To increase the chance of capturing rare animals, camera traps could be placed at attractants,
e.g. bait lures in the case of carnivores, and sampling effort could be increased. If the species
in question is nocturnal, the use of incandescent flash could be considered, though it has been

shown that doing so can alter animal behaviour (Wegge, Pokheral and Jnawali, 2004).

Potential applications of the method are further discussed, with special reference to the Iona
Skeleton Coast TFCA, in the following chapter, which gives guidelines and recommendations

for the use of camera trapping and computer vision for the Iona Skeleton Coast TFCA.

4.4 Strengths and weaknesses

The computer vision method is sufficiently light on computation resources to run on entry-level
hardware. In contrast, Norouzzadeh et al. (2018) used an ensemble of nine image classification
architectures, some of which are computationally considerably more expensive than the Incep-
tion v3 model used in this study (Bianco et al., 2018). Similarly, the computational complexity
of the VGG-16 model (Nguyen et al., 2017) used was found to be higher than of the Inception v3
model used in this study, while the accuracies of VGG-16, AlexNet, and ResNet50 models were

all found to be lower than that of Inception v3 (Bianco et al., 2018).

This computational economy means processing speed is relatively high even on a CPU, with the
once-off process of retraining the image classifier having taken approximately 1 hour (section
2.2.6), and inference per photograph by the object detection and image classification pipeline
having taken about 4 seconds per photograph (section 2.2.2). By extrapolation, an entry-level
computer could process around 900 photos per hour. In comparison, the Snapshot Serengeti
project (Swanson et al., 2015), using a minimum of 200 cameras, collected 3.2 million images
over three years. This works out to approximately 120 photographs taken per hour, suggesting

that the computer vision method could be suitable even for large-scale projects.

Relatively little manual work is required for the preparation of training data. It was demon-
strated that a relatively small set of training data (just over 1000 images per object class)
delivered useful results. Furthermore, images can be sourced online using search engines, and
are therefore by and large already correctly classified. In contrast, training object detectors as
Schneider, Taylor and Kremer (2018) did, requires the laborious annotation of training images

with bounding boxes.

Using existing building blocks, the computer vision method is relatively easy to implement.

This, together with the above-mentioned lightweight nature, both in terms of processing speed
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and training data required, potentially places it within reach of camera trap projects that would
neither have the resources nor the expertise to otherwise use computer vision for analysing

images.

Furthermore, it has been shown that the method has high sensitivity in detecting human-related
objects, perfect precision in detecting animals and high precision in distinguishing between four
large mammal species. However, some performance aspects also count towards the weaknesses
of the system. The object detector in many cases fails to detect animals that are obvious to the
eye; examples of this can be found in Figures 3.2a and 3.3a. This makes the method unsuitable
for applications in which individual animals in a photograph needs to be detected and classified,
for instance for counting purposes as explored by Norouzzadeh et al. (2018). The method also
has difficulty in properly classifying similar looking species, such as springbok and impala. A
greater number of training images, as well as training images sourced from the project to which

it is to be applied, might improve this limitation.

In terms of classifying the animals that have been detected, the method offers a closed solution
to an open problem: the image classifier is able assign each input image only to one of the classes
it has been trained on. So in this study, all animal detections are fed to the image classifier
and labelled as either a giraffe, impala, oryx, or zebra. This is perhaps not detrimental to the
recognition rate of those four species as long as other species are rare. However, those other
species will not be identified as such, which is why the method in its current form is not suitable
for finding rare species. Another reason that the method is not suitable for monitoring rare
species is that they are in many cases nocturnal. Low-light conditions lead to low shutter speeds
which results in blurred images of moving objects. Also, night-time images are grey-scale, so that
colour information is not available for the computer vision models to process. This limitation

provides scope for future work, however (section 4.6).

4.5 Evaluation of the study

Given that no camera trap photographs were available from the TFCA, a substitute sample
had to be sourced from elsewhere (Etosha Heights). However, performance results are known
to differ between datasets, see for instance Schneider, Taylor and Kremer (2018), so that the
performance results obtained may not be sufficiently representative of those that would be

obtained from photos from the TFCA.

The choice of species on which the study focused is based on those known to predominate in the

TFCA, namely, springbok (proxied by impala), oryx and zebra (Hauptfleisch and Brown, 2017)
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and giraffe for which there was a conservation focus in the area (https://giraffeconservation.org/).
Ostrich may have been an additional terrestrial vertebrate to consider, but was not sampled.
The results of exploratory studies in the TFCA may suggest a focus on a different set of species,

especially given the diversity previously documented by Huntley (1974), see section 1.1.

An iterative analysis of performance using subsamples to obtain confidence intervals was not
done in this study. However, given that the performance was analysed on a substitute dataset
(from Etosha Heights), such an iterative analysis may have been of limited value in indicating
the performance to be expected from TFCA camera trap photos. Further, the analysis was
based on a limited sample size (4000 photos) obtained from only four camera trap sites. A
larger sample size, taken from more sites, may have yielded more representative performance

results.

Although care was taken to be accurate in determining the ground truth of species presence in

photographs, ground truth was not independently verified in this study.

Lastly, details available on camera traps (specifications, setup and settings) with which the
photographs used in this study were captured was limited, although the importance of reporting

these details has been emphasized, for example by Burton et al. (2015).

4.6 Suggestions for future work

Performance of machine learning algorithms is best when the training and test data are iden-
tically distributed (Goodfellow, Bengio and Courville, 2016). Such identical distribution is not
given when data sources are heterogeneous (Swaminathan et al., 2017). Training the image
classifier on photos obtained from the camera trap project on which it is to be applied would
therefore be desirable. There are two caveats to this, however. Firstly, often camera trap image
sets will have very imbalanced classes, so that it might be difficult to find suitable training
images for rarely captured species (Nguyen et al., 2017; Norouzzadeh et al., 2018). Secondly,
the quasi static background of camera trap photos could form a potential confounding factor.
Given that correlations between some camera trap sites and some species are to be expected,
the model could learn to associate a certain background with certain species (Miao et al., 2019),
instead of abstracting the visual features of the species themselves. There was some indication
of this occurring in the preliminary investigations into this study when the image classification
model had been trained on complete camera trap photos (as opposed to sub-images isolated by

the object detection model).
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In an effort to improve recall rates of animals, the relatively high resolution camera trap pho-
tographs (5 to 11 megapixel, Table 2.1) could be divided into sub-images and each sub-image
input to the object detector. Also, the input resolution of the object detector could be increased
for better performance. Both measures would result in longer processing times, however, and

may at some point require the use of a GPU computer.

A more rigorous investigation into background subtraction may be worthwhile (Yousif et al.,
2019). Although backgrounds are generally dynamic in the sample analysed, in some cases,
site visits of animals did lead to sequences of images being taken in intervals of a few seconds
or minutes, resulting in little background change. In such cases, background subtraction may

provide an additional way of locating mobile objects in an image.

The sample size for human-related objects in this study was small. With a larger sample size, it
might prove useful to train the image classifier on persons and animals to test whether increased

precision can be achieved.

In addition to outputting a label for an image, the image classifier also outputs an estimated
probability of the label being correct. This probability value was not taken into account in
this study, as it did not always appear to be a reliable indicator. However in future work, the
merit of flagging classifications that fall below a certain probability threshold could be further

investigated. These flagged classifications could then be inspected manually.

The compilation of standardised, publicly accessible training sets for a range of mammal species
could be considered, given the portability of the image classifier that was demonstrated in this
study (it was trained on images from one source and applied to images of another). Researchers
could then select ready-made training sets on which to train the image classifier for identifying
species relevant to their projects. Small-sized training images as used in this study (see section

2.2.6) would facilitate the portability of training sets.

Lastly, a software implementation suitable for end-users, as done for instance by Yousif et al.

(2019) would enhance the usability of the method.

4.7 Conclusion

The method presented in this study could lower the barrier of entry of using computer vision
in camera trap projects because no special computer hardware is needed, the system requires

limited training data and is easily repurposed for new species and sites.
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In summary, the method performed as follows: 1) Animals were detected in 59.1% of photographs
in which they occurred (recall) and occurred in 100% of photographs in which they were detected
(precision). 2) Precision in distinguishing between four large mammal species was 96.8%. 3)
Humans and vehicles together were detected in 85.7% of photographs in which they occurred
(recall). With this level of performance, the method could have practical utility for a variety of
applications involving the detection of human and animal presence as well as the classification
of large mammals by species. It may also offer an efficient way of pre-labelling photographs.

The labels could then be verified and corrected manually, should better performance be desired.

These attributes could make the computer vision method developed and tested in this study
applicable not only to the Iona Skeleton Coast Trans-Frontier Conservation Area, but subject to
being trained on the relevant species of the area to which it is to be applied, to other conservation

areas and projects.



Chapter 5

Guidelines for the TFCA

This chapter provides a set of guidelines and recommendations for the Iona Skeleton Coast Trans-
Frontier Conservation Area aimed at increasing the benefit of using camera traps in combination
with the computer vision method described in this work. These guidelines and recommendations
are based on the literature reviewed, observations made and insight gained during this study.
Aspects covered include potential study areas, study design and methods, types of studies,
camera trap equipment, camera placement, camera settings, service intervals, data management,
training data and computer vision technology. The scope of this work precludes a complete and
in-depth coverage of the topic. Nonetheless this chapter is thought to be used as a basis on which
to build a camera-trapping framework for the Iona Skeleton Coast TFCA, as well as other areas

to which it may be suited.

5.1 Potential study areas

Situated in the very sparsely inhabited regions of south-western Angola and north-western
Namibia, the Iona Skeleton Coast TFCA is both vast and remote. Areas in which to do camera
trapping therefore need to be narrowed down. Large parts of the TFCA are extremely arid,
offering limited water and food sources for wildlife, resulting in low population densities. Cam-
era trapping, at least initially, should thus rather concentrate on areas where higher mammal

densities are to be expected.

An area of primary interest would thus be along the Kunene river. As a perennial river, it
provides a permanent source of water, supporting dense stands of vegetation in otherwise arid
surroundings. Also, it forms the national border of two countries with different political histories

which have affected conservation measures. Higher game densities are expected in Namibia than

49
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in Angola (see section 1.1). Migration over traversable stretches of the Kunene River is therefore
thought to occur. The stretch of the river within the TFCA spans nearly 200 km, ranging from
c. 10 km upriver (16.98°S, 13.35°E) of the Epupa Falls to the river mouth (17.25°S, 11.75°E).
Potential crossing points for large game would need to be identified in collaboration with local
communities and tourism operators, and accessible areas would need to be identified at which
it would be possible to service camera traps at regular intervals. Collaboration could be sought
with tourist lodges along the river, such Serra Cafema (17.21°S,12.20°E), Okahirongo River
Camp (17.21°S, 12.42°E,) and the Epupa Falls Lodge (17.00°S, 13.24°E).

Ephemeral rivers such as the Khumib, Hoarusib and Hoanib would be further localities at which
to place camera traps. Riverine habitats such as these provide critical resources for ungulate
populations of the Namib (Kok and Nel, 1996). A large, vegetated floodplain in the Hoanib river
east of the dune belt (19.41°S, 12.92°E) is particularly apparent in aerial photography (Google
Maps, 2018). Springs such as those found near the Hoanib river (19.45°S, 12.82°E and 19.40°S,
12.89°E) would be further attractants for wildlife.

In communal areas, camera traps could complement community-based studies; refer to sec-
tion 1.1 and Stuart-Hill et al. (2005). While site selection should be determined primarily by
study design (section 5.2), local knowledge, where available, will be valuable not only in narrow-
ing down areas, but also in choosing suitable camera trap sites (Rovero, Tobler and Sanderson,
2010). Local stakeholders—park staff, local communities and tourism operators—should there-

fore be included in this process.

Although the results of this study suggest slightly better performance for sites at water sources
than at game trails, the computer vision method is considered suitable for being applied to both

types of sites.

5.2 Study design and methodology

As mentioned in the Discussion (section 4.3), camera traps can be used to answer a variety of
ecological and conservation-relevant questions. However, for camera trap projects to be effective,
clear study objectives and careful study design (Meek et al., 2014; Swann and Perkins, 2014)
are required. The chosen sampling strategy depends on the ecological questions that need to
be answered (Hamel et al., 2013) and the relationship between the sampling method and the

underlying ecological processes needs to be defined (Burton et al., 2015).

Depending on the objectives, sampling design can be random or targeted, and the interpretation
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of survey results depends on this (Burton et al., 2015). The even spacing of camera traps, cov-
ering all habitat types of interest, enables more rigorous statistical analysis, such as occupancy
analysis (Rovero, Tobler and Sanderson, 2010). And while randomised camera trap placement
may be appropriate for studying entire communities (Swann and Perkins, 2014), trapping suc-
cess can be maximised by placing cameras along trails or water sources (Rovero, Tobler and

Sanderson, 2010).

Furthermore, methodological details relevant to detection rates, such as the choice and number
of camera trap sites and their spatial arrangement, survey duration and sampling effort, camera
make and model and settings, to name some, should be reported. Meek et al. (2014) provide a

more complete set of methodological aspects to take into account.

5.3 Types of studies

Given the few data that have been collected on the mammal community of the TFCA, its
recent formal declaration and the fact that management plans still need to be developed, it
is recommended to start off with camera trapping studies which are easiest to accomplish in
terms of design, have the least number of limitations and require the fewest assumptions. Then,
as management objectives develop and research questions arise, progress can be made towards
more focused and involved studies. The recommendation is thus to consider exploratory studies
as a starting point, which could easily transform to species inventories for a given area, out of
which can result species distribution maps and the documentation of migration. As monitoring
progresses, the focus could move on to estimating population densities of the predominant large
mammal species. This is more readily achievable for species in which individuals are uniquely
recognisable, for instance by their coat patterns. Population densities for unmarked species
could also be attempted, but estimations must be done with caution, as a number of assumptions
need to be met. Other possible studies include the investigation of activity patterns, and the
monitoring for human disturbance as well as for the presence of carnivores. The different kinds
of studies are discussed in more detail below, as well as to what extent the computer vision

method proposed in this thesis could be applied in each case.

5.3.1 Exploratory studies and general monitoring

Camera trapping could be of particular interest for remote areas in which no other regular or

constant monitoring methods are feasible. Camera traps can operate autonomously for several
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weeks, enabling continuous observation in remote areas which are difficult to access (Trolliet
et al., 2014). Even in cases where the use of camera traps does not constitute a scientifically
rigorous approach, cameras could serve as eyes on the ground to monitor for unexpected or
irregular events. The information gained thereby might be valuable from a management per-
spective. Also, camera trap photographs could be used to construct time-lapse photography for
monitoring vegetation status, disturbance events and environmental changes over certain time

periods (Brown et al., 2016).

Exploratory studies, the object of which might be to get a first impression of species occurrences
for a particular area, can be an important precursor to more focused camera trap studies (Meek
et al., 2014). Given the little information that has been collected on the large mammal commu-
nity of the TFCA, such a study may be an important preliminary step in the development of a

camera trap monitoring programme for the area.

The survey reported on by Hauptfleisch and Brown (2017) recorded the presence of human
settlements and domestic animals in Iona. Camera traps could be used to investigate interactions
between wildlife and humans, as well as potential shifts in temporal activity patterns (Carter

et al., 2012).

The computer vision method could be useful in this regard, given its sensitivity of detecting
humans and vehicles and its precision in detecting animals. A trade-off can be expected between

the number of species to automatically classify and the precision in doing so (Nguyen et al., 2017).

5.3.2 Species inventories and distributions

An exploratory study could be closely linked to establishing species inventories. The aim of
a species inventory is to compile a list of all species within a certain taxon and area; it can
be a useful indicator of ecosystem health when compared to a regional species list (Rovero,
Tobler and Sanderson, 2010). As is the case with an exploratory study, there is flexibility in
the spatial arrangement of camera traps and there is no time limit when collecting data for
species inventories (Rovero, Tobler and Sanderson, 2010). Mammal inventories show diversity
at a specific site, allow comparisons between sites, provide the basis for species distribution maps
and can indicate the human impact on animal activities (Tobler et al., 2008). Camera traps
have documented species in areas in which they were thought to be locally extinct, or in areas

in which they were not known to occur (Swann and Perkins, 2014).

As species inventories allow flexibility in study design, it would be advantageous to concentrate

on places species are most likely to visit, such as water sources, game trails or crossings, while
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ensuring that all relevant major habitat types are taken into account (Tobler et al., 2008). Survey
effort, often defined as the number of camera traps multiplied by the number of sampling days
(Rovero, Tobler and Sanderson, 2010), is the most important factor determining the number of
species recorded (Tobler et al., 2008). Although camera trap surveys have been shown to be an
efficient and accurate method for inventorying medium and large terrestrial mammals (Tobler
et al., 2008), with 57% to 86% of species detected with a survey effort of 1035 to 3400 camera
trap days in some studies (Rovero, Tobler and Sanderson, 2010), substantial survey effort may
be required to detect some species (Tobler et al., 2008). Large trap effort, however, does not

guarantee that all species are detected (Rovero, Tobler and Sanderson, 2010).

The detection of animals in photographs, as well as a preliminary classification of those animals
into one of the four predominant mammal species can be done by computer, following the
method proposed in this study. This would need to be followed by manual processing to correct
for false classifications between the four species as well as for the false classification of any other
species as one of the four. Alternatively, manual processing could be limited to only looking

into unexpected results and doing spot checks.

5.3.3 Movement studies

Camera traps could be used to document migration of wildlife across the Kunene River, as they

have been used to document movement in other studies.

Ford, Clevenger and Bennett (2009) found camera traps effective in monitoring the movement of
several carnivore and ungulate species over wildlife crossing structures across Canadian highways.
Comparing camera-trapping to spoor recording on track-pads, they found that detection rates
for camera traps were higher in some of the ungulate species (elk Cervus elaphus and deer
Odocoileus sp.) and lower in some of the carnivore species (coyotes Canis latrans and grizzly
bears Ursus arctos) studied, though this difference was not categorical for all carnivores and
ungulates recorded. Spoor recording could be attempted at crossing points along the Kunene

and the data obtained compared to those recorded by camera trap.

Tape and Gustine (2014) demonstrated camera traps to be effective in documenting migration
in caribou Rangifer tarandus, deploying 14 camera traps along a 100 km transect in the Alaskan
Arctic. Counting individuals in photographs, they saw a northward increase in median herd
size as spring progressed. In contrast, given the low population densities of ungulates in the
TFCA (Hauptfleisch and Brown, 2017), only single animals or small herds can be expected to

cross the Kunene. Camera traps would need to be placed on the river bank so as to capture
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actual crossing events. While the computer vision method could aid in detecting and identifying
species captured, manual assessment would subsequently be needed to determine the direction

of animal movement.

Kolowski and Forrester (2017) showed a significant increase in capture rates of cameras placed
on game trails compared to random placements. Camera traps have been set on paths and trails
in studies done on low density populations, for instance jaguars Panthera onca (Tobler et al.,
2008) and tigers Panthera tigris (Karanth, Nichols and Kumar, 2011). The increased capture
rate on game trails in these studies suggest that, where possible, exact crossing points would

need to be established along the Kunene.

The performance attained in this study on automatically detecting and classifying wildlife along
game paths suggest this to be a viable application of the computer vision method (section 3.5).
Training may need to be done on a different set of species, however, depending on which cross

the river.

5.3.4 Population estimates

Population density estimates have been done both for populations in which individuals are

uniquely identifiable as well as for unmarked populations.

Marked populations

Capture-recapture models are often used to estimate the population density of species in which
animals are individually recognisable. Three assumptions must be met, namely that the pop-
ulation is closed to birth, death, immigration and emigration, that there is no loss of mark-
ings during the study, and that variation in detection probability are identified and modelled
(O’Brien, 2011). Capture-recapture must be limited to a few months to adhere to the assump-
tion of population closure (Rovero, Tobler and Sanderson, 2010). Each individual must have
some probability of being captured, meaning the entire area of interest needs to be covered
without distances between cameras being so large that an individual is likely not to be detected
during the sampling period (Karanth, Nichols and Kumar, 2011). Furthermore, this type of
study places demands on the amount of equipment needed, as each camera trap site requires
two opposing cameras to photograph both sides of an individual (Karanth, Nichols and Kumar,

2011).

The computer vision method could be used to filter for individually marked species on which
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to then apply capture-recapture models to provide populations estimates (Burton et al., 2015).
Giraffe and zebra populations potentially could be estimated this way, as photo-identification of
individuals has been done elsewhere on giraffe by Halloran, Murdoch and Becker (2015) and on
zebra by Lahiri et al. (2011). Zero et al. (2013) even used camera traps to estimate efficiently
and precisely population densities of Grevy’s zebra Equus grevyi using the Random Encounter

Model (Rowcliffe et al., 2008), which does not require uniquely marked individuals.

Unmarked populations

Estimating population density for unmarked species is a major challenge for camera trap surveys
(Burton et al., 2015). Several methods have been proposed, but are subject to model assump-
tions. These include the Random Encounter Model (Rowcliffe et al., 2008), the Generalised
Random Encounter Model (Lucas et al., 2015), the Random Encounter and Staying Model
(Nakashima, Fukasawa and Samejima, 2018), spatially explicit models (Chandler and Royle,
2013), distance sampling for camera traps (Howe et al., 2017), and instantaneous sampling and

time-to-event methods (Moeller, 2017),

In many cases indices are used to estimate populations of unmarked species. Any number
that is thought to vary directly with population size can serve as an index (O’Brien, 2011).
The number of photographs of a species per unit time could in principle provide an index of
species abundance, but this assumption may not be valid as other factors could also influence
the number of photographs taken, such as behaviour, detection, attraction to or repulsion from
the camera trap, and others (Swann and Perkins, 2014). Unsuitable sampling design can thus
result in biased estimations of populations (Hamel et al., 2013). Sollmann et al. (2013) illustrate
bias in relative abundance indices (RAls) toward the more detectable species and species with
larger home ranges. They also show that variations in trap setup biased RAls, and that changes
in detection rates over time did not vary with actual population trends. Indices of relative
abundance should therefore be avoided unless there is no reasonable alternative (O’Brien, 2011).
When trap rates serve as an index of abundance, the relationship between these two variables
must be calibrated with independently inferred density estimates (Rovero, Tobler and Sanderson,
2010), with calibration needed across time, sites, and species (Burton et al., 2015). Nonetheless,
O’Brien (2011) concedes that indices that track population changes over time at one site may

be justified in some cases.
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5.3.5 Behavioural studies

Camera trap photographs, typically labelled with date and time stamps, can be used to reveal
how activity patterns differ between species or how changes in activity relate to the impact of
humans as well as other species (Rovero, Tobler and Sanderson, 2010). Caravaggi et al. (2017)
advise to test camera trap-based inferences by comparing with and calibrating against more

established methods.

Activity has been reliably estimated, subject to the assumption that the entire population is
active during part of the activity cycle (Rowcliffe et al., 2014). The timing of resource use
between sympatric species can be investigated, see Hayward and Hayward (2012) as well as
behavioural responses (e.g. of herbivores) to species (e.g. of predators) that have reintroduced

or extended their range (Davies et al., 2016).

As has been shown in this study, there are indications that the frequencies of photographs
correspond to some degree to published activity patterns for the four mammal species investi-
gated (section 4.1.2). Increasing sample sizes and differentiating between site-specific behaviours

(drinking at waterholes and moving on game paths) may shed further light on this relationship.

5.3.6 Studies on rare, nocturnal and shy species

Camera traps can overcome the problem of recording data on rare species, which are often
nocturnal and avoid humans (Swann and Perkins, 2014). Sampling effort may need to be high,
with Burton et al. (2015) giving a general recommendation of more than 1000 trap days for rare

species.

The computer vision method in its present form has not demonstrated effectivity in detecting
rare species. As rare species in many cases are night-active, very few instances of them were
recorded in the sample of camera trap photos analysed in this study, and none of them were
detected by the object detector. Larger sample sizes would therefore be required, as would an
additional catch-all object class for animals not belonging to one of the four mammal species
dealt with in this study. The use of incandescent flash, while potentially affecting detection
rates of animals by the camera traps (Wegge, Pokheral and Jnawali, 2004), may increase the

detection rates of captured animal images by the computer vision method.
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5.4 Camera trap equipment

A wide variety of camera traps is available on the market and new models are continuously
introduced (Rovero, Tobler and Sanderson, 2010). Whether a certain camera is suitable depends
on the research objective of the study (Trolliet et al., 2014). Some of the most pertinent aspects

to consider in selecting camera trap equipment are discussed below.

Cost, while important, should not be the only factor to consider when choosing camera traps
(Rovero, Tobler and Sanderson, 2010). There are three aspects to take into account in evaluating
the cost-effectiveness of camera trapping, namely the purchase price of the camera and batteries,
the cost of field trips to replace the batteries and storage media, and the survey duration (Rovero,

Tobler and Sanderson, 2010).

Battery life is influenced by the power consumption of the camera, and the movement detection
rate; some brands provide solar cells to extend battery life (Trolliet et al., 2014). Limitations
in battery life or storage capacity that make more frequent maintenance visits necessary will
drive up the operational expenditure of the project (Rovero, Tobler and Sanderson, 2010).
Better quality batteries and cameras which extend battery life will be cost saving in the long
run, particularly if field trips for camera trap maintenance are expensive (Rovero, Tobler and

Sanderson, 2010).

Image quality is affected among other things, by image resolution and sensor size (Trolliet
et al., 2014). Higher resolutions do not necessarily result in better image quality as for a
given sensor size, a higher resolution means smaller pixel size and therefore less light sensitivity
per pixel (Nakamura, 2006). Though not quantified, differences in the quality of photographs
between camera traps were apparent also in this study. Furthermore, Snapshot Serengeti photos
(Swanson et al., 2015), though of lower resolution (3 megapixel) than the photos sampled for this
study (5 to 11 megapixel, Table 2.1), appeared to have higher image quality and less compression
artefacts. For computer vision purposes, low image compression should be favoured over high
image resolution: Both object detection and image classification models require low resolution

images as input (416 x 416 and 299 x 299 pixels were chosen in this study, respectively).

Different camera makes and models can vary considerably in their sensitivity to detect and
ability to record animals. The size of the detection zone of a camera trap (the area in which
movement is detected) is key in determining detection rate (Rowcliffe et al., 2011). The detection
zone can be wider or narrower than the field of view, depending on the camera model (Trolliet

et al., 2014).
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Movement and time-triggered cameras both have advantages and disadvantages. With movement-
triggering, an absence of photos does not necessarily mean an absence of animals (Hamel et al.,
2013). Camera sensors detect movement of objects that differ in temperature from their sur-
roundings (Rovero, Tobler and Sanderson, 2010), making them less sensitive when ambient
temperatures are close to animal body temperatures. Movement-triggering is therefore rela-
tively ineffective in the case of reptiles (Welbourne, 2013) or when ambient temperatures reach
the body temperatures of mammals and birds. Differences of less than 3 K between ambient
and temperatures may lead to detection failure with infra-red sensors (Meek, Fleming and Bal-
lard, 2012). For a range of endothermic species, this means that when the ambient temperature
ranges between 31.5° C and 42.5° C, infra-red triggered camera trapping can be unreliable
(Meek, Fleming and Ballard, 2012). In the use of time-triggered cameras, the non-independence
of sequential pictures can be controlled for but animals can also be missed if time intervals are too
large (Hamel et al., 2013). Notably, Hamel et al. (2013) found in their study that time-triggered
cameras recorded more daily presences for a number of species than movement-triggered cam-
eras. This study was done on endotherms in the Norwegian winter, conditions under which one
would expect animals to emit a heat signal sufficient for detection by infra-red sensors (Soininen

et al., 2015).

Light and sound from camera traps can disturb animals. Several species have been shown to
exhibit behaviours (both attraction and repulsion) indicating they noticed camera traps (Meek
et al., 2016). Two kinds of flash-light are commonly used in night-time photography with camera
traps: infra-red and incandescent. Incandescent flash enables taking clearer, colour photographs
at night, which is important for the identification of individuals (Trolliet et al., 2014). This
may be particularly relevant to nocturnal marked species such as leopard, but can scare animals
away (Wegge, Pokheral and Jnawali, 2004). Infra-red flash is suitable when animal disturbance
is to be minimised, but delivers greyscale images of lower quality, which negatively affects the

performance of deep learning computer vision models (Grm et al., 2018).

5.5 Camera placement

Cameras should be placed in a way as not to be triggered by moving vegetation such as branches
or leaves blowing in the wind (Rovero, Tobler and Sanderson, 2010). Camera height should be
adjusted to the species surveyed and reported in the methodology (Burton et al., 2015). Fixation
of cameras should be fast and secure to prevent movement of the photograph frame. This would
aid in making photographs suitable to background subtraction, which can be an efficient way to

detect objects that move between consecutive photographs being taken.
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For applying computer vision to photographs, cameras should be oriented so that they preferably
do not point into the sun, as backlit photographs may lead to lower recall and precision (see
section in Discussion). The seasonal variation of the path of the sun should be taken into account

for this, too.

5.6 Camera settings

Camera settings are a variable to be controlled for when attempting comparisons within or

between sites (but see section 5.3.4).

One of the main weaknesses of the computer vision method is the only moderate sensitivity of the
object detector to animals. The number of photographs taken per species visit should therefore
be increased where possible. Rovero, Tobler and Sanderson (2010) generally recommend to set
the camera to high sensitivity for use in hot climates. They report typical delay times of 1 to 15
minutes between photographs. However for the computer vision method, the recommendation
here—both for movement-triggered and time-triggered cameras—is a delay time of at most one
minute, given that several photographs taken in quick succession may well increase the recall
rate per visit. Shorter delay times might be considered when a computer vision approach using
background subtraction (Yousif et al., 2019) is to be applied. Of course, the choice of delay time
also depends on storage capacity and maintenance intervals. Settings pertaining to sensitivity

and delay between consecutive triggers should be reported (Burton et al., 2015).

Cameras should be configured so that image quality is maximised (for instance by lowering
image compression as well as image resolution, where possible, to an appropriate extent). The
resolution of the images input to both the object detector (416 x 416 pixels) and the classifier
(299x 299 pixels) are relatively low, limiting the benefit of high-resolution photographs. However,
the input resolution of the object detector could be increased to any multiple of 32, but doing

so would increase computation time.

5.7 Service intervals

Limited capacities of both batteries as well as storage media can result in prolonged periods of
non-recording, as could technical failure or external disturbances. The risk of data loss should

be taken into account when determining service intervals (Caravaggi et al., 2017).
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5.8 Data management

The importance of data backup to guard against loss or failure of storage media or accidental
deletion of data needs to be emphasised. From experience however, it is advised that duplication
of photographs beyond the backing up data should be avoided as this can lead to confusion, as
well as duplication of work, during analysis. Duplication occurs, for instance, when photographs
containing species of particular interest are copied into a separate folder. An alternative to this
practice would be tagging photos with photo management software. Automating the tagging
process on the basis of labels contained in text (CSV) files generated by the computer vision
system could be explored. A variety of software for managing camera trap data is available, but
the costs and benefits of this should be weighed up against using a simple spreadsheet (Rovero,

Tobler and Sanderson, 2010).

Based on the experience gained during this study, the following practices are recommended for

organising and sorting photos.

Firstly, the number of folder levels should be reduced to a manageable level; two folder levels are
recommended within a study. The following folder structure is suggested for organising camera

trap photographs:

e First folder level: Unique name for camera trap site

e Second folder level: year and month, in the format yyyy-mm

For example, for photos that were taken in July 2018 at a camera trap site called ”Fence West

2”7 the folder structure would be: Fence_West_2/2018-07/

The time interval for the second folder level can be adjusted in accordance with the number
of photographs contained. Folders containing more than a few thousand photos were found

cumbersome to work with.

Secondly, photographs should have unique filenames which include both a camera trap identifier
and a timestamp including year, month, day, hour, minute and second. Harris et al. (2010)
suggest a similar approach in naming camera trap photographs. It is further recommended
that names of camera trap sites should be descriptive, only one language should be used, and
spelling should be consistent. A timestamp of the format yyyy-mm-dd_hh-mm-ss should be used,
so that sorting files by filename will automatically also result in the chronological ordering of

photographs per camera trap.
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For example, a photograph taken at the Fence West 2 site on 1 July 2018 at 12:34:56 would be

named:

Fence_West_2_2018-07-01_12-34-56. JPG

5.9 Improving computer vision results

There may be scope for improving computer vision performance, even while staying within the

same basic framework of the method proposed in this study.

5.9.1 Expanding utility

If accordingly trained, the computer vision system is able to classify virtually any kind of object
class. The more different the object class is to other classes, the higher performance can be
expected (refer to section 4.1.3). A trade-off between the number of classes and the performance
can be expected (Nguyen et al., 2017). Classes can be adjusted according to the relative abun-
dance of species in the study area. For instance, a catch-all class for all species other than the
four considered in this study may be of use. The training set would need to be representative

of such a class.

The monitoring of rare and elusive species with the aid of computer vision is conceivable in
principle. The image classifier would need to be trained on the set of elusive species known or
suspected to occur in the area sampled. The sample size (the number of photographs) would
need to be increased by increasing camera sensitivity, increasing sample effort, or both. The use
of incandescent flash, while possibly influencing detection rate by the camera (Wegge, Pokheral
and Jnawali, 2004), would increase computer-based animal detection in photographs as well as

facilitate individual recognition in the case of marked populations (Karanth and Nichols, 1998).

5.9.2 Increasing training data

Accumulating a large number of training images can be challenging (Taylor and Nitschke, 2017).
In this study, it was difficult to collect more than a few thousand images per species online, of
which around 1000 to 1500 were deemed suitable for training. Therefore, images from the
camera trap project in question could be included in the training set. This would 1) increase
the size of the training set and 2) make it more similar to the set on which inference is to be

done. Both measures can be expected to increase computer vision performance.
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Care must be taken, however, to prevent unintended correlations in the training data, such as
a particular species correlating to a particular site. For instance, Miao et al. (2019) found that
when most training images of porcupines also contained palm plants, their presence contributed
to CNNs inferring the presence of porcupines. Such correlations should be weaker though, if
an object detector is used to locate animals in an image, as done in this study. This makes
the detected object the main subject of the image (meaning less noise is introduced by the

background) as well as causing greater variation in the background within a site.

5.9.3 Technological advances

It is recommended to keep up-to-date with the most recent developments in computer vision. In-
creases in performances have been great since using deep learning in 2012 (Krizhevsky, Sutskever
and Hinton, 2012). Should this trend continue, then more powerful and efficient detectors and
classifiers can be expected to be released in future. The modularity of the method means that
the object detector could be replaced with a newer model independently of the image classifier

and vice versa.

Better models, together with improved computational power of affordable recent computers, can
be expected to positively influence performance in future, and so make the method increasingly

feasible and applicable to a wider range of problems.

Lastly, the proportion of project funding allocated to hardware for computer vision should be
reconsidered. High-performance hardware opens up the possibility of using more powerful models
and higher input resolutions, which are likely to result in improved recognition performance. If
computer vision proves effective in wildlife monitoring in the TFCA, the capital outlay for

hardware (in the order of 1000 to 2000 USD) would be amortised quickly.
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Appendix A

Glossary

Artificial intelligence is the manifestation in machines (computers) of cognitive functions

commonly associated with the human mind, such as learning and problem solving.

Artificial neural networks are computer models inspired by biological brains. Such networks
learn to perform tasks by being exposed to examples rather than by being programmed
explicitly with rules. Through the learning process, they automatically generate rules from

the examples that they process.

Computer vision is the ability of computers to gain a high-level understanding of the visual
content of images or videos; it automates tasks commonly associated with human vision

such as detecting objects and distinguishing between different kinds of objects.

Convolutional neural network refers to a class of deep (many-layered) artificial neural net-

works commonly used to analyse visual information.

Deep learning is a form of machine learning which is based on multi-layered (deep) artificial
neural networks. It is used in a variety of fields such as computer vision, audio and speech

recognition, and natural language processing.

Ground truth refers to information stemming from direct observation as opposed to informa-

tion provided by inference; it is observation as opposed to prediction.

Image classification is the process of labelling an image according to its visual content. The
image classification process takes a picture of an animal, for example, as input and outputs
the label "animal”, sometimes also outputting an estimated probability of the label being

correct.

Inference is the process in which a machine learning algorithm makes a prediction.
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Machine learning is the process of a computer to the acquire knowledge to perform a particu-
lar task without being explicitly programmed, knowledge acquisition relies on the detection
of patterns instead. It is a subdomain of artificial intelligence and is used in a wide variety

of fields, such as computer vision and speech recognition.

Object detection is the computer vision task of locating and identifying instances of semantic
objects of a certain class (such as humans, cars or animals) in digital images. Object

localisation is often defined by a rectangular box bounding the object.

Python is a popular general-purpose computer programming language known for its easy syn-

tax and large standard library.

Training refers to the process of creating an machine learning algorithm through exposure of

a machine learning system to a large set of examples (a training dataset).



Appendix B

Online resources used

YOLOvV3 object detector trained on the Openlmages dataset:

https://pjreddie.com/media/files/yolov3-openimages.weights

Guide on how to retrain the image classifier:

https://www.tensorflow.org/hub/tutorials/image retraining

Inception v3 feature vector:

https://tfhub.dev/google/imagenet/inception\ v3/feature)\ vector/3

Python script for retraining the image classifier:

https://raw.githubusercontent.com/tensorflow/hub/master/examples/image\ _retrain

ing/retrain.py

Python script for using the image classifier (needs to be modified for the task at hand):

https://raw.githubusercontent.com/tensorflow/tensorflow/master/tensorflow/exam

ples/label_image/label_image.py
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