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Abstract

Current artificial intelligence (AI) workflows depend on researchers performing
laborious annotation work. In the case of computer vision (CV), annotators would
need to produce bounding boxes and labels in tasks requiring localisation. Since
this process needs to be iterated over thousands of images, this can possibly cause
low-quality annotations to emerge. Techniques like crowdsourcing can mitigate the
effects of this issue, but can still possibly yield a sub-par dataset due to the inex-
perience of the annotators on either AI or the application itself. However, through
existing weakly supervised frameworks that utilise techniques like heuristic rules
and other notable methods, the general public can provide even more trustworthy
annotations.

This paper proposes a basis for an image dataset annotator helper that com-
bines a weakly supervised technique known as class activation maps (CAMs) with
convolutional neural networks (CNNs). This produces weakly supervised object
localisers that could further improve human image annotation performance. In ad-
dition to this, surveys were carried out to extract information that helped either
create primary data or verify the results further.

Comparing these models with primary crowdsourcing data revealed that the
models can annotate better than humans by 9.7% when measuring the localisation
error (LE) while taking into account both false positives (FPs) and false negatives
(FNs). Moreover, the models can also save up to 36% of the time required to per-
form manual image annotation. This confirms that there is potential within CAM-
empowered models to further improve the image annotation experience.
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1

Introduction

Artificial intelligence (AI) development can sometimes prove to be quite a complex as-
signment. This is due to multiple factors such as its mathematical basis and intricate
high-level processes. Such factors are required because of AI’s primary element - data.
Indeed, there is a myriad of techniques to preprocess data for AI [1]. In computer vi-
sion (CV), for example, image classification requires image-level labels for each image
[2]. Meanwhile, object detection requires a set of bounding boxes, each containing their
own label instance [3]. Furthermore, AI performance usually scales with the amount
of preprocessed input data available. Consequently, these processes can exponentially
grow in terms of both time and effort. This can discourage researchers and annotators,
possibly reducing the overall quality of the dataset.

1.1 | Problem Definition
Annotating datasets usually requires a monumental endeavour from a team of annota-
tors. In large-scale annotation projects, the sheer magnitude of the workload can cause
the annotations to possibly exhibit inaccuracies or have debilitating limitations. Ima-
geNet, for instance, has multiple identical classes and only one label per image [2, 4].
The Open Images dataset is also prone to mislabelled annotations, even though it is
professionally annotated. This is evident in Figure 1.1. In addition to this, there are
studies that have improved on these datasets. Indeed, Schumann et al. [6] improved
on Open Images’ “person” label by adding 100,000 missing instances. This study notes
how dataset annotation methodologies could be inconsistent even though they serve
similar purposes [7]. Such inaccuracies are usually the consequences of human error;
however, other causes could be at fault. The dataset known as Conceptual Captions
reported that 97% of its original content was filtered due to the images not being suit-
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able for their task [8]. So not only does such a dataset require large amounts of effort
to carry out data annotation, but high quality source material may also be scarce. Due
to the immense effort required to craft a high quality dataset, researchers have resorted
to methods like crowdsourcing to alleviate these issues. Contextually, crowdsourcing
is the act of employing the general public as dataset annotators. This would ease the
researchers’ burden, allowing them to focus on other tasks. Even so, the general pub-
lic is not a subject expert on either AI or the subject itself. This sparked concerns that
the annotations they produced would be subpar. Yet, through the usage of digital aids,
crowdsourcing proved to be acceptable [9, 10, 11]. Another instance where digital sys-
tems are used to aid annotators involves a method known as weak supervision. In weak
supervision, cheap labels are used to help participants with data annotation [12, 13].
Regardless, in weak supervision frameworks, such as Snorkel and Snuba, participants

(a) Two men were not
annotated

(b) Rightmost person
not included

(c) Whole image is a “person” annotation

(d) Inaccurate bounding box (e) Worker not included (f) Inconsistent “per-
son” annotations

Figure 1.1: Inconsistent “person” annotations found in Open Images [5]
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would still need to learn how to program their conditions [14, 15]. While this method
does provide an overall time advantage, this cements the problem that obtaining high
quality annotations requires a large amount of effort. This remains true for both the
crowd workers and the researchers involved. In CV, there exists a technique known as
class activation maps (CAMs). These CAMs highlight model attention when analysing
an the result of an inference. While primarily an AI explainability technique, it can be
adapted to a weakly supervised learning context. In further detail, it can be used to
infer a rudimentary localisation of the target class. Therefore, it has potential as an ob-
ject localiser, and in turn, as a dataset annotator helper for both regular data annotation
workflows and crowdsourcing projects. Further information about this technique can
be reviewed in Section 3.3.4.4.

1.2 | Motivation
Granted that data annotation is a very important and lengthy process of AI workflows,
it is still considered as one of the most neglected aspects in terms of data quality. This
is a significant issue, especially considering that AI is being continuously more inte-
grated in critical applications [16]. Enlisting the usage of tools like crowdsourcing can
aid in enhancing the data annotation workflow, both in a user-centric and a data-centric
manner. This is especially true in image annotation for CV tasks like object detection,
which require painstakingly annotating each individual instance with bounding boxes
and labels over thousands of images [2, 5, 8]. Even though crowdsourcing does help
mitigate these issues, ideally it would still use some form of digital facilitator to aid the
participants in their task. This can be done by implementing some form of dataset an-
notator helper through the usage of techniques like weakly supervised learning. Aiding
the crowdsourcing participants can help in increasing data annotation quality, which in
turn, reduces the chances for lacklustre performance in the final AI models [9, 10].

1.3 | Research Question
Among these digital systems, weakly supervised learning has been used for similar pur-
poses as seen in previous studies [13, 15]. Thus, some weakly supervised techniques
were explored while comparing their strengths and weaknesses. Ultimately, CAMs
were presented as the recommended option as explained in Section 3.3.4.4. With all
this known, this study answers the question:
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Should humans working on image annotation make use of CAMs to be more
effective?

When considering the inner workings of weakly supervised learning in this context, two
points arise from this question. Since CAMs only require the user to provide the image-
level labels, then both localisation time and weakly supervised accuracy are important.
This is because these factors are the most direct approach to measure the weakly super-
vised technique’s effectiveness in this context. If weak supervision does not meet these
requirements, then this method would not be ready for this application.

1.4 | Hypothesis
The question presented in Section 1.3 and the arguments discussed in the literature on
the subject (see Section 3.3.4.4) indicate that CAMs show potential as a dataset annotator
helper. Subsequently, a hypothesis was formulated:

Dataset annotators can save on both time and effort while achieving comparable
performance by incorporating CAMs within their workflow.

1.5 | Aims and Objectives
The aim of this study is to explore how weak supervision can assist and improve human
annotation in CV datasets. For this aim to be achieved, the following objectives have
been set:

� Extract human image annotation performance through a tailor-made crowdsourc-
ing web application.

� Evaluate machine-generated and man-made annotations via various metrics like
accuracy, F1-score, localisation error (LE) and time in seconds.

� Verify the results to remove human bias through a form that tests a human’s ability
to discern machine-generated annotations from man-made ones.

In view of the issues described in Section 1.1, this study investigates the utility of digital
systems acting as facilitators to data annotators. Various types of digital systems are
reviewed, with a clear focus on minimising effort.
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1.6 | Proposed Solution
To achieve the goals outlined in Section 1.5, various methodologies are required. The
first objective could be achieved by implementing a custom web application that emu-
lates crowdsourcing. Through various auxiliary functions, it would be able to anony-
mously track user performance. These measurements would then be used to model
human annotation behaviour objectively. This information concerning human annota-
tion behaviour would then be analysed to determine the effectiveness of humans within
such work. To further evaluate this primary data, image classifiers based on various AI
architectures would be trained to output localisations. This would be done by applying
a weakly supervised technique like CAMs. By comparing the man-made and machine-
generated annotations through metrics like LE, the localisation performance of both
types of annotations would be quantified. However, this could lead to arguably subjec-
tive results. Since the ground truth is also man-made, then the results would be biased.
Thus, to verify the previous results, further primary data would need to be gathered
via a web form so as to quantify the consistency of the general public via the previous
results. By asking the participants to discern which annotations are man-made, their
observational abilities would be tested. If the participants fail to determine which an-
notations are man-made, then it can be confirmed that humans are unreliable in image
annotation work. Additionally, this would also confirm that machine-generated an-
notations are comparable to man-made annotations. In that case, a digital aid would
definitely be needed to ascertain their work.

1.7 | Document Structure
This report is organised into different chapters, which present their own respective types
of content. Such chapters are introduced with the goal of prefacing their purpose within
this document. Therefore, an overview of each chapter is presented in the following
subsections.

1.7.1 | Introduction
The introductory chapter gave a brief overview of the premise of this study. The premise
was then supported with sufficient motivation and further details, which described the
general incentive of this study. Such details included the defined problem, in addition
to multiple deliverables in the form of the aim, objectives, and contributions. These
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separated the incentive into tangible goals, further strengthening the purpose of this
study.

1.7.2 | Background
The Background chapter serves as a preamble to the technical concepts tackled in this
study. It contains relevant knowledge concerning updated techniques and how they
evolved into their current state. More specifically, this chapter contains information
about the AI and CV research areas. It also could be considered as an introduction to
the Literature Review.

1.7.3 | Literature Review
The Literature Review chapter extends the knowledge presented in the Background
chapter by involving arguments and discussions from several methodologies so as to
determine which techniques are ideal for achieving this study’s goals. Just as in the
Background chapter, the evolution of the methodologies considered is discussed by con-
sidering the latter’s importance within this study. For example, supervised methods are
discussed before determining why weakly supervised techniques are the superior op-
tion for the current use case.

1.7.4 | Methodology
The Methodology chapter segments this study’s objectives into different modules within
the implementation. This gives rise to a pipeline, which describes the process of the
entire methodology of the study. This chapter also describes what technologies were
used in view of the discussions presented in the Literature Review and the Background
chapters. More specifically, it presents the datasets, tools, techniques, and experiments
utilised to achieve the outlined goals. Additionally, sections describing the nature of the
research, such as its scope, expectations and ethics are also included.

1.7.5 | Results
The Results chapter compiles the outputs of the experiments described in the Method-
ology chapter to derive information relevant to this study’s goals. The results are show-
cased in an objective manner via different equations, metrics, and functions that objec-
tively showcase these outputs. Just as in the Methodology chapter, these discussions
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are segmented by the study’s objectives so that the results are presented in an organ-
ised manner while also providing detailed insights into how such results determined
the outcome.

1.7.6 | Conclusion
The Conclusion chapter combines the insights derived from the results to discuss whether
this study’s goals were achieved. Thus, these insights are assessed in view of the aim,
objectives, research question, and hypothesis presented in the Introduction chapter. The
outcomes of these deliverables detail the potential of such methods when applied in the
current context. Moreover, possible improvements and expansions to the methodology
are discussed to truly show how such research could evolve in the future.
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2

Background

To ensure a comprehensive study, various related topics were investigated with the goal
of understanding the theoretical information behind the main research areas tackled.
The literature consulted included brief overviews of AI techniques, such as machine
learning (ML) and deep learning (DL), and how AI integrates with CV. The discussions
presented in this chapter are supported with examples illustrating practical applica-
tions of such technologies within the medical, transport, retail, and security fields. The
underlying tasks supporting these applications, such as image classification, object lo-
calisation, object detection and image segmentation are also inspected briefly. These dis-
cussions served as the basis for further reviews to determine which technologies would
be the most appropriate for this study.

2.1 | Artificial Intelligence
AI is a well-known area of study that explores the ability of machines to rationalise in-
formation and predict a result from a given piece of data [17, 18]. As with other research
areas, AI is segmented into various topics such as ML [19, 20, 21], natural language
processing (NLP) [22, 23], CV [24, 20, 25], and robotics [26, 27]. These topics brought
forth multiple techniques, which further improved performance within their relevant
applications. Since this study deals with CV, the relevant topics are reviewed in de-
tail to showcase algorithms that provide specific advantages or fill a gap. This chapter
then presents ML’s well-known advancement known as DL, which revolutionised ML
to become more accessible and powerful.
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2.1.1 | Machine Learning

ML is a subset of AI where algorithms are fitted to a sample of data to infer results from
an input in a generalised manner. Therefore, these algorithms would be transformed
into models where they differ in their predictions depending on their architecture and
training data [17, 18]. ML is most useful in applications where conventional program-
ming solutions are infeasible. Khan et al. [19], in fact, used ML to predict stock market
trends, which can be vague and unpredictable. Another example is when Caruso and
Gattone [21] took advantage of ML to extract waste recycling habits through distinct
variables. To implement such ML solutions, there exists a common workflow. Firstly,
sample data must be acquired from the population of data relevant to the application.
In the case of Khan et al. [19], they used public sentiment and political articles gleaned
through search engines and public repositories to achieve this. The difficulty of this
step is proportionate to the required final accuracy of the model and the inaccessibility
of the population of data. Secondly, the data are sanitised to remove any unnecessary
or erroneous information through an algorithm. This process can be seen in this study,
where an algorithm known as histogram of oriented gradients (HOG) was utilised to
extract features from multispectral images for weed detection in crops [24]. Finally, the
ML algorithm is trained and evaluated through a training session. This step can vary
considerably, depending on what type of ML algorithm is utilised. For instance, deci-
sion trees generate conditions through trials to dynamically fit the sample data inputted

Figure 2.1: Decision tree based on best practices for irrigation [28]
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[28, 29]. An example of a decision tree is illustrated in Figure 2.1. Meanwhile, support
vector machines (SVMs) attempt to find the optimal regression or classification model
within the sample data represented as a hyperplane [30, 31]. Another notable technique
involves what is known as a neural network (NN). NNs are trained by altering their in-
dividual weights to adhere to the expected results dictated by the sample data [32, 33].

2.1.2 | Deep Learning
Data sanitisation within the ML workflow is significantly problematic. In most cases,
the feature extraction process is inadequate to properly remove all redundancies and er-
rors. This is usually mitigated via manual intervention by humans in a process known
as feature selection. For instance, Suhandy and Yulia [34] used a process known as
principal component analysis (PCA) to reduce the dimensionality of the annotations
within wine data. A visualisation of this process can be seen in Figure 2.2. Such in-
stances of excessive human intervention reduce the accessibility of AI research, stunt-
ing its development and advancement. This significant issue within ML’s workflow
spawned efforts to mitigate it, leading to the research topic known as DL. DL is an
extension of ML that eliminates the feature selection prerequisite. This was done by
extending the functionality of the NN [17]. For example, it is common within the CV
area to integrate AI via convolutional neural networks (CNNs). CNNs are simply NNs

Figure 2.2: Wine annotations processed via PCA to a 2D plot where data can be visu-
alised easier [34]
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combined with a filtering process designed for images [35, 36, 37, 38]. These filtering
processes automatically extract the features of the input data, removing the need for
feature selection [17]. Another instance of DL can be found within recurrent neural net-
works (RNNs). RNNs are essentially NNs that can evolve over time through their own
inferences, showcasing competent memory retention abilities [39]. Overall, DL revolu-
tionised ML and the AI research area as a whole due to simplifying the data sanitisa-
tion process. This is further supported by the notion that DL algorithms require much
more training data; since much more training data are utilised, DL models are consid-
erably more accurate when compared to ML models. Consequently, DL models became
renowned for their reliable performance.

2.1.3 | Metrics
Various metrics may be used depending on the scenario these models are applied in.
The most popular of these metrics is known as accuracy, which uses the true positives
(TPs), false positives (FPs), true negatives (TNs), and false negatives (FNs) to calculate
model performance. Equation 2.1 reveals the inner workings of the accuracy metric,
where: tp represents the TP count, fp represents the FP count, tn represents the TN
count, and fn represents the FN count. Variable a denotes the outputted accuracy value.

a =
tp + tn

tp + fp + tn + fn
(2.1)

These result types vary depending on their application. In the case of Equation 2.1, this
is mostly relevant to classification. Accuracy is calculated by dividing the true results
by all the results. Initially, this calculation seems straightforward; however, it is not
predictive due to how it takes into account all results. Therefore, this measurement is
unable to foresee the strengths or weaknesses of different models. To mitigate this issue,
predictive metrics could be used to evaluate models more accurately. The precision of
a model is reflected through its positive predictive value (PPV). In other words, preci-
sion is the measurement that represents how many of a model’s inferences are actually
true. As the designation PPV entails, it calculates a model’s performance in view of the
FPs. Precision is determined by following Equation 2.2, with the same denotations as
accuracy and where p represents the end precision value.

p =
tp

tp + fp
(2.2)

Precision is not the only measurement that can be utilised as a predictive metric. Com-
monly used in conjunction with precision, recall is also a prominent predictive metric
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in model performance calculations. Arguably, recall is the inverse of precision. Where
precision takes into account the FPs, recall takes into account the FNs. Therefore, recall
measures the model’s ability to detect all the ground truths. Similar to precision, recall
is alternatively known as the true positive rate (TPR). To quantify a model’s hit rate
through recall, Equation 2.3 can be utilised with the same denotations as Equation 2.2,
the only difference being that, here, r represents the final recall result.

r =
tp

tp + fn
(2.3)

While both precision and recall are competent metrics, they still fail to provide a com-
plete outlook on model performance. Both metrics have specific uses, which might
differ in importance depending on the use case. Furthermore, they are two different
metrics, which may complicate a result set. To limit the effects of this issue, researchers
use a metric known as the F-measure. The F-measure combines precision and recall to
create a singular predictive metric. Additionally, the F-measure is formulated in a con-
figurable manner. This is because of a variable known as β, which is used within the
F-measure, as seen in Equation 2.4:

fβ = (1 + β2)× p× r
(β2 × p) + r

(2.4)

This β variable is a positive real number that represents the importance of recall com-
pared to precision. This is useful because different scenarios may treat precision and
recall differently. For example, medical studies might prioritise recall over precision.
This is because obtaining an FN in a medical test is usually much more severe than
obtaining an FP within the same medical test. Conversely, content recommendation
models might present a more precision-focused study. This is because failing to present
a correct instance of content is less critical than presenting the incorrect type of content.
Formally, β > 1 is used when recall is more important, while 0 < β < 1 is used when
precision is more important. There might also be instances where neither precision nor
recall have prevalence, such as in generic datasets. Such situations require that β = 1.
In such scenarios, the F-measure represents the harmonic mean of precision and recall.
This measurement is alternatively known as the F1-score. Simplifying the F-measure by
setting β = 1 gives rise to Equation 2.5:

f1 = 2× p× r
p + r

(2.5)

In tasks where a localisation component is present, such as object localisation and object
detection, Equations 2.7 and 2.6 are used. Equation 2.6 is known as the intersection over
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union (IoU) or the Jaccard index.

i(a, b) =
r(a) ∩ r(b)
r(a) ∪ r(b)

(2.6)

To evaluate this, the area of a rectangle must be calculated. This can be done through
Equation 2.7, where xl represents the length of rectangle x, while xw denotes the width
of rectangle x. Following this, variables a and b are two different bounding boxes that
are defined by their co-ordinates.

r(x) = xl × xw (2.7)

2.1.3.1 | Localisation Error

As the name implies, IoU quantifies the overlap of a set of bounding boxes. In CV
tasks such as object detection, a threshold for this result determines whether a predic-
tion matches with the ground truth [40, 41, 42]. Object localisation uses this function in
the same manner. According to the ImageNet guidelines, a localisation match is deter-
mined when the IoU value reaches a 50% threshold [2]. In the ImageNet Large Scale
Visual Recognition Challenge (ILSVRC), IoU is used as follows in a localisation context.
Localisation serves as an extension to classification, where the model must classify the
image as well as locate objects within it via bounding boxes. The ILSVRC evaluates
the localisation ability of models by implementing a metric known as LE. However,
LE contains many components. Indeed, LE combines a classification evaluation with
a localisation evaluation, these being the two main components constituting it. The
classification evaluation is very simple. It essentially takes the same form as the accu-
racy metric shown in Equation 2.1. When observing an LE entry, the classification is
evaluated by simply checking whether the classes match. However, LE does present a
difference. This difference can be observed in more detail in Equation 2.8. Variable c
denotes the actual classification, while the subscripts p and t reveal whether it is related
to the prediction or to the ground truth.

c(cp, ct) =

0, if cp = ct

1, otherwise
(2.8)

As the equation shows, LE returns either a 0 or 1 based on the computed comparison.
These binary values become relevant further on when combining the two components
together. In contrast to the classification component, the localisation component is more
complex. It consists of two main functions that convert a set of bounding boxes into an
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evaluation. As described in Section 2.1.3, the IoU in conjunction with a threshold can
be used to determine whether a predicted bounding box can match with the ground
truth. When integrating this localisation functionality within the LE metric, this gives
rise to Equation 2.9. Variable b represents a bounding box while the p and t subscripts
determine whether it is a prediction or a ground truth. Function i references Equation
2.6, that calculates the IoU.

l(bp, bt) =

0, if i(bp, bt) >= 0.5

1, otherwise
(2.9)

Similar to Equation 2.8, this function returns either a 0 or 1. In truth, these binary values
simply determine whether the classification or localisation was correct in arithmetic.
This is important due to how the final equation evaluates the two functions. To for-
mulate the finalised algorithm, sets P and T represent a list of both classification and
bounding box elements. P represents the predictions, while T represents the ground
truth. This produces Algorithm 11. In summary, LE is produced by comparing each

Algorithm 1 LE representation [43]

m← [. . . ]
for cp, bp ∈ P do

n← [. . . ]
for ct, bt ∈ T do

c← c(cp, ct)
l ← l(bp, bt)

n +← max(c, l)
end for
m +← min(n)

end for
e← min(m)

prediction with the ground truth. Firstly, the predictions’ shared label is compared with
the ground truth label. If the label is identical, then c = 0; otherwise, c = 1. Secondly,
the current prediction’s bounding box is compared with each ground truth bounding
box. If any of the combinations produce an IoU of 50% or greater, then l = 0; otherwise,
l = 1. Variables c and l are then compared to return the maximum of the two. Whatever
value is returned suggests the prediction and ground truth combination’s result.

1https://www.kaggle.com/c/imagenet-object-localization-challenge
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2.2 | Computer Vision
CV is a research area dedicated to digital imaging. This ranges from hardware convert-
ing analogue visuals into digital information to the compression of digital images and
videos to a smaller size. CV is also occasionally integrated with AI due to its sheer use-
fulness within this sector. CV is usually used within AI to offer machines the ability
to understand the visual features of a digital image [17]. Such processes are treated as
applications consisting of tasks, like image classification and object detection.

2.2.1 | Applications
Being one of the five essential human senses, applying vision to digital systems opens
a myriad of possibilities. In medical imaging, CV can be used to detect serious illnesses
and conditions. Indeed, Kumar et al. [44] utilised a CNN architecture known as U-Net
to accurately outline unhealthy masses through CV. This is also not the only instance
where U-Net had been applied in medical applications [45]. They obtained a dataset
comprised of mammograms and annotated the different types of breast masses. CV
has also seen some use within transport, for instance, in self-driving vehicles. Fujiyoshi
et al. [46] surmised that CNN architectures are a popular choice for such applications.
They even mentioned that a technique known as CAMs could be used in an end-to-end
system to explain the models’ predictions. Such models have also seen use within more
niche applications, such as when Higa et al. [47] applied CV models to planetary rovers
to predict fuel consumption by taking into account Mars’ terrain. CV and AI have also
been used in retail to automate checkouts. Santra and Prasad Mukherjee [48] surveyed
trends within such applications and listed multiple vision-based methods that were be-
ing utilised in such situations. This was then extended by cross-referencing the result to
the pricing, allowing the customer to automatically check out their products. Another
similar example of this is the Amazon Go system2. In relation to retail, CV could also
be utilised in security. Automating such applications could reduce unnecessary human
intervention in areas that need constant surveillance. Meanwhile, Jain et al. [49] used
CNNs to ensure safety within establishments by detecting weaponry. They utilised two
different datasets, where one was pre-annotated while the other was tailor-made for
the application in question. Another application in the same domain was created by
Morales et al. [50], who used CNNs to detect robberies within establishments. They did
so by modifying an image classifier to extract features instead. These features were then

2https://www.amazon.com/b?ie=UTF8&node=16008589011
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fed to long-short term memory (LSTM) layers to process a result via the frame sequence.
They also used a pre-annotated dataset known as UNI-Crime.

2.2.2 | Tasks
These applications are industry-level products that wrap different tasks into a tangible
system. These tasks are the underlying logic that dictates CV’s usefulness within such
applications. Therefore, these tasks are briefly reviewed to ensure that our understand-
ing of them guides this study to the correct outcome.

2.2.2.1 | Image Classification

Image classification is arguably the most straightforward utilisation of CNNs within
CV. The goal of image classification models is to convert an image into an appropriate
label. In other words, this task can be treated as a visual categorisation method. This is
similar to how us humans can recognise different types of objects by simply looking at
them [17]. While this task is simple in nature, it has multiple important use cases. For
example, Abubakar et al. [51] used image classification to help identify severe burns
via CV. They claimed that categorising these burns through CNNs reduced medical
costs whilst being more time-efficient. Meanwhile, Kaur and Gandhi [52] and Mathew
and Anto [31] used image classification to efficiently determine whether a magnetic
resonance imaging (MRI) instance shows a healthy brain. These use cases confirm that
image classification is best suited when singular images are the typical input. Moreover,
the input data should contain a clear view of the target object, eliminating the need for
any localisations.

2.2.2.2 | Object Localisation

Object localisation is an extension to image classification, where the localisation abilities
of image classifiers are reviewed [2]. In addition to the label provided in the training
set, bounding box data are supplied to the algorithm. Therefore, the outputted model is
able to provide both a label and bounding boxes when inferring its predictions. Object
localisation models are most useful in situations where the model is localising instances
of a singular class or if the class detected by the model is unimportant. An instance of
such functionality can be seen within this dataset [3]. While typically used within object
detection scenarios, the Karlsruhe Institute of Technology and Toyota Technological In-
stitute (KITTI) dataset offers subsets of its own dataset for specific categories. The KITTI
dataset provides a pedestrian-only dataset for person detection. Since only one label is
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utilised, object localisation is an applicable method for the task. Additionally, Sharma
et al. [25] used object localisation to decode license plates. Since only license plates were
the label of focus, object localisation was a logical method to implement.

2.2.2.3 | Object Detection

Object detection is similar to object localisation, but without the one label per image lim-
itation. This empowers models to detect multiple instances of different objects within
the same image. This significant upgrade allowed CV to be applied in even more differ-
ent scenarios [53]. The aforementioned KITTI dataset is used to train traffic-related AI
models for self-driving vehicles [3]. It contains labels related to pedestrians, vehicles,
and traffic signs. Each image contains annotations of all instances of those objects rather
than of just one. This changes the problem definition from finding a specific object to
essentially understanding a scene. There are other instances of transport-related studies
that utilise object detection as well [54, 55, 56, 57]. Therefore, in instances where mul-
tiple objects of interest are found within media, object detection is used to effectively
decode their locations.

2.2.2.4 | Image Segmentation

Image segmentation is used when the localisations provided by either object localisation
or object detection are not detailed enough. Image segmentation differs from object
localisation or object detection in that it classifies each pixel under a label rather than
classifying each bounding box. Thus, apart from simply classifying malicious breast
masses, Kumar et al. [44] also used image segmentation to outline them. While image
segmentation is quite a computationally expensive task, it has also been applied in a
similar way as object detection. Indeed, by integrating image segmentation with video
sequences, Chen et al. [58] were able to segment entire urban scenes. From this, it can
be inferred that image segmentation is most useful when the scene must be understood
entirely or when the exact shape of the detection is important.

2.3 | Summary
This chapter clarified the scope of this study by briefly introducing the AI and CV re-
search areas. This was done by segmenting CV into its respective tasks. It can be seen
that DL is superior to ML both in ease-of-use and performance. This is shown through
the critical nature of DL’s applications, which include medicine [44, 39] and transport
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[56, 57]. Since this study focused on CV, these differences are to be further explored in
that same scope.
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3

Literature Review

In this chapter, the CV tasks that were discussed in Chapter 2 are examined in fur-
ther detail. Image classification and object detection architectures are extensively stud-
ied to discuss their contributions. Each iteration is compared to a successor either
via the reported metrics, their unique features, or their applications. Supervised tech-
niques are also discussed. Multiple methods, such as fully supervised learning, unsu-
pervised learning, self-supervised learning, and weakly supervised learning, are briefly
reviewed. Weakly supervised learning is, however, discussed in further detail as an AI
explainability method known as CAMs could alternatively be used for weakly super-
vised object localisation. Since CAMs are also commonly applied with CV, they pre-
sented potential towards this study’s goals. Consequently, further investigations were
carried out on similar works that attempted to improve human annotation performance.
These studies helped with determining the most prominent aspects of such digital sys-
tems, shaping the end prototype of this study.

3.1 | Image Classification
Expanding on the information presented in Chapter 2, the following subsections review
multiple image classification techniques to evaluate their strengths and weaknesses.

3.1.1 | Machine Learning
In ML, image classification is usually carried out by extracting the visual features of the
image data and then using those same features as input data for a classifier. This clas-
sifier would then output the appropriate value which represented the predicted label
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[32, 33]. Similar to other ML methodologies, this complicated the annotation process
making AI more inaccessible compared to DL.

3.1.1.1 | K-Nearest Neighbours

One solution to perform image classification would be gathering similar images by their
features and showing them as clusters. This is how the k-nearest neighbours (KNN)
algorithm can be used for this purpose. This study reviewed multiple ML methods to
classify facial expressions [59]. Since the KNN algorithm is only a classifier, various
feature selection methods were used to prepare the input data. These included HOG
for extracting the features and PCA for reducing the dimensionality of those features.
Additionally, KNNs do not require any labels within the training data. Even so, Dino
and Abdulrazzaq [59]’s classifier achieved almost 80% accuracy under such conditions.
Another popular use case for KNNs is optical character recognition (OCR). Hazra et al.
[60] used KNN in this fashion, extracting the features of handwritten text via similar
methods. Other more applied uses for KNNs can be seen within plant health [61] and
transport [62].

3.1.1.2 | Support Vector Machine

KNN is usually used in either clustering or association tasks. This is due to the lack
of labels presented within the training data. When labels are provided, a classifier can
operate within a supervised scenario. An example of such a classifier is the SVM. SVMs
are algorithms that operate well in classification or regression tasks on data with a high
number of dimensions. These data can be considered as a Euclidean space of n dimen-
sions, with each data point in the space being represented by an n-dimensional Carte-
sian co-ordinate. Consequently, SVMs are trained by finding the optimal equation for
that graph, which is known as its hyperplane. The hyperplane is determined by max-
imising the distance between the nearest data points from each label. In CV, SVMs are
also used in a similar manner. An image can be deconstructed into its features by using
feature extractors like HOG and PCA [59]. These features are usually represented as
high dimensional features, which are then classified through the SVM. Despite being
a dated ML method, SVMs were still being used in recent years in medical use cases
such as this study by Mathew and Anto [31]. In this case, Mathew and Anto [31] used
wavelet transforms to extract the image features to be inputted to the SVM. Addition-
ally, the model was also able to perform segmentation. Other use cases include remote
sensing [63] and material classification [30].
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3.1.1.3 | Multilayer Perceptron

Another fully supervised classifier architecture is the multilayer perceptron (MLP). The
MLP is an NN-based architecture that uses fully connected layers. This is what is known
as a feed-forward network, as the network processes an image’s features, which are
calculated by transforming n-dimensional inputs via non-linear operations, through all
the layers once in sequence [65]. In its simplest configuration, an MLP could contain
as little as three layers: an input layer, a hidden layer, and an output layer. The hidden
layers can be increased to theoretically improve performance. Figure 3.1 shows an MLP
with four hidden layers. Each of these layers contains a set of artificial neurons, which
are the basis of NN architectures. Each neuron can have an input, an activation function,
and an output. In the case of a fully connected NN, like the MLP, the input of a neuron
usually consists of all the weights obtained from the previous neurons’ output. The
activation function of a neuron is simply a mapping of the summed values of the neuron
input’s weights. When using a non-linear activation function, such as rectified linear
units (ReLU), the result for the outputted value is max(0, x), where x is the neuron’s
input [66]. This result also represents the output of the neuron, which is typically passed
to all the next layer’s neurons in the MLP. To train an NN-based architecture like the
MLP, the weights are updated via an algorithm known as backpropagation. A batch
of images are passed through the network in a forward pass. The predictions are then
compared with the ground truths, where an error value is calculated via a loss function.
This error is then used to update the neuron weights in a backward pass. This is done
to minimise the loss function in the following forward pass. This cycle is known as an

Figure 3.1: The MLP architecture utilised for a surface water extraction algorithm [64]
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epoch. Epochs are processed until all training batches have passed through the network
[66]. Despite their simplicity, MLPs have been used in many complex scenarios. In
CV, they have been used for medical problems such as in the study by Ulloa et al.
[65], where brain MRI instances were classified to detect schizophrenia in patients. To
improve the classification rate, different types of MRI were used to create a multimodal
dataset. Therefore, one label contained more than one type of sample. Ellen et al. [66] too
used an MLP in their study; they experimented with classifying planktons using various
types of classifiers, including CNNs. The MLP reported almost 80% accuracy over 27
different classes. However, the researchers also commented that a CNN provides better
performance and ease of use when using large datasets such as theirs.

3.1.2 | Deep Learning
DL improved the ML workflow by removing the need to perform manual feature ex-
traction techniques such as the likes of the HOG [59], PCA [59], and wavelet transforms
[31]. In CV, DL is primarily applied via CNNs, which brought about the implementa-
tion of multiple CNN architectures. The latter have provided unique techniques which
helped improve the state of the art of image classification.

3.1.2.1 | AlexNet

Earlier implementations of CNNs were trained using central processing units (CPUs).
Due to the large amount of features that were extracted from images, this CPU pre-
requisite caused the training of DL algorithms to be cumbersome. However, a model
known as AlexNet, which was presented in the ILSVRC of 2010, showed an alternative.
AlexNet was trained by using graphical processing units (GPUs), which drastically ac-
celerated its training. When using a variant of this model in ILSVRC 2012, Krizhevsky
et al. [67] also achieved first place by presenting a low top-5 classification error (CE) rate
of 15.3%. This specific CNN architecture used five convolutional layers, each followed
by a max pooling (MP) layer. The model then ended with three fully connected dense
layers as the classifier [67]. Despite being considered a classic model, AlexNet was re-
cently used in prominent fields like medicine. Indeed, Lu et al. [68] used AlexNet as
an automatic feature extractor for brain MRI. There are also instances of AlexNet being
used in retail; Seker [69], in fact, used AlexNet to classify damaged fabric. In the same
vein, AlexNet was modified by Samir et al. [70] to both classify and localise forgeries of
art pieces.
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3.1.2.2 | Visual Geometry Group

AlexNet is relatively small in its architecture, it being comprised of only five convo-
lutional layers. However, each convolutional filter is quite large, resulting in AlexNet
containing 650,000 individual neurons [67]. In ILSVRC 2014, Simonyan and Zisserman
[35] implemented a CNN architecture known as Visual Geometry Group (VGG). VGG
is an experimental architecture that was implemented to discuss the effects of increas-
ing the depth of a CNN rather than the size of its receptive fields like AlexNet. VGG
brought about an algorithm in which the smallest configuration has eight convolutional
layers. The most complex configuration, which has 16 convolutional layers, achieved
a top-5 CE rate of only 7.3%. Additionally, VGG was also implemented with localisa-
tion in mind. It won the localisation challenge of ILSVRC 2014 with 25.3% top-5 LE.
Simonyan and Zisserman [35] also approved of VGG being used to further research
within CV, which prompted the creation of various implementations and applications
of VGG. Kaur and Gandhi [52], in fact, used VGG to classify brain MRI instances of dif-
ferent neurological conditions. In transport, a modified VGG was used by Bi et al. [71]
to determine whether it was capable of inferring traffic sign classifications accurately in
real time. VGG was also applied to forgery detection, such as in the study by Chang
et al. [72], to detect deepfakes. Chang et al. [72] handled this problem by presenting a
slightly modified version of VGG that was trained on a deepfake classification dataset
for celebrities. In addition to this, VGG was also applied to waste classification [73].

Figure 3.2: Inception module [74]
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3.1.2.3 | Inception

Both AlexNet and VGG are relatively complex models for their size, boasting 60 million
and up to 144 million individual parameters, respectively. This is due to the increase of
connections as the network deepens in layers. While hardware does continuously be-
come more computationally powerful over time, such large numbers of parameters do
prolong the training times and hinder the inference speeds of these architectures. An-
other architecture that attempted to resolve this issue was presented in ILSVRC 2014.
This architecture, which is known as Inception, mitigated the CNN efficiency problem
by introducing a component called the “Inception module”, which is illustrated in Fig-
ure 3.2. This module sets convolutions of different sizes within the same layer to be
concatenated. The number of parameters is consequently reduced while still preserving
performance [74]. Moreover, Inception was subjected to further optimisations, such as
the inclusion of a global average pooling (GAP) layer. This was done to avoid unnec-
essarily increasing the parameters like VGG. VGG flattens the image features for the
classifier, forcing high dimensional features to be determined as a singular array [35].
This increases the computational complexity required to process the predictions; how-
ever, Inception successfully avoids this issue. Inception performed better than VGG by
0.7% in terms of CE, taking first place in ILSVRC 2014. Additionally, Inception uses
fewer parameters than AlexNet by 12 times, leading to inference speeds that are up
to three times faster. Inception proves that optimising CNNs does have a quantifiable
benefit, both in efficiency and accuracy. The Inception architecture has been applied to
environmental scenarios, such as in the study by Feng and Tang [75], who used an up-
dated version of Inception to classify different types of garbage within an office space.
Gao et al. [76] used the same updated version of Inception as an automatic feature ex-
tractor for their flower classifier. Medically, Inception has seen use in mammogram
classification to detect breast cancer in patients [39].

3.1.2.4 | ResNet

Early CNN implementations, such as AlexNet, suffered from a phenomenon known as
the “vanishing gradient”. This problem emerged from the training technique known as
backpropagation. Even though the backward pass would update the weights via the
loss function, the error would barely change if the the weight value is small. In severe
cases, this would prevent the algorithm from converging [77]. A study that presented
an algorithm known as ResNet to ILSVRC 2015 attempted to solve this issue. The study
suggested that simply adding layers to the architecture would not force the model to
perform better. Instead, it was discovered that performance would inevitably degrade
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Figure 3.3: Skip connections in ResNet-34 [77]

the deeper a model is [77]. ResNet resolved this problem by implementing residual
learning. This technique was primarily applied via “skip connections”. These skip
connections are integrated throughout the architecture in blocks. They provide an al-
ternative path for the information to flow without adding any parameters. In turn, this
presents an identity function that preserves the gradient while preventing the weights
from becoming inconsequentially small, allowing a truly deep architecture to improve
[77]. Figure 3.3 shows a representation of these skip connections. ResNet is a family of
architectures that presents variations that have between 18 and 152 total layers [36, 77].
In ILSVRC 2015, the 101-layer variation presented a CE of 6.1% and an LE of 10.6%
when combined with a region proposal network (RPN) and regions with convolutional
neural networks (R-CNN). This novel architecture has been used for medical diagnoses,
for instance, to classify burns [51]. Additionally, unmanned aerial vehicles (UAVs) too
have benefited from this architecture as Seidaliyeva et al. [78] used ResNet to classify the
status of such vehicles. ResNet has also been used for synthetic-aperture radar (SAR)
imaging to classify sea ice [79]. Another study used ResNet to classify waste [73].

3.1.2.5 | Inception-ResNet

Inception-ResNet is an experimental architecture that explores the effect of skip con-
nections when integrating them with the updated InceptionV3 architecture. The cre-
ation of this architecture was inspired from the significant performance increase yielded
by residual learning. While Inception-ResNet only improved ResNet’s performance by
0.2% top-5 CE, the training time significantly decreased in comparison to the standard
InceptionV3, implying that CNNs were becoming even more accessible to researchers.
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This specific architecture has been implemented in industrial use cases such as, vehicle
classification [80] and satellite imagery [81]. Additionally, it has also been employed
in chemistry where, Zhang et al. [82] used Inception-ResNet to detect a fish allergen
known as parvalbumin.

3.1.2.6 | Xception

As with Inception-ResNet, Xception was implemented by using Inception as a basis.
However, Xception applies depthwise separable convolutions rather than Inception mod-
ules. This block separates the red, green, blue (RGB) channels of the input features and
calculates their result individually. This is implemented by using a standard depthwise
convolutional layer followed by a pointwise convolutional layer. Instead of multiplying
all the convolutions together, the channels are calculated separately and then simply
added together, reducing the computational complexity of the algorithm whenever this
block is applied [84]. This block can be seen in further detail in Figure 3.4. Despite this
major change, the model achieved a slight improvement of 0.05% in top-5 classification
accuracy over InceptionV3 on the ImageNet validation subset. Further investigations
revealed, however, that Xception performed even better than InceptionV3 on a different
dataset known as FastEval14K. FastEval14K is another dataset that is used for image
captioning, where an image has multiple labels rather than just one. FastEval14K, in
fact, presents an average of 36.5 labels per image. Xception reported a relative improve-
ment of 4.3% mean average precision (mAP)@100 over InceptionV3 when using this
dataset [84]. Applying mAP to the top-100 predictions in image captioning scenarios is
logical, as multiple labels would always be predicted. Additionally, FPs are more likely
than FNs due to the large number of predicted labels. Therefore, Xception presents a
marginal improvement in generalisation over InceptionV3. Consequently, Xception has
been applied to very niche use cases, for instance, in microbiology [85, 86], as well as a

Figure 3.4: Depthwise separable convolution in MobileNet [83]
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rudimentary form of image captioning to classify entire scenes [87].

3.1.2.7 | MobileNet

MobileNet is a CNN that was implemented with embedded systems and mobile devices
in mind. This resulted in an architecture that is deep but also efficient in both training
time and inferences. It contains 13 million parameters with 28 total layers [83]. This ef-
ficiency was achieved via the same depthwise separable convolutions used in Xception
[84]. Despite being primed for efficiency, MobileNet achieved 70.6% top-1 classification
accuracy while VGG achieved 71.5% top-1 classification accuracy [35]. Considering the
91% decrease in parameters, MobileNet proved to be an effective architecture. Addi-
tionally, MobileNet was also developed with the intention of integrating it with object
detection and image segmentation algorithms [83, 88]. This shows its versatility and
effectiveness within other CV tasks. MobileNet has been used in many scenarios where
efficiency is usually a requirement, such as environmental [73, 89], security [90], and
medical [91] applications.

3.1.2.8 | NASNet

Previous architectures were designed to advance the state of the art or fill a research
gap. This was achieved by manually implementing new architectures or by improving
on their predecessors. NASNet is an experimental architecture that was automatically
implemented by a digital system using an RNN. The RNN is tasked to discover the op-

Figure 3.5: NAS flowchart [92]
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timal layers on a small dataset, such as CIFAR-10. Once found, this baseline architecture
is stacked onto other similarly acquired layers, which are then evaluated on other larger
datasets, such as ImageNet [92]. This process, which is shown in Figure 3.5, is known as
neural architecture search (NAS). Repeating this process yielded various NASNet archi-
tectures. Despite not being a handcrafted solution, NASNet achieved 0.2% higher top-5
classification accuracy than Inception-ResNet. While this is only a meagre improve-
ment, the architecture presented a 28% decrease in computational complexity [92]. This
further supports the argument that CNNs can improve in accuracy even if efficiency is
prioritised. While not as popular as other examples, NASNet has been used for secu-
rity applications. Indeed, this study by Radhika et al. [93] used a modified NASNet to
perform biometric recognition. NASNet was modified by further optimising some of
the layers. Meanwhile, Bakkali et al. [94] trained NASNet on a multimodal dataset to
classify physical documents both by their appearance and text. Additionally, NASNet
has been used in remote sensing applications [95].

3.1.2.9 | EfficientNet

Usually, CNN architectures are designed with a specific goal or improvement in mind.
ResNet was implemented to resolve the “vanishing gradient” problem [77] while Mo-
bileNet was optimised for low-powered devices [83]. While this mentality produced
competent algorithms, it also reduced their flexibility. As a result, these models suffer
in performance when they are applied outside of their original scope. This is what a
study known as EfficientNet attempted to solve. EfficientNet is more an ideology than
simply a family of architectures. The study implemented a principle that helps with the
scaling of CNNs to quickly adapt the architecture to any set of requirements [96]. This
is done by using a “compound coefficient” that serves as a basis to determine the width,
depth and resolution of an architecture. Different combinations of these attributes can
contribute to an increase in accuracy, efficiency, or both. As a demonstration, Tan and
Le [96] first used NAS to develop a baseline architecture called EfficientNet-B0. Then,
they applied the principle in order to create variations of the baseline network for differ-
ent use cases. This generated the architectures EfficientNet-B1 to EfficientNet-B7, which
increase in complexity by ascending order. The principle proved true, as accuracy in-
creased with each scale. EfficientNet-B7 outperformed models like NASNet by 1.4%
top-1 classification accuracy while using 26% fewer parameters [96]. The baseline ar-
chitecture, EfficientNet-B0, outperformed ResNet-50 in top-1 classification accuracy by
1.1%. Additionally, the baseline architecture is even more efficient than ResNet-34 with
only 11 million trainable parameters. This novel algorithm has been used in various
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fields such as agriculture [97], transport [98], and even astronomy [99].

3.2 | Object Detection
Just as in the image classification section, different object detection architectures are re-
viewed in this section to discuss their contributions to CV. In ML, these object detectors
are mostly used as feature extractors, which complicate human annotation efforts. In
DL, some of the CNNs are used in conjunction with deep image classifiers to convert
them to deep image localisers. Additionally, some of these CNNs use image classifi-
cation architectures as base networks for their detection capabilities. A small portion
of the reviewed object detectors also use unique annotation methods that could have
increased their performance.

3.2.1 | Machine Learning
In ML, feature extractors, such as the HOG, are integral for object detection. Other
ML techniques, such as edge detection and Haar cascades, have been used for similar
purposes and served as the basis for modern object detection.

3.2.1.1 | Edge Detection

Edge detection is a method that is commonly found within CV applications due to its
simplicity as an image filter. Despite its limited use, edge detection could prove to be
an effective solution to various problems. Wang et al. [100], for instance, proposed an
ML solution to detect landslide hazards. They used canny edge detection in conjunction
with other image processing algorithms like Otsu’s threshold to monitor cracks in the
ground. When it comes to transport applications, Hasabnis et al. [20] used canny edge
detection to detect lanes. Since edge detection is only an image filter, it exhibited low
computational complexity. This allowed it to infer its results in real time, which is a

(a) Original image (b) Edge detection output (c) Final result

Figure 3.6: Edge detection algorithm applied to lanes [20]
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requirement when applied to self-driving vehicles. Figure 3.6 shows sample images of
the process of edge detection when applied to lane detection.

3.2.1.2 | Histogram of Oriented Gradients

The HOG could be considered as an extension to edge detection. This is because the
HOG is also able to provide the edge direction. This reveals differences in luminance
within an image, leading to the implementation of concrete object detection applica-
tions. Déniz et al. [101] used HOG as a face detector, which is a popular application for
it. Figure 3.7 illustrates the HOG and how it represents facial features. Another effec-
tive application for HOG includes person detection, as seen in Watanabe et al. [102]’s
study. Machine damage detection [103] and weed detection [24] are some other use
cases involving the HOG.

3.2.1.3 | Haar Cascades

When compared to other feature extractors like Haar cascades, the HOG is quite inef-
ficient. Haar cascades use various types of features, such as edges, lines and the four
rectangle features. Like the HOG’s gradients, these features describe the image contents.
Haar cascades use these features to detect patterns that fit the target object (see Figure
3.8). Its most prominent application is the Viola-Jones face detector [105], an early exam-
ple of real time object detection. Haar cascades have also been applied to detect other
objects that presented discriminative features. Reiser de Melo et al. [104] used Haar

(a) Zoomed HOG sample (b) HOG output on face

Figure 3.7: HOG face visualisations [101]

32



Chapter 3. Literature Review 3.2. Object Detection

cascades to create an efficient sign language interpreter. It must be noted, however, that
when the target object varies in presentation, Haar cascades suffer in performance [106].

3.2.2 | Deep Learning
CNNs have enhanced the performance of object detectors. As a result, many researchers
have designed novel CNNs due to their ease of use. Some of these networks have ex-
tended the functionality of classifiers to become localisers. Other deep object detectors
have presented alternative image annotation techniques. This section discusses these
object detectors in further detail.

3.2.2.1 | OverFeat

OverFeat is a CNN architecture that can handle multiple CV tasks. Sermanet et al. [107]
designed OverFeat for image classification, object localisation, and object detection; it
was itself a candidate for ILSVRC 2013. To integrate localisation and detection func-
tionality, Sermanet et al. [107] used the sliding window approach. This empowered
OverFeat to produce bounding boxes. It won both the localisation and detection chal-
lenges at ILSVRC 2013. Despite it being a dated architecture, it was still employed in
some relatively recent CV-based applications. Indeed, Biswas et al. [108] used OverFeat
as a vehicle counter in traffic scenes. Similarly, Rad et al. [109] applied OverFeat for
waste detection in the streets.

3.2.2.2 | Regions with Convolutional Neural Networks

Girshick et al. [40] introduced R-CNN as an object detector. When evaluating the model
on ImageNet, R-CNN presented a 30% increase in mAP when compared to OverFeat.
Instead of using the sliding window approach, Girshick et al. [40] opted to use region
proposals. However, the original R-CNN model presented up to 2,000 region proposals.

Figure 3.8: Haar-like features on face [104]
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This prevented the model from inferring its results efficiently. In fact, it was typical for
R-CNN inferences to take up to 13s per image on a GPU. This issue inspired Girshick
[110] to implement Fast R-CNN. Fast R-CNN managed to improve inference speeds by
replacing the extraction of 2,000 region proposals with a feature map. This minimised
the search space for Fast R-CNN, reducing its computational complexity. The feature
map was then processed by a modified deep image classifier. In this case, Girshick
[110] used VGG16 as the localiser. Consequently, this reduced its prediction times. Fast
R-CNN was able to output detections in under 3s per image [110]. While still not suit-
able for real time object detection, the architecture exhibited a significant improvement
in efficiency. Ren et al. [38] further contributed to the R-CNN family by introducing
Faster R-CNN. Instead of the selective search used in Fast R-CNN, Ren et al. [38] ap-
plied an RPN in Faster R-CNN, this being a dedicated network used to efficiently deter-
mine regions of interest (RoIs). Figure 3.9 illustrates this network’s design. This reduced
the inference times of Faster R-CNN down to 0.2s. Thus, Faster R-CNN is suitable for
non-critical real-time applications. Many applications used an R-CNN model within
their implementation. Dhungel et al. [111], for example, applied the original R-CNN ar-
chitecture to detect malicious masses within mammograms. Meanwhile, Ahmad et al.
[112] used Fast R-CNN to detect faults in manufacturing processes. Su et al. [113] used
Faster R-CNN to detect lung nodules via CV. On a much larger scale, Mao et al. [114]
used Faster R-CNN to detect cracks in dam structures for safety.

Figure 3.9: RPN diagram [38]

34



Chapter 3. Literature Review 3.2. Object Detection

3.2.2.3 | You Only Look Once

The R-CNN family of architectures uses what is known as a two-stage approach. In a
two-stage approach, the model proposes the regions to be classified. Then, the model
classifies those regions as part of either the foreground or the background. CNNs like
the You Only Look Once (YOLO) family of architectures, however, use a one-stage ap-
proach [41, 116, 117]. The original implementation of YOLO splits the image into a
grid. The resulting crops are then classified and accompanied with a confidence score.
If the confidence score meets a specific threshold, the bounding box is verified. While
YOLO is inferior to Faster R-CNN by 10% mAP, it can achieve speeds of 45 frames
per second (FPS) [41]. The sheer speed of this model indeed makes it very attractive
for real time applications. Additionally, YOLO also uses a deep image classifier as
a base network. While the YOLO architectures primarily use a tailor-made classifier
known as DarkNet, the latter can be replaced with VGG16. The general architecture
of YOLO is shown in the diagram depicted in Figure 3.10. Over time, YOLO was im-
proved with more iterations. YOLO9000 updated its DarkNet classifier with a higher
resolution and multiscale features, which improved its accuracy while preserving its
speed [116]. Redmon and Farhadi [117] applied many experimental changes, retaining
the ones that yielded a positive result. One such change involved the replacement of the
DarkNet-19 classifier with DarkNet-53. Despite the larger base network, YOLOv3 is still
able to infer its predictions at 45 FPS while improving its localisation capabilities. The
performance exhibited by these networks attracted many researchers to apply them to

Figure 3.10: SSD and YOLO architectures visualised for comparison [115]
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their own studies. Primarily, such researchers were working on applications requiring
a quick model. YOLO has, in fact, been employed in self-driving vehicle applications,
such as for traffic light detection [118], license plate recognition [119], pedestrian de-
tection at night [57, 120], and vehicle detection [121]. Other time-sensitive applications
involving YOLO include weapon detection [122] and building rubble detection [123].

3.2.2.4 | Single Shot Detector

Single Shot Detector (SSD), which is visualised in Figure 3.10, is a one-stage object de-
tector like YOLO. First, SSD extracts the feature maps of the image via a deep image
classifier. Liu et al. [115] used VGG16 to perform this step. Since this can be replaced
with any deep image classifier, SSD is a modular architecture [88]. To efficiently pre-
dict the location of a target object, SSD uses small convolutional filters rather than an
RPN. Furthermore, SSD detects objects of various sizes by applying these filters at dif-
ferent scales. Liu et al. [115] evaluated SSD as well as the original YOLO model and
Faster R-CNN using VGG16 as the base network, where SSD outperformed the other
two architectures. Indeed, SSD can achieve up to 76.8% mAP on the PASCAL VOC 2007
dataset, whereas Faster R-CNN and YOLO achieve 66.4% and 73.2% mAP, respectively.
Additionally, SSD reported inference speeds of 22 FPS when using its highest resolu-
tion. While YOLO is faster, SSD is more accurate. Consequently, despite the slower
inference speeds, there were studies that used SSD in time-sensitive scenarios. Li et al.
[124] applied SSD to survey train tracks for either landslide debris or unauthorised per-
sonnel. Another study used SSD to monitor important assets at construction sites [125].
Self-driving vehicles can also benefit from SSD, as shown by Chen and Shin [126], who
analysed its effectiveness on multi-spectral pedestrian detection.

3.2.2.5 | Feature Pyramid Network

While both YOLO and SSD use multiscale features, they still proved inadequate in de-
tecting small objects. Lin et al. [127] developed and implemented an object detection
technique known as a feature pyramid network (FPN) with the aim of tackling this is-
sue. FPNs take an image as input and output individual feature maps in various scales.
These can be represented as a pyramid comprised of differently sized layers. Similar to
the concept of RPNs, FPNs solve this issue by creating a dedicated network. Addition-
ally, Lin et al. [127] developed FPNs to be modular. In their study, Lin et al. [127] used
an FPN-empowered Faster R-CNN with ResNet-101 as the full solution’s backbone. On
a dataset known as Common Objects in Context (COCO), the FPN-empowered model
achieved 36.2% average precision (AP). The same Faster R-CNN architecture without
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the FPN gained 34.9% AP. Moreover, the FPN-empowered model inferred its predic-
tions quicker than the original Faster R-CNN by 14%. This shows that FPNs provide a
considerable advantage to object detectors. Various studies have employed this method
in instances where the target object is small or easily missed. Chen et al. [128] integrated
an FPN with a modified RPN to detect faraway ships via SAR. Meanwhile, Ou et al.
[129] integrated an enhanced version of an FPN with Inception-ResNet to produce a
competent drug pill localiser.

3.2.2.6 | RetinaNet

While one-stage object detectors provide competent architectures, they often perform
worse than two-stage object detectors. This can be seen when comparing the perfor-
mances of SSD and YOLO with R-CNN. Lin et al. [130] investigated this issue in great
detail and discovered that one-stage detectors are prone to FPs. This is because algo-
rithms like SSD generate many localisation proposals that do not fit with any label. To
resolve this issue, they developed a loss function known as focal loss [130]. To demon-
strate this technique, they implemented a one-stage object detector called RetinaNet.
Like other one-stage object detectors, RetinaNet uses a deep image classifier as a base
network for classifications. For the purpose of their work, Lin et al. [130] used ResNet-
101. RetinaNet uses a bounding box regressor combined with an FPN to increase effi-
ciency. When evaluated on COCO, RetinaNet achieved 39.1% AP, which was 2.3% bet-
ter than the state of the art [130]. This proves that the focal loss technique improves the
performance of one-stage object detectors, so much so, that the model’s performance
might exceed that of two-stage object detectors. Several studies have also used this
novel architecture within their applications. Liu et al. [131] used RetinaNet to detect
pneumonia through x-rays, while Santos et al. [132] used RetinaNet to develop a storm
drain detector to improve urban planning procedures.

3.2.2.7 | CenterNet

In the object detection domain, there exist several annotation methods. Usually, these
annotations would comprise four values that draw a box. This box contains the ob-
ject of interest and is a ground truth sample. However, there is an annotation method
that uses keypoints instead. In the object detection architecture known as CornerNet,
these keypoints represent only two corners of a bounding box, as shown in Figure 3.11.
CornerNet managed to reduce the effort required for annotation; however, it produces
subpar results. Duan et al. [133] implemented a possible solution to this issue; they
improved on CornerNet by integrating an efficient method to analyse the centre of the
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bounding box. This was done by using an extra point - the geometric centre of the object.
Additionally, they integrated two modules: centre pooling and cascade corner pooling.
These modules enriched the features detected by CornerNet at the relevant keypoints,
verifying its own predictions. This architecture is called CenterNet [133]. CenterNet
achieved 47% AP on COCO, indicating a 4.9% improvement on CornerNet. Further-
more, CenterNet infers its predictions at 3.7 FPS, which is faster than CornerNet [133].
Many studies have used CenterNet to apply keypoint-based annotations to their ap-
plications. Wang et al. [134] implemented a helmet detection application for enhanced
safety at construction sites. Meanwhile, Liu et al. [135] used CenterNet with the goal of
creating an efficient hand-raise detector for the classroom.

3.2.2.8 | EfficientDet

EfficientDet is a modular object detector that uses the EfficientNet family as the deep
image classifier base network. As with EfficientNet, Tan et al. [42] implemented a prin-
ciple to effectively scale the entire architecture, which could complement the compound
scaling applied to the base network. To further improve object detection efficiency, they
also proposed a bi-directional feature pyramid network (BiFPN). This is an improved
version of the original FPN, which combines both a top-down and bottom-up approach
when generating feature maps. Additionally, the feature maps are weighted to fur-
ther balance the detections and avoid unnecessary overhead, thus presenting more ef-
fective feature fusion, which reduces feature complexity. When evaluated on COCO,

Figure 3.11: Image annotation via corner keypoints [134]
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EfficientDet-D0 outperforms YOLOv3 by 0.8% mAP while performing 28 times less
floating point operations per second (FLOPS). Researchers have used EfficientDet and
its variations in many use cases, presenting it as an effective architecture in transport-
related scenarios [55, 56]. Furthermore, by combining it with a modified version of an
LSTM, Gupta et al. [136] implemented a visual question answering (VQA) application
via EfficientDet. You et al. [137] also used EfficientDet to train a garbage classification
model via UAVs.

3.3 | Supervised Techniques
Researchers train AI models by using a dataset as their source of information. The struc-
tures of these datasets can vary. In image classification, the annotations present them-
selves as labels. This supporting set of annotations is also known as the “ground truth”.
Their goal is to provide the correct learning material for the AI model. Therefore, they
supposedly represent a perfect example of their label.

3.3.1 | Fully Supervised Learning
Fully supervised learning produces a dataset that is perfectly suited for its task. Most
of the architectures discussed in Sections 3.1.2 and 3.2.2 use fully supervised learn-
ing. In object detection, annotations even extend to individual instances within images
[107, 40, 41]. This is taken a step further in image segmentation due to it requiring
pixel-level annotations, as Figure 3.12 illustrates. Annotating each individual image
requires considerable human resources. Thus, creating fully supervised annotations
for CV datasets is a rather time-consuming task. Additionally, the amount of effort re-
quired might discourage annotators from providing high-quality annotations. Sambasi-
van et al. [16] showed how such low-quality annotations could have real consequences,
further strengthening the argument that annotators should use a digital facilitator for
their work. This is especially true in the case of fully supervised learning.

3.3.2 | Unsupervised Learning
Unsupervised learning is the absence of any metadata within a structured dataset. There-
fore, it would contain no annotations. Unsupervised learning is frequently applied in
clustering or association scenarios. This study by Caruso and Gattone [21], for instance,
used KNN to discover waste recycling trends between locales. In other words, unsu-
pervised learning is most useful when researchers need to extract relationships from
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(a) Sample containing a person and an an-
imal

(b) Sample containing multiple types of
furniture

(c) Sample containing various airline
items

(d) Sample containing people in baseball

Figure 3.12: COCO instance segmentation annotations [138]

unlabelled data. However, since there is a lack of annotations, most of the work lies
with data acquisition [21]. Thus, it can be concluded that unsupervised learning is not
truly applicable to this study. Additionally, its applications differ from ones that use
fully supervised learning. In fact, CV applications that use unsupervised learning fall
under standard image processing. Studies have used unsupervised learning for image
denoising [139], reconstruction [140] and compression [141]. This further shows how
unsupervised learning has limited CV applications.

3.3.3 | Self-Supervised Learning
Self-supervised learning could be considered as an extension of unsupervised learning.
Researchers apply it to train AI models for classification without any annotations. This
supervised technique is generally used within NLP. In fact, recent NLP models such, as
BERT and GPT-3 are self-supervised models [142, 143]. However, there are CV applica-
tions that use self-supervised learning. Jiao et al. [144] used self-supervised learning on
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fetal ultrasound footage as medical annotations are expensive. They developed a self-
supervised model that could reorder footage and segment images. Similarly, Noroozi
and Favaro [145] shuffled images to train a self-supervised model, the goal of which
was to learn the object’s features while reordering the image. Despite the absence of any
annotations, such methods can still be unstable. Jiao et al. [144] reported that their self-
supervised model achieved a 75.7% F1-score on visual saliency. Meanwhile, Noroozi
and Favaro [145] reported that their model achieved only 68% classification accuracy.
Additionally, the same model achieved 53% detection accuracy and 38% segmentation
accuracy. Self-supervised models are also computationally expensive to train, despite
the lesser amount of annotations compared to fully supervised learning. In fact, Noroozi
and Favaro [145] trained their model for three days on an NVIDIA Titan X GPU.

3.3.4 | Weakly Supervised Learning
Weakly supervised learning aims to match fully supervised model performance through
cheap labels [12]. These types of labels can present themselves in different ways. Lee
et al. [146] used this method to reveal the words that contributed to the overall sentiment
of a document. Another study by Marino et al. [147] aimed to perform image segmen-
tation via image-level labels only. Therefore, a dataset’s annotations are considered as
“weak” when it doesn’t provide all the necessary detail for fully supervised training.
This study lists and discusses a number of weakly supervised learning paradigms.

3.3.4.1 | Semi-Supervised Learning

Researchers are often limited in their data annotation efforts. Such limitations are espe-
cially true if they are performing an independent study. These limitations usually bring
about either small or incomplete datasets. A weakly supervised technique known as
semi-supervised learning aims to resolve this issue by using the already labelled data to
infer the annotations of the unlabelled samples. Yoon et al. [148] used semi-supervised
learning to enhance their stock investment model with fewer data. Semi-supervised
learning simplified data acquisition as stock investment data can be scarce or vague.
Some researchers have also applied this supervised technique to CV. Chen et al. [58]
used a semi-supervised model to segment urban scenes. Reducing the number of anno-
tations reduced the overall effort required from the researchers to annotate their dataset
[58]. Despite the reduced effort, however, this supervised method can also still present
instability, especially due to performance degradations, which are often overlooked by
the metrics used [149].
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3.3.4.2 | Heuristic Rules

There exist algorithms that are too complex to solve in a reasonable amount of time. An
example of such an algorithm is the travelling salesman. This problem describes that a
travelling salesman must find the shortest route to visit all the settlements to sell their
wares [150]. Therefore, it can also be considered as a route optimisation problem. One
method to reduce the amount of time required to solve such problems is to use heuristic
rules. These are solutions to such problems that sacrifice either precision, optimisation,
or completeness. This is similar to the concept of weakly supervised learning; in fact,
weakly supervised learning benefits from heuristic rules. Weakly supervised learning
may use heuristic rules to further support the annotations included. This study by Wolf-
son et al. [151], for instance, used a set of heuristic rules to map NLP to Structured Query
Language (SQL). The subject expert then uses these rules to develop their statement.
The overall focus of these methods is to simplify annotation efforts. In fact, Snorkel is
a framework centred around weakly supervised data annotation [14]. Similar frame-
works also extend to CV, as seen with Snuba [15]. Despite these powerful frameworks,
they still require a subject expert to program the rules and conditions needed. Therefore,
there is still a significant amount of effort required. Furthermore, the annotator could
also make mistakes, reducing the accuracy of the annotations [14].

3.3.4.3 | Multiple Instance Learning

Another weakly supervised technique is multiple instance learning (MIL). This tech-
nique’s methodology alters the traditional AI workflow by introducing the following
three steps:

� Organise different sets of unlabelled examples into bags

(a) Original image (b) Extracted patches (c) Patches designated la-
bels

Figure 3.13: MIL annotation process in medical imaging [152]
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� Label each bag as positive if it contains the required classification

� Label the rest as negative

When applied to CV, these bags are analogous to image crops. Xu et al. [152] employed
MIL to segment cancerous regions in the body, as illustrated in Figure 3.13. MIL has
also been used as a dataset annotator helper. Since MIL lattices images, the crops can be
treated as bounding boxes, which in turn, provide both positive and negative examples
of the label [13]. As a result, the dataset would be fully supervised, albeit with imprecise
and unnecessary annotations. Despite its use within CV, MIL is ideal for binary classi-
fication. This is because the workflow requires the model to learn from a singular label
[153]. Since this study may require multiple classes, MIL is infeasible.

3.3.4.4 | Class Activation Maps

CNNs work like black boxes. It is impossible to answer why a trained model infers a
specific prediction using conventional debugging procedures. This issue brought about
the topic known as AI explainability. While not primarily used for weakly supervised
learning, some AI explainability methods can be used as such. Since CNNs are usually
deterministic, they present the same result for the same input. Therefore, it is theoreti-
cally possible to interpret an AI model’s results. CAMs, for instance, can be utilised for
CV explainability [154]. A model can generate a CAM by:

� analysing each label prediction’s weight from the final layer;

Figure 3.14: A standard CAM visualising a model’s focus on some pelicans’ distinct
features [154]
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� producing a feature map from the GAP or global max pooling (GMP) layer;

� calculating the dot product of the feature map and the prediction scores;

� upsampling the attention map to image resolution; and

� superimposing the upsampled data to produce a heatmap.

If a CNN was trained correctly, the model should present a “hot” area on the distinct
features of the label. An application can use CAMs as a weakly supervised learning
technique by further processing the heatmap. Marino et al. [147], in fact, used the acti-
vated pixels of the heatmap to segment potato defects. Then, a thresholding image pro-
cess is applied to produce the annotation [155]. According to Zhou et al. [154], there was
only an increase of up to 16.2% top-5 LE on one of the compared architectures. Despite
being a simple weakly supervised method, CAMs do present some drawbacks. Since
they show the distinct features of a prediction, it is likely that they present inaccurate
localisations. Figure 3.14 shows this scenario more clearly. Standard CAMs also require
the usage of a GAP layer as that is how a feature map is generated. This might force
changes within architectures like VGG, which do not use a GAP layer. This change
would then warrant the re-training of a model, wasting time. These issues inspired
many researchers to improve on CAMs, leading to the creation of many variations of
the same method. The following paragraphs include a review of these variations as
well as their contributions.

Grad-CAM Standard CAM methodologies might be infeasible due to their GAP or
GMP layer requirements. If researchers use CAMs on models like VGG16, the mod-
els would need to be re-trained as VGG16 flattens its features instead of pooling them.
Grad-CAM is a relatively recent AI explainability method that removes this requirement
[156]. Grad-CAM implements this feature by taking advantage of backpropagation.
Backpropagation produces a gradient which Grad-CAM uses for its attention map gen-
eration process by tracking the predicted label’s gradients via a backward pass. These
gradients are then multiplied with the feature map from the last convolutional layer to
produce a heatmap. According to Selvaraju et al. [156], this process allows Grad-CAM
to obtain more semantic information. In addition to this, Grad-CAM achieved a 0.7%
reduction in top-1 LE when compared to standard CAM methodologies. Selvaraju et al.
[156] evaluated these results via VGG16. Since no architectural changes were required,
VGG16 did not need to be re-trained. Furthermore, Selvaraju et al. [156] designed Grad-
CAM for other tasks, such as image captioning and VQA. In fact, Acharya et al. [157]
used Grad-CAM within their VQA application.
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Grad-CAM++ Despite its improvements, Grad-CAM still presents some drawbacks.
Since Grad-CAM is primarily an AI explainability technique, it is quite discriminative,
causing the heatmaps to focus on distinct features as in standard CAM. Furthermore,
Grad-CAM is less likely to detect multiple instances of the same label. Grad-CAM++ is
an incremental improvement of Grad-CAM that mitigates these issues [158]. The main
benefit that Grad-CAM++ provides is that it generalises CAMs even further, allowing
it to be a viable technique for both weakly supervised learning and AI explainability.
Chattopadhay et al. [158] also claimed that this could be achieved without a signifi-
cant cost in efficiency. Their main contribution was to introduce pixelwise weighting
to the calculation of the gradient, allowing Grad-CAM++ to effectively quantify the
contributions of a pixel to the classification. Since each pixel is considered, more exact
heatmaps are outputted, as represented in Figure 3.15. This requires the use of higher-
order derivatives, which are evaluated via automatic differentiation [158]. To test their
method, Chattopadhay et al. [158] used a metric called average drop percentage (ADP).
ADP is responsible for quantifying the irrelevance of the heatmap to the predicted la-
bel. Therefore, lower ADP represents better performance. Grad-CAM++’s ADPs was
shown to be 35.5% lower than Grad-CAM’s, showing that Grad-CAM++ is superior to
Grad-CAM.

Figure 3.15: Grad-CAM++ improvements over Grad-CAM [158]
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Score-CAM Score-CAM is another variation of the CAM methodology. However, it
presents some key advantages over both Grad-CAM and Grad-CAM++ [159]. Grad-
CAM and Grad-CAM++ use the gradients generated from the backpropagation pro-
cess. However, according to the researchers behind Score-CAM, this is an unreliable
technique. This is because the gradients are susceptible to noise from loss functions like
Sigmoid [159]. Noise clouds the CAM and builds an ineffective heatmap. The same
researchers also claimed that gradient-based CAM methods present false confidence.
Since the feature map is generated via the weights, there could be instances where at-
tention is either under- or over-valued [159]. This can lead to the discriminative issue
described when discussing CAM methods. Score-CAM is an experimental CAM tech-
nique that abstains from using gradients. Instead, it only requires forward passes to
produce a heatmap. Score-CAM does this by gathering the weights of each layer’s acti-
vation map. This is done with respect to the predicted class. It then produces the final
heatmap by linearly combining the weight and activation map values. Score-CAM pro-
duces more focused results with fewer inconsistencies within the heatmap. Figure 3.16
shows this on a few samples. Like Chattopadhay et al. [158], Wang et al. [159] also used
ADP to evaluate Score-CAM. Score-CAM achieved 14% less ADP than Grad-CAM++.
Despite its higher accuracy, Score-CAM presents another issue: as a consequence of
not using gradients, Score-CAM upsamples a substantial amount of activation maps
throughout the process. This increases its computational complexity, making it rela-
tively inefficient. This issue can be mitigated by limiting the number of activation maps
gathered. This is what led to the development of Faster Score-CAM, which improves

Figure 3.16: CAM comparisons between Grad-CAM, Grad-CAM++, and Score-CAM
[159]
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Score-CAM’s efficiency at the cost of its accuracy1.

3.4 | Related Works
Handcrafted annotations are the current standard for supervised techniques. Since this
implies a considerable amount of effort, human errors are likely. This led to the devel-
opment of digital systems that can improve human performance. Some systems use AI,
while others apply simpler solutions.

3.4.1 | Weakly Supervised Annotation Frameworks
Some dataset annotator helpers use weakly supervised learning as their core function-
ality. Since it infers results from cheap labels, it can be used to infer annotations. Like
this study’s goals, these systems do not aim to replace human annotators, but rather, to
serve human annotators by facilitating their work and improving their performance.

3.4.1.1 | Snorkel

Ratner et al. [14] argued that high-quality training data are both scarce and expensive.
To resolve this, Ratner et al. [14] developed a system to combine information gathered
from multiple data sources. Based on their framework’s usage, Snorkel can be used
to maximise the usage of data from differing sources. Ideally, the relevant information
would be in a structured format, such as a database. However, this is not always the
case. Medical data, for example, usually requires the intervention of a subject expert,
like a doctor [144]. Combining these different sources together increases the likelihood
of obtaining better samples. In the case of NLP, Snorkel can output a context hierarchy
for a sentence. Then, users can define heuristic rules that produce a label matrix. The
latter is used to train a generative model that predicts the label data. These annotations
are then fed to a standard CNN for supervised training. This model should use a noise-
aware loss function, which might complicate development as it would be a tailor-made
solution for the model used. Ratner et al. [14] performed a number of experiments both
within and outside of CV. To perform annotations for CV datasets, however, Snorkel
is applied in a cross-modal setting. This complicates development as the image data
would need to be accompanied by text data to define heuristic rules. In fact, Ratner
et al. [14] commented on the difficulty of using their framework on image data. Despite
this, Ratner et al. [14] reported that their weakly supervised models come within 3.6%

1https://github.com/tabayashi0117/Score-CAM

47



Chapter 3. Literature Review 3.4. Related Works

predictive performance of fully supervised ones. Additionally, Snorkel was found to
present a time advantage. When creating the fully supervised sample dataset, Ratner
et al. [14] recorded the labelling time to be 10s per image. Considering that the annota-
tions were performed 2.8 times faster, Snorkel possibly presents a worthwhile tradeoff.
Nevertheless, Snorkel’s users spent the majority of their time programming heuristic
rules. Thus, while there is a significant time advantage, Snorkel exponentially increases
the effort required for data annotation.

3.4.1.2 | Snuba

Like Ratner et al. [14], Varma and Ré [15] acknowledged the sheer difficulty of obtain-
ing high-quality annotations. There was, in fact, a desire to reduce annotation costs via
a digital system. Snuba operates similarly to semi-supervised learning as the frame-
work’s main use is to infer labels from a small subset to a larger unlabelled subset. Un-
like semi-supervised learning, however, Snuba is almost completely automated. Varma
and Ré [15] designed an iterative process that automatically creates the heuristic rules
by itself. This process is separated into different components that contribute to auto-
matic annotation. The synthesizer generates a heuristic rule. This rule is evaluated by a
pruner on a subset of the training data. If it performs better than the previous heuristic
rule of the same nature, the new heuristic rule replaces it. The verifier is a generative
model, which is used to determine the end condition for Snuba. Varma and Ré [15]
implemented the verifier to ensure that the probabilistic labels are not over-saturated.
Otherwise, this event would reduce end model performance. Snuba was tested on a vast
range of applications, including medical, generic and social media-related applications.
The medical datasets in question were actually CV datasets as they used x-rays or mam-
mograms, making Snuba very relevant to this study’s goals. Snuba is superior by up to
14.35 F1 points when compared to standard semi-supervised learning approaches. Ad-
ditionally, Snuba also outperforms user-defined heuristics, such as the ones presented
with Snorkel [14]. Despite the experimental and successful multiclass example, Snuba
is mostly primed towards binary classification scenarios. Additionally, Snuba has no
localisation applications. This makes it unsuitable for bounding box annotation scenar-
ios, which are common within CV. Despite being mostly automated, Snuba still requires
some initial user-defined heuristics for the small, labelled subset. In the case of medical
CV datasets, the users took days or even weeks to output the results. So, Snuba still
requires a lot of effort from data annotators to perform their work.
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3.4.2 | Tool-Assisted Crowdsourcing Systems
Crowdsourcing employs the general public or professional data annotators to annotate
a dataset. This is done with the aim of reducing the burden of annotation from the
researchers. The users’ annotations, however, may be of low quality; since users are
typically not subject experts, it is likely that their inexperience might interfere. Several
studies have developed solutions that help reduce the drawbacks of such crowdsourc-
ing systems. In other words, digital systems were leveraged to improve annotation
quality.

3.4.2.1 | Revolt

Revolt is a web-based crowdsourcing application that builds on traditional methods
by exploiting contrary user opinions. In their study, Chang et al. [10], performed a
crowdsourcing experiment to evaluate Revolt. Traditional systems only require users
to choose a category or draw a bounding box. Revolt asks for further details from its
participants on why or how they deduced that answer [10]. It does so by splitting the
crowdsourcing process into three stages: voting, explaining and categorising. In their
experiment, voting consisted of asking the users whether an image included a “cat” or
not. Users were also supplied with a “not sure” option, if necessary. Revolt does this to
avoid forcing users to perform annotations they are not confident about. The explain-
ing stage incorporated a text area for users to reveal the logic behind their choice. The
final stage presented a user with several image and category combinations from other
users. Additionally, explanations from other users were also included to inform the rel-
evant user of the reasoning behind others’ decisions. From there, the user was able to
either create their own category or choose one of the other users’ categories [10]. These
statements were also performed in real time; in other words, users were labelling their
images and sharing their opinions as a group at the same time. This minimised the
time taken for data collection [10]. To further their investigation, Chang et al. [10] devel-
oped variations of Revolt to analyse the consequences that different labelling conditions
could bring. For example, both a standard crowdsourcing solution and a non-real time
application were developed to effectively compare results. Chang et al. [10] reported
that Revolt improved the accuracy of annotations by up to 7.1% on a separate vehicle
dataset. However, this result did come at an increased time and monetary cost as Re-
volt users took approximately an additional 7s per entry [10]. Moreover, the complex
nature of their system presented a high dropout rate. In their initial prototype, users ex-
ited at a rate of 50%. Implementing several improvements, such as progress indicators
and clearer instructions, reduced the rate to 5% [10]. This shows the importance of user
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interface (UI) and user experience (UX) design.

3.4.2.2 | The Cure

Cancer is a severe illness that has affected many lives worldwide. Gathering medical
data on different types of cancer, such as breast cancer, can improve its treatment. Good
et al. [9] used crowdsourcing to collect as much information as possible that could aid
with breast cancer prognosis. Crowdsourcing is usually seen as a task that requires ef-
fort, so Good et al. [9] converted the crowdsourcing system to an online, web-based
game to reduce the user’s notion that they are using up their free time on a work task
that does not benefit them. Instead, the users played the game to have fun or pass the
time. Initially, the players were asked to register. The registration process included
short questions that were used to build the demographics of the player population.
The demographic questions helped segment the players, revealing trends correspond-
ing to their gameplay. For example, 57.1% of the players knew some biology and had
a basic understanding of cancer. The game put the players against an automated op-
ponent to choose cards from a board. This board was shared, so if the opponent took
a card, the player could not use it anymore. Each card represented a gene, and the
player’s goal was to build a set of genes before their opponent did. During gameplay,
the player’s choices served to build a random forest classifier. This classifier was then
evaluated to determine the player’s score. These gene scores were then used to build
a life expectancy dataset for breast cancer patients. Therefore, this game represents an
interactive method of data annotation. To evaluate their dataset, Good et al. [9] used an
SVM with the goal of correctly predicting whether a specific gene set suggests a 10-year
survival. This was done to report the players’ contributions in comparison to informa-
tion recorded in other works. After aggregating the results, the best performing model
trained from the end dataset came within 1% of the best performing classifier. It must
be noted that, this classifier was trained on all of the entries. Therefore, both experts
and novices in biomedicine contributed to producing the best classifier. This shows that
non-experts are useful for crowdsourcing, regardless of what the application involves.
Additionally, this reiterates the importance of good UI and UX in a web application.

3.5 | Summary
This chapter listed a range of dated and state-of-the-art techniques to impartially deter-
mine the ideal methods to apply within the methodology. In large-scale image classifica-
tion and object detection, ML techniques like SVMs are inferior to DL models like CNNs
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in terms of performance and ease of use [66]. This is also applicable when considering
data maintenance, as ML models require feature selection, albeit that they are more eas-
ily explainable than DL models. In view of their effectiveness, many relevant CNNs
were reviewed to list their features and compare their performance. Notably, most of
the object detectors discussed use image classifiers as their backbone, alluding to the
importance of classification. This is especially true when considering that CAMs can be
integrated with such classifiers. Incorporating CAM techniques in image classifiers pro-
duces weakly supervised object localisers. Such models can provide localisations even
without them existing in the original annotations. This reduces the effort required from
both the dataset annotators and the AI researchers to develop a CNN model.
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4

Methodology

A set of techniques described in Chapter 3 were used to develop the proposed solution.
As already stated, this study used a pipeline, thus presenting the solution via different
modules based on the study’s objectives. Therefore, each module produced a set of
results related to its respective objective. The modules are:

� Crowdsourcing emulation: This study developed a web-based crowdsourcing
application to extract human annotation behaviour.

� Annotations comparison: CAM-empowered weakly supervised object localisers
are trained to be evaluated together with the crowdsourcing participants.

� Human reliability evaluation: By using a separate web form, the results achieved
in the previous module were verified.

4.1 | Solution
The proposed solution tested the hypothesis in Section 1.4 by answering the research
question posed in Section 1.3. To this end, a pipeline guided the implementation which
was eventually split into three different modules. This pipeline is presented in Fig-
ure 4.1. Evidently, the pipeline diagram showcases all the modules in sequence. Each
module is discussed in further detail in Sections 4.1.1, 4.1.2, and 4.1.3. The pipeline also
reveals the most prominent information that is passed between each module. Due to the
image annotation focus of this study, most of the data required came from the original
dataset utilised.
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4.1.1 | Crowdsourcing Emulation
This study retrieved information concerning human annotation behaviour by collecting
image annotations via an interactive web application that allowed its participants to la-
bel images and draw bounding boxes around them. This application used images from
ImageNet due to its generic nature [2]. ImageNet itself is also a crowdsourced dataset,
making it a prime specimen for this study [2]. Additionally, part of the implementation
consisted of simplifying ImageNet to produce clearer labels. This ensured a more legi-
ble label choice for the participants. To process the results, the web application recorded
various timestamps, which were used to determine many aspects of the participants’
behaviour.

4.1.1.1 | Preprocessing ImageNet for Crowdsourcing

ImageNet was crafted upon the existing WordNet dataset [2]. WordNet is a repository
of text organised in synsets [160]. ImageNet was built on these synsets to aid in the
organisation of the labels used. For example, all dog breeds are found under the synset
“dog”. However, each dog breed is also its own synset. ImageNet itself does not contain
the entirety of WordNet; while ImageNet uses 1,000 categories, WordNet uses 100,000
synsets.

Simplification effort Despite ImageNet’s crowdsourced origins, the likelihood of con-
fusing the participants was high. Therefore, the implementation preprocessed Ima-
geNet to increase its labels’ legibility. The least invasive way of conducting such a pro-
cess is by performing superclassing. Section 4.1.1.1 mentioned that synsets help organ-
ise ImageNet. Since these synsets organise the dataset by exposing label relationships,

Figure 4.1: Basic pipeline split into each individual module
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they can be used for this purpose. Using a library called Robustness1, the parent of an
overly specific label was uncovered through the information provided by the relevant
synset. Robustness achieves this by providing presets which detail the final parent cate-
gories. Among the presets available, this study selected the “big_12” superset due to its
sensible variety of superclasses. The big_12 superset contains the following classes: dog,
structure, bird, clothing, vehicle, reptile, carnivore, insect, instrument, food, furniture,
and primate. In total, the “big_12” superset provides 128,763 training images.

4.1.1.2 | Interactive Web Survey

Replicating a crowdsourcing workflow is essential to uncover image annotation be-
haviour. Hence, this study incorporated a web application as a survey to emulate
crowdsourcing. Examples of such systems include Amazon Mechanical Turk2 and Re-
volt [10]. Care was taken to design the website with appropriate UI and UX, as guided
by previously discussed studies [9, 10]. Besides image annotation, the application recorded
additional details relating to user behaviour through various time intervals. This sup-
porting set of results helped identify possible weaknesses within human performance.

Participants As seen within Good et al.’s study, even non-subject experts can provide
valuable data [9]. Therefore, it was decided to not selectively choose the participants
based on their data annotation experience. But rather, employ the efforts of annotators
of all experiences. This would ensure a good distribution of annotation submissions.
Just like ImageNet’s crowdsourcing process, many participants will also be able to an-
notate many images. Each image can have multiple annotation submissions from many
people, providing a diverse range of answers [2].

Load balancing Section 4.1.1.1 established that a library known as Robustness was
utilised to simplify ImageNet. This was achieved this by superclassing ImageNet into a
more legible dataset. While the the number of classes decreased substantially, the image
count was still too large to include within the survey in its entirety. Therefore, the web
application used only a small sample from the validation subset for the survey. Further-
more, this sample of images was equally divided between the big_12 categories. This
even distribution of labels ensured a balanced subset. The validation subset also served
as the testing subset, as described further in Section 5.3.1.2. In total, the survey consisted

1https://robustness.readthedocs.io/en/latest/
2https://www.mturk.com/
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of 120 images. While the number of images used was acceptable, this also presented an
obstacle as most participants would be discouraged from annotating that many images
at once. Therefore, the web application implemented a method known as load balanc-
ing. As the data flow diagram (DFD) in Figure 4.2 shows, load balancing ensures a fair
distribution of records by analysing the weight of each record type. Functionally, this
technique prioritises images that have fewer entries than others. As a result, the individ-
ual participant did not need to annotate the entire survey. Additionally, if a participant
dropped out of the survey, their incomplete set of annotations did not bias the results to
a particular image.

Classification segment Section 1.3 implied that both labelling and localisation times
must be recorded. Theoretically, image-level labels take less time to annotate than lo-
calisation annotations. While this assumption is reasonably sound, the scale of this
difference is unknown. Hence, it was decided that this survey would be made up of
two parts. The first part required participants to annotate image-level labels, while the
second part required users to annotate localisations. The web application recorded the
time taken to perform both annotation types separately. The time the user spent de-
liberating their category was also recorded as this could provide insight into a user’s
behaviour when labelling images.

Localisation segment As discussed, in the second part of the survey, the participants
performed object localisation. The components forming this section were essentially

Figure 4.2: Generic load balancing DFD [161]
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identical to those constituting the classification section; however, the former also re-
quired users to draw bounding boxes. As in object detection, these boxes surround
the objects of interest. Furthermore, the time taken to perform these localisations was
recorded to further analyse human annotation behaviour when it comes to bounding
boxes.

Figure 4.3: Interactive web survey DFD

57



Chapter 4. Methodology 4.1. Solution

Application As per the requirements, this web application’s functionality was more
complex than a standard survey’s. For instance, Google Forms3 and SurveyMonkey4

are popular choices for publishing surveys; however, they specialise in simple forms or
questionnaires. Advanced functionalities, such as user tracking and load balancing, are
unavailable in off-the-shelf solutions. Figure 4.3 visualises this application in further
detail.

Database Additionally, the web application incorporated a database. This database
stored a variety of information, including the user timestamps. Moreover, the database
was normalised to efficiently store these data. Figure 4.4 shows the database split into
five tables. This study designed these tables so that they could be easily modifiable, yet
still accurately representing the survey data.

� The Images table was responsible for storing each image that a participant can

Figure 4.4: Interactive web survey database diagram

3https://docs.google.com/forms/u/0/
4https://www.surveymonkey.com/
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view. This is applied to both the classification and localisation segments. Further-
more, the table used references to the images rather than the images themselves
so as to simplify development.

� The Classifications table stored all the possible labels that could be chosen for
the survey subset. More specifically, these were the big_12 categories detailed in
Section 4.1.1. Moreover, this table also provided the “none of the above” option.
This was implemented to allow the participants to express their disbelief at the
categories’ fitness to an image or their confusion towards an image’s contents.
This was inspired by the reasoning behind a similar option in Chang et al. [10]’s
crowdsourcing application.

� The Sessions table was used to anonymously identify a user’s attempt via their
browser session cache. This was mainly used to roughly estimate the number of
people who actually participated in the survey. However, it was also useful for
other auxiliary tasks. For example, it was able to reveal how many participants
truly completed the survey.

� The Entries table joined all the previous tables together. It was used to save each
participant’s individual entry. Each record showed the individual image loaded,
the time taken for a participant to choose a category, and even whether the entry
was considered as ground truth for evaluation purposes.

� One of the survey’s main requirements was that classification entries and localisa-
tion entries need to be separated. To do so, the Localisations table was developed
to identify whether a specific entry contained bounding boxes. If it met this re-
quirement, then it was treated as a localisation entry. The rest were considered
as classification entries. Additionally, when applicable, this table also saved the
actual bounding boxes associated with the entry. This design also allowed the
participants to create more than one bounding box per localisation entry.

4.1.2 | Annotations Comparison
Following the data collection process, the human annotations were compared with the
machine annotations. The implementation generated these machine annotations from
CAM-empowered weakly supervised CNN object localisers. This study evaluated these
models by subjecting them to the same survey subset. Subsequently, both types of an-
notations were evaluated based on the ground truth.
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4.1.2.1 | Preprocessing ImageNet for Models

Much like how preprocessing was required for the survey as detailed in Section 4.1.1.1,
the images used for the algorithms needed to be preprocessed as well. Nevertheless,
the survey sample was too small to use for this purpose. Since CAMs require a trained
model, the training subset was preprocessed instead. Afterwards, the models used this
subset for their training sessions. The implementation further preprocessed the images
due to the architectures’ requirements. Each algorithm has a specific method of pre-
processing an image for inference. For example, VGG16 requires images to be mean
averaged [35]. Meanwhile, MobileNetV2 [88] requires images to be normalised. Fit-
tingly, the images were preprocessed according to which algorithm was being used at
the time. This assured that the inference provided the most accurate prediction possible.

4.1.2.2 | Models

Section 3.2.2 reviewed many distinct model architectures. Each architecture has its own
qualities, which serve to improve the state of the art. Thus, it is logical to consider them
prime candidates for CAMs. To determine the ideal models, a number of conditions
were presented. The primary requirement was that the models had been implemented
as localisers. Therefore, models presenting a localisation score meet this prerequisite.
Due to the dated nature of LE, models that were used as base networks for object de-
tectors were also considered. Additionally, the models must have been pre-trained on
ImageNet because the test set consisted of ImageNet samples. These conditions pruned
the eligible classifiers to the following models:

� VGG16: The algorithm has been documented to be effective for a vast range
of tasks, including image classification, object localisation, and object detection.
While the algorithm is quite dated, it is one of the few algorithms that present a
localisation score [35, 40, 115, 41].

� MobileNetV2: It has been widely used in applications where inference speed is
prioritised or where edge devices are required. In other words, it is quite efficient
and fast. It has also been used in object detection as a component in SSD [88].

� EfficientNetB0: A relatively recent and effective algorithm that, in fact, used CAMs
to evaluate its effectiveness. Furthermore, it was also applied to object detection
as the backbone for EfficientDet [96, 42].

This was the final selection of algorithms that were trained for this study. Most im-
portantly, they all presented the potential to be effective in weakly supervised learning.
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Furthermore, various CAM techniques were combined with these models to produce
the best possible results. Figure 4.5 shows how the models were included in the digital
system.

4.1.2.3 | Class Activation Maps

In Section 3.3.4, some weakly supervised methods were presented in view of this study’s
goal. Ultimately, CAMs were deemed to be the superior choice due to their flexibility
and practicality. EfficientNet, for example, used CAMs to observe the effects of cus-
tomising the algorithm’s architecture [96]. They are also easy to use; indeed, they in-
volve plugging the technique into the model after inference. The only exception to this
is the original CAM method, which requires a GAP layer for it to work, rendering some

Figure 4.5: Weak supervision model inference DFD
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models, such as VGG16, incompatible in their default state [35]. Consequently, the tech-
niques chosen include all the reviewed CAM methodologies except the original one:

� Grad-CAM: uses model gradients to improve the generalisation of the result while
also removing the need for GAP layers [156]

� Grad-CAM++: claims to improve Grad-CAM’s accuracy by incorporating pixel-
wise weighting [158]

� Score-CAM: removes the gradients in favour of a score-based approach [159]

� Faster Score-CAM: identical to Score-CAM [159] with the exception of limiting
the extraction of effective maps5

This selection of CAM methodologies provided a variety of techniques, thus increasing
the likelihood of achieving an effective weakly supervised object localiser. Moreover,
all these CAM methodologies have no prerequisites. The fact that they also need no
extra training steps, simplified the development and further highlighted their utility.
To combine the models and CAMs, each model architecture was branched to provide
two results. The first branch outputted the predicted label, while the second branch
outputted the input’s features. The input’s features were then fed to the relevant CAM
technique to output a heatmap based on the model’s predicted label. This heatmap was
then converted to bounding box data by using Otsu’s threshold [162].

4.1.2.4 | Hyperparameters

Section 2.1.1 detailed that CNNs have their weights altered to fit a training sample.
These training sessions were crucial for the final performance of the algorithm. If the
training session had been performed incorrectly, model performance would have suf-
fered. Hyperparameters are the variables that dictate the configuration of the training
session. To ensure optimal performance, they were determined with the utmost precau-
tion by using their original configurations as a basis and a helper tool to further optimise
them.

Workstation The training sessions and other evaluation software were executed on
the main workstation. The following are the main workstation’s most relevant specifi-
cations:

� GPU: EVGA GeForce GTX 1070 Superclocked Gaming ACX 3.0 (8 Gb)

5https://github.com/tabayashi0117/Score-CAM
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� CPU: Intel Core i7-6700 (3.4 Ghz)

� RAM: G.Skill Ripjaws V DDR4 (2 × 8 Gb)

Due to computational power concerns, online notebook services like Kaggle6 and Google
Colab7 were considered. Nevertheless, these were not used due to the data required to
train the algorithm. As mentioned in Section 4.1.2.1, the training subset of the simpli-
fied ImageNet was used. The subset alone contains over 120,000 images, exhibiting a
large computational size. It would have been infeasible to upload such a large dataset to
one of these services. Even alternative methods like uploading to Google Drive8 would
have been impractical. Consequently, this study’s methodology settled on using the
main workstation. The experiments were carried out via the GPU, rather than the CPU.
However, further care was taken when determining some of the hyperparameters, for
instance, the image resolution and the batch size. The image resolution determines the
final array of pixels that enter the algorithm. For this study, the common 224 × 224
pixel size was used due to it being the main resolution used by all the algorithms men-
tioned in Section 4.1.2.2. The batch size used was 16. This meant that during training,
the images were supplied to the algorithm in groups of 16. Such a large payload taxed
the workstation’s memory. If the batch size was larger than the specified amount, the
experiment would have run out of memory during execution.

Models Since this study made use of pre-trained models, it attained better model per-
formance. Moreover, these algorithms were researched thoroughly by considering their
features. Such configurations also included the hyperparameters used for ImageNet
training. The optimiser is one of the most prominent of these configurations. As men-
tioned in Section 2.1.1, NNs use weights. These weights can be represented through a
function. The goal of the training session is to minimise this function’s error by finding
the ideal set of weight values [163]. However, this process is computationally complex.
Altering each weight for each batch for many epochs would take an exorbitant amount
of time. To mitigate this, architectures use the aforementioned optimisers. Aptly named,
optimisers hasten an algorithm’s training session with little repercussions. While there
are many available optimisers [163], only the original models’ optimisers were consid-
ered as they presented the best model performance at the time, thus offering a good
likelihood of optimal model performance:

� VGG16: Stochastic gradient descent (SGD) [35]

6https://www.kaggle.com/
7https://colab.research.google.com/
8https://drive.google.com/
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� MobileNetV2: RMSprop [88]

� EfficientNetB0: RMSprop [96]

Combining these optimisers with the pre-trained models served to boost model perfor-
mance. To load the architectures, the pre-trained AI models’ weights were applied so as
to avoid having the framework randomly allocate weight values. Altogether, these pre-
cautions substantially improved the models’ training. Simplifying the training of these
models, further showed the practicality of CAMs.

Hyperparameter optimisation Effective CNNs take a considerable amount of time to
train. Due to the abundance of training images, this study’s training sessions were
lengthy. Consequently, experimenting with the hyperparameters would have exhausted
all available resources. Hence, this experiment employed several techniques to shave off
any unnecessary time. Since the optimiser is simply a function to efficiently find a func-
tion’s minima, it has its own parameters. The chosen optimisers consisted of a common
set of hyperparameters, including the learning rate and the momentum. These hyperpa-
rameters are both numerical, meaning that both of them have an extremely large num-
ber of possible values. To avoid finding their ideal values via trial and error, systematic
hyperparameter selection was explored. Eventually, this effort yielded an appealing tool
known as KerasTuner, a hyperparameter tuning tool that uses an oracle system [164].
The tool’s purpose is to automate hyperparameter tuning. In turn, this would ease the
usual burdens of the process. Thus, this study used KerasTuner to efficiently discover
the optimal hyperparameters. The oracles included in this tool use either Bayesian op-
timisation, Hyperband, or random search. After defining the search space, a researcher
can use an oracle to find the optimal hyperparameter combination. Random search in-
discriminately tests a combination from the search space for a set amount of trials. While
this method can be useful in most applications, it can still lead to less than ideal results.
Meanwhile, Bayesian optimisation is a well-known method in AI research. While it is a
competent method for expensive, inexact methods, it does require some trial and error
to be effective. For example, the Bayesian optimisation class in KerasTuner exhibits an
“alpha” parameter. This parameter modifies the value of the kernel applied during the
process. Finally, there is the Hyperband method, which is an optimisation method im-
plemented specifically for hyperparameter optimisation. It uses a novel bandit-based
technique to find the optimal hyperparameters by executing trials with the goal of stop-
ping them early on to preserve resources. It then prioritises the methods that show the
most prospects. This accelerates the process as it would not need to wait until a full
session is complete to move on. Due to this key advantage, this study used Hyperband
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for hyperparameter tuning. Furthermore, this study created a new subset specifically
for this process. The tuning subset is a sample that is a tenth of the size of the training
subset. Since the tuning subset still had over 12,000 samples, it still provided good gen-
eralisation. Upon implementation, the Hyperband oracle was set to run at a maximum
of only 10 epochs per model. This experiment used such a low epoch value due to the
already trained nature of the pre-trained models. Additionally, since the chosen dataset
used similar samples to ImageNet, the models did not require much processing to adapt
to the new dataset. Other parameters, such as “factor” and “full iteration”, were left at
3 and 1, their respective default setting. After this, KerasTuner was executed on all the
models. This process is discussed in further detail in Section 5.3.1.2.

4.1.2.5 | Other Training Options

Upon the hyperparameter optimisation’s process completion, this study trained each
image classifier. The optimiser consisted of each model’s ideal hyperparameters. While
KerasTuner did efficiently discover the ideal hyperparameters, this study carried out
further precautions by fine-tuning the models, for example. Since the experiment ap-
plied pre-trained models, they had already generalised ImageNet. The image samples
used were from the same dataset with the only difference lying in the classifications.
Thus, the models’ feature extractor was “frozen”. This process converted the model
to a classifier. In other words, the training session only altered the classifier weights.
Since this reduced the models’ parameters, it also reduced the models’ overall complex-
ity while also saving time. In addition to this, pre-trained models that have a similar
objective should not have their feature extractors re-trained [165]. This is because any
high-level features would most likely be similar. Therefore, re-training the entire model
would run the risk of losing the already suitable weights. The final precaution con-
sisted of applying callbacks, which are high-level functions offered by the framework.
They are usually applied to perform changes to the training session in real time. For
example, the experiment used a callback that defined a termination condition. If the
model failed to improve after a number of epochs, the training session stopped. This
ensured that the final AI model presented minimal overfitting. In this case, the callback
made use of the validation subset’s loss value. If the error did not decrease after three
epochs, then the training session would have ceased. The experiment also employed
another callback that saved the weights of the model to auxiliary storage. This callback
offered similar functionalities to the previous callback; it could be configured to only
save the best performing model. By using the same condition as the previous callback,
the best model checkpoint was obtained without any manual intervention. Afterwards,
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the saved models were applied for further evaluation.

4.1.2.6 | Evaluation

As discussed in Section 2.1.3, the ILSVRC LE metric is essentially a combination of clas-
sification accuracy and IoU. This metric was used to evaluate the weakly supervised
object localisers as the ImageNet dataset was used with its object localisation bounding
boxes as the ground truth. Algorithm 1 showed the inner workings of the LE met-
ric considering both its classification and localisation components, producing a result
that combines classification and localisation performance. Delving deeper into the logic
behind Algorithm 1 would reveal Equation 4.1. Since some of prediction and ground
truth combinations that are iterated throughout the algorithm may be illogical, all the
possible results are compared. The minimum error of these possibilities is returned.
However, the results that would return are specifically for each prediction bounding
box. According to the official ImageNet guidelines, a match is obtained when the pre-
dicted bounding boxes match at least once [2, 43]. If such a match is found through the
minimum error of the predictions, then e = 0; otherwise, e = 1. This seems partial,
however, as the metric would be ignoring some possible FPs and FNs. This equation is
also identical to Equation 4.1, which is applied in the same manner as Equation 2.1:

e =
⌊

fp + fn
tp + fp + tn + fn

⌋
(4.1)

LE is essentially an inverse version of accuracy. In addition to this, it removes any
incorrect answers by flooring the outputted value. Flooring the outputted value ensures
that a wrong prediction only exists when no TPs exist. Avoiding inaccuracies in this
manner is prone to hiding inconsistencies within the results. Therefore, modifications
were applied to LE to improve on its weaknesses. The flooring function was removed,
for instance, as presented in Equation 4.2. This newly modified metric represented the
performance of the models more accurately.

e =
fp + fn

tp + fp + tn + fn
(4.2)

Additionally, removing the relevant type of error could help reveal further information.
Removing FPs from the equation produces a recall-focused result, whereas removing
FNs reveals the error in a similar manner as precision. These variations of the same
equation were utilised when evaluating the results. Nevertheless, it was decided that
the original LE should be preserved. This would enable this study to provide compara-
ble and reproducible results.
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4.1.3 | Human Reliability Evaluation
This study’s final experiment determined the reliability of human annotations. Thus,
a method had to be established to further verify the results. Indeed, verification of the
previous experiment was required due to a contradiction. While the results generated
from the previous experiment were objective, this could only be true when assuming
that the ground truth is accurate. It could be argued, however, that such an assumption
is unreasonable, as that ground truth had also been annotated by humans, thus giving
rise to a paradox as the experiment used human annotations to evaluate both humans
and machines. To resolve this bias, this final experiment consisted of a web form to
gather more primary data. The web form included various annotation samples from
both humans and machines. This experiment required the participants to choose the
annotations they thought were man-made. If the participants were more likely to choose
machine annotations over human ones, then it would have been proven that humans
are inconsistent. Therefore, their annotations would be unreliable, and they should be
aided by some form of a digital system.

4.1.3.1 | Web Form

As discussed, more primary data were gathered via a web form to resolve the aforemen-
tioned paradox. Since this form only required a few multiple-choice questions based on
the web application’s entries, this study used off-the-shelf solutions. The service known
as Google Forms9 proved to be acceptable for this purpose because it excels at simple
form creation. Other options like SurveyMonkey10 were considered, but Google Forms
was deemed more user-friendly.

Participants The web form’s main priority is to evaluate individual submissions from
both the interactive web survey’s participants and the model-CAM’s submissions. With
this known, the same philosophies used within Section 4.1.1.2 were applied to this sec-
tion of the study as well. Specifically, the reasoning that even non-subject experts can
provide valuable and possibly significant discoveries [9]. Therefore, this set of partici-
pants was also not selectively chosen so as to evaluate their performance as representa-
tives of the general public.

9https://docs.google.com/forms/u/0/
10https://www.surveymonkey.com/

67



Chapter 4. Methodology 4.1. Solution

4.1.3.2 | Requirements

The new web form had to be a structured solution. Primarily, the form needed to ad-
dress the subjectivity issue of the previous experiment, the main problem being that
the ground truth was also annotated by humans [2]. Therefore, the annotation samples
were the most important aspect to be determined. Since the ground truth is the core of
this issue, the participants could not know the “accuracy” of the annotation. This was
circumvented by shifting this experiment’s focus; indeed, the form tested the partici-
pants instead of having them offer their opinion. If the participants were more likely to
choose the machine annotations, then the results would imply that machines can offer
human-like performance. Otherwise, human annotations would have been both dis-
tinct and consistent. Additionally, the form consisted of more questions. The first set of
additional questions served to extract the participants’ demographics, while the second
set asked the participants for their opinion on the form. To summarise, the web form
was divided into three sections: the participant demographic questions, the annotation
choices, and the sentiment-oriented questions.

Figure 4.6: Web form sections DFD
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Participant demographics The first questions of the form dealt with the auxiliary goal
determined in Section 4.1.3.2, which involved gaining insight into the participants them-
selves. This was done by asking a few demographic questions, concerning the partic-
ipants’ age and gender, for example. Additionally, the form asked the participants to
rate their own image annotation abilities:

“How highly do you think of your own image annotation abilities?”

The goal of this question was to categorise the participants by their confidence, as this
could have divulged further information on how users perform based on their self-
assurance. Furthermore, this question gauged the general public’s overall expertise in
data annotation.

Organic vs artificial annotations The second section presented the main focus of the
form. The participants were required to distinguish the human annotations from their
machine counterparts. To reduce the frequency of dropout rates, this experiment did
not use the full survey subset. Instead, the number of questions corresponded to the
number of big_12 labels, ensuring that the form presented a good selection of images.
Since this study used the simplified ImageNet dataset, the number of questions added
up to 12. Since there were more annotation samples than labels, a selection process
was carried out. The experiment performed multiple steps to ensure an unbiased set of
annotations:

� Annotations from both the survey database and models were listed in auxiliary
storage.

� For each label, an eligible image was randomly selected. Eligible images were
pruned by assuring that the image had at least one:

– correct survey annotation;

– inaccurate survey annotation;

– correct machine annotation; and

– inaccurate machine annotation.

� For each image, a random set of eligible annotations was selected.

� For each annotation, an image was generated with only the predictions visible.

To determine whether an annotation was correct or not, this study used a metric. Section
5.3.2 presents more information about this. For each question, there were a total of
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four images. Half the image annotations were man-made, while the rest were machine-
generated. The form required the participant to choose exactly two of these images to
progress. This ensured that the test was impartial. Subsequently, the questions under
this section assumed the following template:

“Which of these 2 (out of 4) images do you think were localised / labelled
by human annotators?”

With this, the participants were able to fairly showcase their observational abilities.
Combining the results from this section with the demographic questions revealed fur-
ther information. Additionally, this newly acquired primary data provided a clearer
outlook on human annotation behaviour.

Sentiment questions The final section of the form presented questions related to the
participants’ opinions. The first question asked them about their experience with the
previous section of the form. The participants answered this question by quantifying
the perceived difficulty via a range:

“On a scale from 1 to 5, how difficult was it determining your choices in the
previous section?”

This question could potentially offer information concerning two factors. Firstly, it
could have helped reveal a relationship between the participants’ performance and their
confidence. Secondly, the results could have also revealed a trend between confidence
and perceived difficulty. Additionally, this range was also used to gauge the partici-
pants’ expected performance. Since the form asked its users to choose two out of four
answers, each question had a 50% chance of being answered correctly. If required, the
confidence rating question could have been used to weigh the responses. The second
question of this section was a direct enquiry about this study’s purpose, asking for the
user’s opinion, experienced or not, on whether they were willing to use a dataset anno-
tator helper:

“Would you use an AI-empowered image annotation tool that annotates less
effectively than humans by n%, but saves m% of the time required to anno-
tate l images?”

Variable n represented the percentage difference in annotation performance as indicated
by the metric. The second variable, m, represented the time advantage as a percentage.
Finally, l showed the number of images these values were applicable to. In terms of
responses, this question had four choices in total. Two responses alluded to a positive
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notion, while the other two alluded to the opposite. The following are the different
answer choices:

� Yes, I’d use it as is to completely automate the annotation process

� Yes, I’d use it, but by manually improving its annotations later on

� No, but I’d consider it if the accuracy-time tradeoff is better

� No, I’d rather take that much longer creating my own annotations manually

Each set of two choices represented the individual participant’s sentiment towards a
dataset annotator helper. The aim of this question was to reveal further information
while avoiding the usage of text input to help reduce dropout likelihood. The responses
to this question could also be used to categorise the results. This could reveal whether
or not the participants’ responses reflected their performance. If a positive sentiment
exhibited itself, it would further legitimise this study.

4.2 | Scope
This study was focused on testing weakly supervised models as dataset annotator helpers.
Therefore, it was not within this study’s scope to extend the applied techniques. This
meant that the models were localisers and not detectors. Section 6.2.2.1 presents fur-
ther information about this matter. Moreover, this study approached the aim through
an experimental context. Due to the ImageNet simplification effort, it was difficult to
compare the results to similar methods such as Snuba [15]. This issue is discussed in
more detail in Section 6.2.1.2.

4.3 | Ethics
Both surveys discussed in Sections 4.1.1 and 4.1.3 were completely anonymous in na-
ture. Indeed, security measures were taken while developing the web application to
ensure the integrity of the connection. Such measures included practising proper web
hosting and following responsible development procedures. Additionally, the Ima-
geNet dataset was acquired through the official sources, thus ensuring that it was pro-
cured and processed in an ethical manner. Therefore, no ethical laws were broken or
abused to reach this study’s aim.
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4.4 | Expectations
Although CAMs can potentially act as dataset annotator helpers, this is only a possi-
bility. As mentioned in Section 3.3.4.4, CAMs are primarily used for AI explainabil-
ity. In their official papers, they have been presented as such [154, 156, 158, 159]. The
researchers behind them presented their localisation potential as a more hypothetical
application. This study exploited this to observe their performance as localisation com-
ponents. Consequently, it was expected that CAMs could be largely inferior compared
to human annotations; however, if this was the case, this would not imply that CAMs
are useless for this application. It could very well mean that they are simply not ready
yet for such an application. Further research into the CAM technique could yield better
results.

4.5 | Summary
This chapter described each module’s process in detail, keeping their respective objec-
tive in mind. Each individual objective was represented as an experiment through a
pipeline. The first module discussed the functions of a web application. In addition to
emulating crowdsourcing, the web application tracked user performance anonymously.
This was done via UI event timestamps. Upon the experiment’s completion, these were
processed to evaluate the time intervals in question. The second module detailed the
training processes of the AI models. Both the survey’s and the models’ performance
were compared through small programs. Finally, the third module verified these results
to avoid a paradox. Since the ground truth is man-made, then a bias was present. To
resolve this, this study published a web form to gather more primary data to verify the
results acquired. Altogether, these modules presented the steps required to achieve this
study’s goals.
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Results

Chapter 4 presented the designed experiments that were employed to achieve this study’s
goal. As discussed in Section 1.5, this study’s aim was to test the basis of a dataset anno-
tator helper system. To do so, human annotations were compared with the annotations
created by weakly supervised object localisers. By using various metrics, this study
yielded a detailed result set. For example, a metric known as LE revealed the error rate
of both humans and models. Since LE is not predictive, this study employed more met-
rics, such as the F1-score. From there, the findings were discussed in view of this study’s
objectives.

5.1 | Criteria
This study clearly defined the evaluation criteria based on the objectives provided in
Section 1.5. Each module yielded a different result set. Therefore, each experiment out-
putted a result set in accordance with its respective objective. The following subsections
briefly summarise the criteria considered so as to provide sufficient preamble to the
discussions that follow.

5.1.1 | Crowdsourcing Emulation
The first objective required this study to observe human annotation behaviour. This was
achieved via a crowdsourcing experiment in the form of a web application. In addition
to annotations, the web application recorded various timestamps related to the users’
actions. These timestamps produced behavioural information based on the time taken
to create annotations. Section 5.2 delves into further detail about these discoveries.
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5.1.2 | Annotations Comparison
The second objective required empirical evidence concerning both human and model
annotation performance. This was obtained by comparing the model predictions with
the human annotations. This evaluation quantified both annotation sets’ performance
via metrics like LE. Additionally, predictive metrics like precision and recall were also
used. Such metrics helped with further analysing the results. Applying these met-
rics in different ways also revealed further information, for example, by analysing each
bounding box rather than an image as a whole. This revealed annotation performance
on a per-annotation basis rather than on a per-entry basis. These results are presented
and discussed within Section 5.3.

5.1.3 | Human Reliability Evaluation
The third objective concerned the verification of the previous results. Section 4.1.3 de-
scribed a contradiction that could have invalidated this study. To further support the
acquired results, this study used a web form. This web form gathered more annotation
performance data from the general public, as human reliability could be quantified by
asking the participants to pick the man-made annotations. Furthermore, demographic
and sentiment-oriented questions were presented to categorise the participants. These
categorisations revealed trends that could yield further information. Section 5.4 presents
the results of the final web form in more detail.

5.2 | Crowdsourcing Intervals
The web application presented in Section 4.1.1 was an integral component of the study.
This is because it served as the basis for the results in Sections 5.3 and 5.4. After accumu-
lating 5606 image annotation entries, various intervals were extracted via the recorded
timestamps. These intervals were used to analyse participant performance throughout
the survey. For example, the average time taken for both labelling and localising was
compared.

5.2.1 | Labelling vs Localising
As articulated in Section 4.1.1.2, the web application was equipped to track user perfor-
mance. Particularly, the application recorded the time taken for a participant to com-
plete individual entries.
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5.2.1.1 | Specific Conditions
When focusing on the full entry times, the participants were recorded as follows:

start_date = image.onload() { return datetime.current() }
end_date = form.onsubmit() { return datetime.current() }
total_time = end_date - start_date

The web application saved the initial time once the image had loaded rather than when
the page loaded. This is an important distinction to note as otherwise, the recorded time
would have been biased; no participant would have been able to appropriately identify
the category of an image before it had even loaded. Even if such an event happened, this
would have only meant that the participant had guessed at random. This line of logic
was also applied to the entry’s end condition. While there would always be a delay
when storing the results of an entry in the database, this was of no consequence to the
user. This delay could also differ depending on the programming practices, tools, and
frameworks used. The participant finalised their entry by confirming their submission.

5.2.1.2 | Raw Times

As discussed in Section 4.1.2, the implementation focused on comparing human and
machine annotations. This step included aggregating the database of the survey into
legible result sets. This study achieved this by implementing a small number of modular
programs that could present organised results through specific conditions. For example,
the programs could have been configured to output a table averaged by each survey
image while:

� excluding “none of the above” entries;

� excluding labelling entries; or

� showing only “none of the above” localisation entries.

Through these conditions, the programs generated the results for evaluation. Table 5.1
represents the averaged full entry time results. The presented results show the expected
outcome. In almost all instances, image labelling took less time than object localisation.
Based on these results, there is a difference of 7s when excluding “none of the above”
entries. Initially, this value may seem small considering that this is the average; how-
ever, data annotators carry out their work on thousands of images. Therefore, that time
difference would have a considerable effect, as seen in Section 5.3.2.4. When includ-
ing all entries, there was a general increase in the time taken of around 1s. This was
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Configuration Labelling Localising

E ≈ 17s ≈ 23s
E−U ≈ 15s ≈ 22s

U ≈ 31s ≈ 30s

Table 5.1: Interactive web survey full entry times. Set E represents all individual and
identifiable full entry times. Set U contains all individual and identifiable full entry
times for entries marked with “none of the above”.

expected as those participants that chose “none of the above” likely took their time to
come to that conclusion. This is further supported when considering that typically, the
participants took 30s to complete their entry with “none of the above”. In summary,
these results provide two key pieces of information:

� Image labelling usually takes less time than object localisation.

� Humans are liable to second-guess their choices, even if it comes at a quantifiable
cost.

This alone alludes to the potential of CAMs. CAMs only require the image-level labels
to be manually annotated. Therefore, a substantial amount of both time and effort can
be saved. Additionally, annotators are likely to express less doubt as there would be
fewer annotations to perform.

5.2.2 | Human Deliberation
The time taken for the participants to make their choices was also recorded. Depend-
ing on the survey segment, different conditions were used to record them. Since the
participants spent time navigating the webpage, alternative intervals were used. These
alternative timestamps, which represented the participants’ optimised times, excluded
the time taken to perform unnecessary actions like:

� the time taken to start performing the first annotation; and

� the time taken between finishing the last annotation and submitting the entry.

5.2.2.1 | Adjustments Performed
In the classification segment, a select element informed the participants of their label
choices. Analysing the select element’s events was integral to recording these times.
The following pseudocode is presented to further describe this logic:
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start_cls_date = select.onfocus() { return datetime.current() }
end_cls_date = select.onunfocus() { return datetime.current() }
cls_time = end_cls_date - start_cls_date

This pseudocode retrieved the exact time taken for the participants to lock in their
choice. This was recorded for two main reasons. Since the participants were human,
they were expected to present periods of inactivity like looking at the image before
performing any annotations, for example. Excluding these unnecessary moments opti-
mised the participants’ entries. The same logic was applied to the localisation segment.
However, the latter allowed users to draw bounding boxes through a canvas element
and a library known as fabricJS1. In addition to the previous pseudocode, the following
logic was also added to the localisation part:

start_loc_date = canvas.oncreate() { return datetime.current() }
end_loc_date = canvas.onmodify() { return datetime.current() }
loc_time = end_loc_date - start_loc_date

To effectively calculate the localisation time, the dominant time type was negated from
the full entry time. The programs achieved this by using the earliest and latest entries,
no matter whether they clicked on the label select element or the canvas element first.
Further information about these calculations can be seen in Section 5.3.2.4.

5.2.2.2 | Optimised Times

The implementation presented in Section 4.1.2 also catered for tasks other than finding
the full entry times. For example, the optimised entry times were recorded through it as
well. These optimised entry times removed the participants’ unnecessary movements
and delays, thus enhancing their performance. Table 5.2 presents the optimised entry
times. It can be observed that there is a relatively noticeable decrease in time when op-
timising the entries. For all the entries and the entries excluding the unknown answers,

Configuration Only labelling Only localising

E ≈10s ≈17s
E−U ≈9s ≈14s

U ≈18s ≈23s

Table 5.2: Interactive web survey optimised entry times. Set E represents all individual
and identifiable full entry times. Set U contains all individual and identifiable full entry
times for entries marked with “none of the above”.

1http://fabricjs.com/
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there is a 6s - 8s reduction in the time taken. For the unknown entries, there is an aver-
age decrease of 10s between labelling and localising. Such small differences might seem
inconsequential at first, but this small gap would exponentially increase on a large im-
age set. Furthermore, it can be seen that the participants took a relatively long amount
of time to choose, implying that humans spend a relatively long time deliberating their
choices. This further supports the claim made in Section 5.2.1.2, where it was stated that
humans are prone to second-guess their choices, this highlighting the need for dataset
annotator helpers - since there would be fewer annotations, less time would be wasted.

5.2.3 | Participant Inactivity
The participants seemed to present moments of doubt within their annotations. This
was revealed when the optimised survey times were calculated. Subsequently, this
study further investigated the nature of their deliberations. This effort revealed that
the participants spent a substantial amount of time not annotating.

5.2.3.1 | Extraction

These periods of inactivity were calculated by reducing the full entry time from the
optimised entry time. This revealed the amount of time that was negated via the opti-
misations. Quantifying these periods showed how much time manual annotations can
waste. Like the previous conditions, these were calculated differently depending on the
survey segment. The localisation segment’s remaining time proved to be more complex
to calculate. This is because the localisation segment contained two inputs rather than
one.

5.2.3.2 | Inactivity Rates

These periods of inactivity were recorded to display how human nature can affect an-
notation performance. As seen in Table 5.3, these readings were averaged and then
presented as percentages of the average full entry time. Percentages were used instead
of absolute values to show the relative amount of wasted time. It emerges that the par-
ticipants were not performing annotation work for at least 30% of the time throughout
all entries. This rate of inactivity is significant when considering the large number of
samples processed in annotation work. This points towards yet another advantage of
having dataset annotator helpers; since they are only a digital procedure, they present
minimal computational delays. Further details on this can be seen in Section 5.3.2.4.
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Configuration Not labelling Not localising

E 41% 30%
E−U 40% 36%

U 38% 31%

Table 5.3: Interactive web survey idling times in relation to full entry times. Set E rep-
resents all individual and identifiable full entry times. Set U contains all individual and
identifiable full entry times for entries marked with “none of the above”. Bold denotes
the smallest rate.

5.2.4 | Annotation Preferences
Due to the different inputs required in the localisation part, further information on user
annotation behaviour could be extracted. Since both inputs’ events were recorded, it
was possible to discover what the participants preferred to fill in first. Such information
could provide insight into what was most prominent for the participants.

5.2.4.1 | Purpose

Extracting what the participants preferred to perform first could potentially reveal fur-
ther information. Therefore, further investigations were carried out to discover the par-
ticipants’ annotation preferences. To find out which input a participant clicked on first,
the start dates recorded in Section 5.2.2 were reused. The earliest start date indicated
the initially selected input. From there, scores were assigned to quantify the likelihood
of a participant drawing bounding boxes first. The participants started their annota-
tions in this manner for approximately 66% of the entries that the participants started
their annotations in this manner. Indeed, it was expected that most of the participants
would start with the bounding boxes due to the visual stimulus caused by the altering
of images; the participants would have naturally shifted their focus towards the task at
hand. However, the fact that just over a third of the localisation entries did not follow
this trend is even more interesting. The remaining 34% of localisation entries had their
label selected first. This implies that the participants may have been confused by the im-
age. They then reminded themselves of what categories were available to finalise their
choice. Another plausible scenario is that the participants were sure of their answer and
immediately chose their label. In other words, both scenarios consist of the participants
basing their bounding boxes on that label. This is remarkably similar to the inner work-
ings of CAMs; as explained in Section 3.3.4.4, CAMs base their heatmaps on the results
of the image classifier.
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5.2.5 | Discoveries
The previous sections described the discoveries made with the web application. The ex-
tracted time intervals revealed critical information about human annotation behaviour,
prompting further discussions in view of this module’s respective objective. In sum-
mary, it was discovered that humans take less time labelling images than localising ob-
jects within them. This improves the prospects of CAM-empowered weakly supervised
models as they only require image-level labels. Additionally, exclusively annotating im-
ages via image-level labels reduces the complexity of the task. Furthermore, the partic-
ipants performed sub-optimally; indeed, they wasted 30% of their entry times. Dataset
annotator helpers would be advantageous in this context; since programs simply ex-
ecute, no time would be wasted except for computational delays. Additionally, more
than a third of the entries were made similarly to how CAMs operate. In other words,
some participants annotated the label before adding the bounding boxes. In conclu-
sion, a dataset annotator helper might provide a quantifiable time benefit. Additionally,
using only image labels reduces the overall amount of effort required.

5.3 | Human vs Machine Metrics
The second objective detailed in Section 1.5 guided this study to evaluate the human
and machine annotations. This was done by using the modules discussed in Section
4.1.2. These are also the small and modular evaluation programs used within Section
5.2. The survey programs processed the survey results and averaged them, revealing
the expected performance when utilising the general public as data annotators. Mean-
while, the CAM-empowered models’ program generated the results based on the ma-
chine annotations, which were produced from model inferences. Weakly supervised ob-
ject localisers were created from different combinations of model and CAM techniques.
Additionally, auxiliary details concerning the training sessions of the AI models were
recorded as well.

5.3.1 | Models
The models listed in Section 4.1.2.4 were chosen to represent the machine-generated
annotations. Integrating them with the CAM techniques mentioned in Section 3.3.4.4
produced a total of 12 combinations. This experiment used these models to generate all
the machine annotations. The images used for evaluation were the same ones used for
the survey. Further details about the models’ hyperparameter tuning process and train-
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ing sessions are discussed in the following paragraphs. These details serve as extensions
to the discussions presented in Section 4.1.2.4.

5.3.1.1 | Tuning

Before the training sessions in Section 4.1.2.4 were performed, a hyperparameter tun-
ing process was executed via KerasTuner [164]. KerasTuner executed pseudo-training
sessions for the AI architectures, gaining insight into how they perform for each com-
bination of values. The data used for this process included a dedicated tuning subset.
KerasTuner was operated by specifying the hyperparameter search space, these being
the learning rate and the momentum in this study’s use case. The specific values given
to KerasTuner were typical values seen in AI training sessions [35, 88, 96]. In the fol-
lowing equation, set LR represents all the possible learning rate values, while set M
represents all possible momentum values:

� LR = {1×10−2, 1×10−3, 1×10−4, 1×10−5}

� M = {0, 0.9}

These values were applied to all models during their respective hyperparameter tuning
sessions. After the session had been completed, the optimal hyperparameter setup was
saved for each model. Table 5.4 presents the final setups for the models’ training ses-
sions. The chosen momentum for all the algorithms was 0.9. Even with pre-training,
the models still required a higher value to reach optimal performance. Meanwhile, Mo-
bileNetV2 required a slower learning rate than EfficientNetB0. Therefore, its hyperplane
was more orderly. Lower learning rates are suitable in such scenarios as they would be
less likely to encounter local minima. Another scenario could be that the model’s pre-
trained state was closer to the minima than EfficientNetB0. During hyperparameter
tuning, VGG16 took the longest to complete. This was expected due to the optimiser
used; indeed, SGD is quite simple as an optimiser and slower than RMSprop [163].
Nevertheless, all algorithms managed to reach their respective optimal settings. With-
out KerasTuner, these settings would have been discovered in a trial and error fashion.

Model Optimiser Learning Rate Momentum

VGG16 SGD 1×10−3 0.9
MobileNetV2 RMSprop 1×10−4 0.9
EfficientNetB0 RMSprop 1×10−3 0.9

Table 5.4: Hyperparameter tuning results with Hyperband algorithm
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5.3.1.2 | Training

After obtaining the optimal hyperparameters, the AI models were trained. In addition
to this, the other training options presented in Section 4.1.2.4 were applied. The architec-
tures were all trained on the simplified ImageNet training subset. The validation subset
was used as a benchmark to limit model overfitting. The training sessions consisted of a
maximum of 50 epochs. In Table 5.5, one can find the reports presented by the models.
Additionally, the training graphs of the models can be viewed in Figures 5.1 and 5.2.
The relative increase in epochs was recorded by using Equation 5.1. In this instance,
n represents the smallest amount of epochs, while e represents the largest amount of
epochs. The result i denotes the final percentage increase.

i =
e− n
| n | × 100 (5.1)

VGG16 took the longest out of the three models, exhibiting a 1050% increase in epochs
compared to EfficientNetB0. VGG16 also seemed to have the most successful training
session as it reported more than a 1% performance increase than the others. However, it
also exhibits the largest discrepancy in accuracy between training and validation. This
suggests that VGG16 was on the verge of overfitting. With thanks to the model callbacks
detailed in Section 4.1.2.4, the training was stopped on time. Meanwhile, EfficientNetB0
seemed to provide the best generalisation. This is because it achieved the highest val-
idation accuracy and the lowest validation loss. However, accuracy is generally not a
good indicator on model performance, as discussed in Section 2.1.3 with Equation 2.1.
To mitigate this issue, this study applied further metrics to extract more details on each
model’s performance. The precision of a model calculates its performance in view of
the FPs. Precision is determined by Equation 2.2. Applying this function to the mod-
els’ validation subset produced the results shown in Table 5.6. This table showcases
all the models’ validation precision, indicating their ability to handle FPs on new data.
Evidently, the most precise model proved to be EfficientNetB0, garnering an over 1% in-

Model Epochs Accuracy (Tr./Vld.) Loss (Tr./Vld.)

VGG16 23 97.7%/93% 1.645/1.689
MobileNetV2 3 96.1%/93.2% 1.659/1.689
EfficientNetB0 2 95.2%/94.7% 1.667/1.671

Table 5.5: The image classification models’ training output. Accuracy is separated into
their training and validation versions. The same applies to loss. Bold denotes the best
performance. Note the large increase in epochs on VGG16 due to the different optimiser.
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Model Precision

VGG16 93.5%
MobileNetV2 93.3%
EfficientNetB0 94.8%

Table 5.6: Classification precision by model. Bold denotes the best performance.

crease in precision over the other models. This implies that EfficientNetB0 was the least
prone to classifying an instance of a label as another. This also suggests that Efficient-
NetB0 has the best PPV. By applying Equation 2.3 to the current results, model recall

(a) VGG16 training epoch accuracy visu-
alisation. Note how VGG16 took longer
due to the SGD optimiser.

(b) MobileNetV2 training epoch accu-
racy visualisation. Note the decrease in
time taken to end training due to the
RMSprop optimiser.

(c) EfficientNetB0 training epoch accu-
racy visualisation. Note the decrease in
time taken to end training due to the
RMSprop optimiser.

Figure 5.1: Model accuracy visualisations. The x-axis represents the epoch while the
y-axis represents the accuracy. Blue denotes training accuracy while orange denotes
validation accuracy.
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was also quantified. EfficientNetB0 seems to still be the best performing model, as seen
in Table 5.7. As discussed in Section 2.1.3, precision and recall can be combined to cre-
ate the F-measure, which in turn, can be configured to provide the F1-score. This can be
seen in further detail in Equations 2.4 and 2.5. In this study, the dataset used was quite
generic; therefore, no real priority was given to either precision or recall. Such situations

(a) VGG16 training epoch loss visualisa-
tion. Note how VGG16 took longer due
to the SGD optimiser.

(b) MobileNetV2 epoch loss visualisa-
tion. Note the decrease in time taken to
end training due to the RMSprop opti-
miser.

(c) EfficientNetB0 epoch loss visualisa-
tion. Note the decrease in time taken to
end training due to the RMSprop opti-
miser.

Figure 5.2: Model loss visualisations. The x-axis represents the epoch while the y-axis
represents the loss. Blue denotes training loss while orange denotes validation loss.

Model Recall

VGG16 93.2%
MobileNetV2 93.1%
EfficientNetB0 94.7%

Table 5.7: Classification recall by model. Bold denotes the best performance.
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require that β = 1. By using the precision and recall values presented in Tables 5.6 and
5.7, respectively, the F1-scores of each model could be calculated. Applying these values
produced Table 5.8, which displays each model’s respective F-measure where β = 1. As
expected, the F1-score reflects the same rankings that were exhibited in Tables 5.6 and
5.7; EfficientNetB0 presented the best overall performance in a predictive setting, while
MobileNetV2 presented the worst odds. Nevertheless, all the models performed well in
terms of classification. All the metrics yielded results over 90% on a validation subset
containing 12,000 images. It must be noted, however, that classification is not the only
factor that determines the usefulness of such models within a study such as this. These
classification results simply provide a rough estimate of the base performance and the
prospects of these models.

5.3.2 | Results by Metric
To test the hypothesis in Section 1.4, human annotation performance had to be com-
pared with the models’ performance. The results presented in Section 5.3.1 only detail
the models’ classification performance. At that point, they had not been combined with
the CAM techniques mentioned in Section 3.3.4.4. By integrating a CAM method with
a model, a weakly supervised object localisation model was created. Additionally, by
extracting the arithmetic mean of each entry, the general public was represented as a
singular “model”. These measures were taken to establish an impartial comparison
while also preserving the expected performance. This performance was then quantified
through various metrics, such as LE, classification accuracy, and bounding box accuracy.

5.3.2.1 | Localisation Error

Considering that this study simplified ImageNet, the ILSVRC’s challenges were re-
viewed to analyse their evaluation methods. The ILSVRC is split into three main cate-
gories: classification, localisation, and detection [2]. Since this study’s models were used
as weakly supervised object localisers, they did not use the ILSVRC bounding boxes for
their training session. The ILSVRC evaluates the localisation ability of models by imple-

Model F1-score

VGG16 93.3%
MobileNetV2 93.2%
EfficientNetB0 94.7%

Table 5.8: Classification F1-score by model. Bold denotes the best performance.
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menting a metric known as LE. However, LE contains many components which should
be reviewed before presenting the final LE equation. Indeed, LE combines a classifi-
cation evaluation with a localisation evaluation, these being the two main components
constituting it. In contrast to the classification component, the localisation component
is more complex. It consists of two main functions that convert a set of bounding boxes
into an evaluation. As described in Section 2.1.3, the IoU in conjunction with a thresh-
old can be used to determine whether a predicted bounding box can match with the
ground truth. From the eligible architectures, this metric was used only by VGG16 [35].
This is most likely due to the fact that localisation was largely replaced with detection
in this context. Object detection replaced object localisation because it outputs more
than one class per image. However, since weakly supervised localisers are extensions
to image classifiers, they could only produce one class per image. Consequently, LE is
still a viable metric compared to object detection metrics like mAP. More information
about this limitation can be viewed in Section 6.2.2.1. As discussed in Section 4.1.2.6,
the LE metric was used and modified to improve on its weaknesses, further ensuring a
comprehensive result set.

Survey By using both the original and improved variations of LE, the results for the
survey participants were generated. Table 5.9 presents the LE results of the participants
separated by sets E and U as referenced in Tables 5.1, 5.2, and 5.3. Evidently, the partici-
pants were quite confused during the survey. Removing the “none of the above” entries
and not accounting for partially incorrect answers still indicated that the participants
gave incorrect answers to a third of the localisation entries. The rounded average results
represent the participants’ results categorised as either a 1 or a 0. More specifically, the
most common trend of each entry by image was used as a representation of a prediction.
This allowed the survey results to exhibit themselves more as if the general public was
a singular model. When using all the entries and not rounding the average results, the

Configuration LE LEfp LEfn LEboth

E 43.9% 53.5% 50.5% 58.9%
E−U 37.5% 48.2% 44.8% 54.2%
≈ E 34.2% 44.2%% 42.5% 49.2%

≈ (E−U) 31.7% 42.5% 40% 48.3%

Table 5.9: Survey localisation metrics with various configurations. Set E represents all
individual and identifiable entries. Set U contains all entries marked with “none of the
above”. The best results are marked in bold.
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participants presented 43.9% LE. When introducing the LE variations, even worse per-
formance ensued. Additionally, the participants appeared more likely to present FPs
rather than FNs, implying that they were more likely to present an entry of an object
as another. When taking into account both error types, the participants presented be-
tween 48.3% and 58.9% LEboth. Therefore, the participants clearly suffered in localisation
performance. The set U by itself was removed from the calculations as otherwise, the
participants would have always presented 100% error on all metric variations. Based on
the reported metrics, it is clear that the general public is quite average in terms of anno-
tation performance. However, such metrics are not detailed enough to offer insight into
where the participants struggled the most. In summary, more information was required
on this performance.

Models The models were subjected to similar processes as the survey. What differenti-
ated the processes was that the survey had multiple entries per image. Since the general
public was then treated as a singular model, the averages had to be rounded to pro-
vide a consistent result. Meanwhile, since the models were on their own, they already
provided a consistent result set. Consequently, the processing of the models’ results
was much simpler. Table 5.10 presents the error results by each model and CAM com-
bination. VGG16 performed both the best and the worst in terms of LE, implying that
whatever CAM technique is utilised would have a considerable effect on the final result.
However, EfficientNetB0 seemed to provide more consistent results. The results indi-
cate only around a 4% difference in LE within EfficientNetB0 and CAM combinations.
Nevertheless, it still didn’t perform well compared to the best-performing model-CAM
combinations. Most of the models performed worse than the survey participants with
an overall LE of 58.8%. However, each model-CAM combination was treated as an indi-
vidual model as per the reasons specified in Section 4.1.2. Table 5.10 shows the equiva-
lent of the E results. The AI models were also subjected to their own “none of the above”
option. Further information about this can be found in Section 5.3.2.5. Table 5.10 also
presents why the newly presented LE modifications were important. According to stan-
dard LE, the best performing model was VGG16 integrated with Grad-CAM++. When
introducing the other variations of LE, however, VGG16 with Grad-CAM++ exhibited
an almost 20% increase in error at its worst. In contrast, MobileNetV2 with Faster Score-
CAM presented an under 4% increase in error at its worst, causing its error to become
lower than that of VGG16 with Grad-CAM++. If only standard LE was utilised in this
study, a subpar model would have been used to present the results. However, through
the LE variations, FPs and FNs were also taken into account within the overall result.
Nevertheless, more information could be extracted from the models via predictive met-
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rics.

Comparisons It is clear that both the survey and the models seem to be inaccurate.
Assuming that the current ground truth is correct, their performance seems to range
between average to lacking. When observing all the E−U entries, MobileNetV2 with
Faster Score-CAM outperformed the survey entries by more than 4% LEboth. However,
when introducing the survey entries as a singular model via the rounding operation, the
participants outperformed this model by around 1% LEboth. In short, the LE variations
provided important insight into both survey and model performance. Without these,
this study would have overlooked critical information. The survey participants seemed
to be more prone to providing FPs rather than FNs, implying that they were more likely
to predict an object in place of another one in a bounding box. Meanwhile, the mod-
els presented differing results. Most models, like EfficientNetB0 with Score-CAM, Mo-
bileNetV2 with Score-CAM, and MobileNetV2 with Faster Score-CAM, exhibited the
same type of performance. In contrast to the survey participants, however, they were
prone to FNs, implying that model-CAM combinations were more prone to missing
ground truths with their predictions. While this result set proved useful to determine
the hypothesis presented in Section 1.4, more information was required to analyse the
performance of these models and the survey participants.

Model CAM LE LEfp LEfn LEboth

EfficientNetB0 Grad-CAM 68.3% 71.7% 71.7% 74.2%
EfficientNetB0 Grad-CAM++ 64.2% 69.2% 67.5% 71.7%
EfficientNetB0 Score-CAM 65.8% 69.2% 68.3% 71.7%
EfficientNetB0 Faster Score-CAM 65.8% 66.7% 70.8% 70.8%
MobileNetV2 Grad-CAM 60% 65% 63.3% 67.5%
MobileNetV2 Grad-CAM++ 55% 58.3% 58.3% 60.8%
MobileNetV2 Score-CAM 54.2% 57.5% 58.3% 60.8%
MobileNetV2 Faster Score-CAM 46.7% 46.7% 49.2% 49.2%

VGG16 Grad-CAM 74.2% 82.5% 78.3% 85%
VGG16 Grad-CAM++ 40.8% 55.8% 48.3% 60%
VGG16 Score-CAM 44.2% 55% 53.3% 60.8%
VGG16 Faster Score-CAM 56.7% 62.5% 61.7% 66.7%

Table 5.10: Model-CAM results by LE variations, which take into account either FPs
(LEfp), FNs (LEfn), or both (LEboth). The best results are marked in bold.
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Configuration Accuracy

E 77.9%
E−U 89.1%
≈ E 87.5%

≈ (E−U) 92.5%

Table 5.11: Survey classification accuracy results. Set E represents all individual and
identifiable entries. Set U contains all entries marked with “none of the above”. Bold
denotes the best performance.

5.3.2.2 | Classification Accuracy

In Section 5.3.1.2, the original image classifiers were evaluated through their training
session. This produced their classification accuracy. The survey entries were also sub-
jected to the same process, producing a classification accuracy result set for the entire
survey. This revealed whether the participants or the models were better for determin-
ing the image-level labels. In this case, classification accuracy was calculated by apply-
ing Equation 2.1. Since accuracy is not predictive, other metrics were also applied to aid
in extracting further details about classification performance.

Survey In terms of accuracy, Table 5.11 shows participant performance when con-
sidering only image-level labels. As expected, classification accuracy improved when
removing the “none of the above” entries. In fact, the survey participants seemed to
perform moderately well when determining image-level labels, implying that the issue
with the average LEboth might not lie with the labels. Nevertheless, 20% of the already
filtered entries had been classified inaccurately. Table 5.12 shows predictive metrics, in-
cluding precision, recall, and F1-score, which revealed where the aforementioned errors
specifically occurred. To obtain these results from the survey entries, a macro-average
was used. The classification metrics revealed that the participants were more prone to
providing FNs rather than FPs. This is due to the lower reported recall values when
compared to precision. These results imply that the participants provided the opposite
predictive performance of all LE variations. This further suggests that whatever caused
the participants to perform lacklustrely extends to more than simply incorrect labelling.
Conversely, the rounded results improved the overall metrics. This indicates that most
participants classified each entry correctly. This further improved the overall rounded
result.
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Models The models’ overall classification performance was already presented in Table
5.5. Arguably, that table is a more accurate representation of the models’ performance.
However, to provide a suitable set of results, the models were re-evaluated onto the
survey subset. This was done to formally compare the metrics with the survey results.
Table 5.13 presents the acquired results. All the models performed quite well in deter-
mining the ground truth classes. None of them was less than 90% accurate. All the
accuracy values also coincided with the full validation subset results. This was due to
the fact that the values shown in Table 5.5 come within 0.5% of each other, suggesting
that the highly limited survey subset still provided enough generalisation. Neverthe-
less, the best performing image classifier still remained VGG16. Despite this, VGG16
was not the best weakly supervised model, as seen in Table 5.10. This suggests that
training an accurate classifier is not enough to develop an accurate weakly supervised
object localiser. The key factor most likely lies within the model architecture and CAM
technique combination. Regardless, it can be concluded that the models’ lacklustre per-
formance exhibited in Table 5.10 was not because of improper classifications. On the
contrary, the models proved to be competent image classifiers. Similar to the survey
classifications, the macro-averages of precision, recall, and the F1-score revealed fur-
ther details, which are presented in Table 5.14. As expected, VGG16 presented the best
performance out of all the models. Just as with the survey classifications, the models
seemed to handle FPs better than FNs. However, both precision and recall seemed to

Configuration Precision Recall F1-score

E 82.3% 71.9% 76.1%
E−U 89.2% 88.4% 88.6%
≈ E 91% 81.5% 85.2%

≈ (E−U) 92.8% 92.5% 92.4%

Table 5.12: Various macro-averaged survey classification results. Set E represents all
individual and identifiable entries. Set U contains all entries marked with “none of the
above”. Bold denotes best performance.

Model Accuracy

EfficientNetB0 93.3%
MobileNetV2 93.3%

VGG16 95%

Table 5.13: Classification accuracy by model. Bold denotes best performance.
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Model Precision Recall F1-score

EfficientNetB0 86.3% 86.2% 86.1%
MobileNetV2 86.3% 86.2% 86.1%

VGG16 88% 87.7% 87.7%

Table 5.14: Macro-averaged classification metrics by model. Bold denotes the best per-
formance.

be quite similar. The F1-score indicates that the predictive performance of these models
was worse than their reported accuracy. Such a scenario shows why predictive met-
rics are important. Despite this, all the models performed moderately well, indicating
that they are potent classifiers and that they were trained correctly. However, further
investigation was required to discover the models’ lacking performance with LE.

Comparisons Both the participants and the models performed moderately well to ex-
cellent, suggesting that both humans and machines are competent image classifiers.
Moreover, both the participants and the models exhibited comparable performance.
When considering the E−U entries, the models barely reached the same performance
as the participants. The largest distinction in terms of F1-score is that of 10%, when the
E entries are compared with VGG16. Therefore, the models may have a slight advan-
tage, depending on the survey configuration applied. Within the scope of this study,
however, such a comparison might be paradoxical. Firstly, the AI models were trained
on image-level labels. Therefore, some might consider such a comparison to be partial,
giving rise to the notion that these results are completely subjective. This is due to the
ground truth correctness assumption. Secondly, this study’s aim was to help users cre-
ate object localisation datasets through image-level labels. Therefore, comparing these
performances might seem illogical as users still have to provide image-level labels. The
only fact that can be gleaned from these results is that care must be taken when per-
forming crowdsourcing. As indicated by the original entry results shown in Table 5.11,
the general public can be quite inattentive and thus may potentially provide lacking
annotations.

5.3.2.3 | Bounding Box Accuracy

Since both the humans and models presented accurate labelling, further investigations
were conducted on the localisations instead. The LE metrics already accounted for the
localisations, but only in conjunction with the class labels. To truly test the accuracy of
the localisations, IoU was utilised by itself. Just as with the LE metrics, the localisation
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was considered accurate if the IoU value was 50% or over. Notwithstanding, bounding
box accuracy was determined as if each class was simply a positive instance. In sum-
mary, Equation 2.1 was still utilised to determine the accuracy of the bounding boxes;
however, it was not applied in a multiclass scenario.

Survey By calculating bounding box accuracy, an accurate representation of the locali-
sation performance from the survey was obtained. It is important to note that bounding
box accuracy was calculated via both entries and individual instances. This means that
each metric was produced by either processing a whole image or each bounding box in
that image. Such a variation was introduced to delve deeper into bounding box perfor-
mance. These results were not applied in the case of LE as that specific metric revolved
around each image entry only. This is also true for the individual classifications. Table
5.15 presents the results separated by the types of entries as in the previous survey-
related tables. Evidently, the participants performed quite sub-optimally when it came
to localisation. When observing the E − U entries, the participants drew under 50%
bounding boxes accurately. This implies that the root of the average LE metrics is due
to bounding box performance. The results also indicate that humans find it more diffi-
cult to perform localisations than classifications. This is because while the participants
performed moderately well in categorising the contents of the image under a specific
label, their performance suffered when asked to indicate where the basis of their results
lay. The U entries could also be evaluated exclusively in this scenario. This is due to
the label not being required when evaluating Equation 2.1. The entries that included
such an option came with rather poorly drawn bounding boxes. Under 20% of such
entries were correct. This was to be expected, but it does provide important insight -
it can be inferred that bounding box accuracy is dependent on classification accuracy.

Configuration Accuracyentry Accuracybox

E 45.9% 26.1%
E−U 48.8% 28.4%

U 19.9% 9.5%
≈ E 54.2% 29.9%

≈ (E−U) 54.2% 30%
≈ U 32.8% 15%

Table 5.15: Survey bounding box accuracy presented by either each entry or per bound-
ing box. Set E represents all individual and identifiable entries. Set U contains all entries
marked with “none of the above”. Bold denotes the best performance.
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Configuration Precisionentry Recallentry F1-scoreentry

E 46.1% 76% 55.1%
E−U 48.3% 83.5% 60.1%

U 19.9% 100% 33.2%
≈ E 53% 85.6% 61.3%

≈ (E−U) 53.4% 86.2% 63.6%
≈ U 32.8% 100% 49.4%

Table 5.16: Macro-averaged survey bounding box metrics by entry. Set E represents all
individual and identifiable entries. Set U contains all entries marked with “none of the
above”. Bold denotes the best performance. U recall performance was ignored as there
were no “none of the above” ground truth labels.

When the participants failed to determine what the appropriate label should be, they
were not able to properly identify its location either. This information also corroborates
what was implied in Section 5.2.4; since 34% of the localisation entries were determined
via the label first, it can be concluded that the label is a deciding factor in localisations.
Additionally, bounding box performance suffered when viewing the metric through in-
dividual instances. Indeed, there is a 20% difference between the non-rounded entries’
accuracy variations. The only instance where the participants performed averagely was
within the ≈ (E−U) entries. Despite the already negative results, further information
was extracted by applying predictive metrics. Precision, recall, and the F1-score were
applied to determine the causes of localisation failures. Tables 5.16 and 5.17 present the
obtained results split between entry and instance variations. As expected, the instance
version of the metrics reported worse performance than the entry version, indicating

Configuration Precisionbox Recallbox F1-scorebox

E 41.8% 42.7% 41.3%
E−U 45.6% 47.3% 45.3%

U 18.8% 16% 17.3%
≈ E 46% 48.7% 46.2%

≈ (E−U) 46.8% 49.3% 46.6%
≈ U 26.4% 25.8% 26.1%

Table 5.17: Macro-averaged survey bounding box metrics by instance. Set E represents
all individual and identifiable full entry times. Set U contains all individual and iden-
tifiable full entry times for entries marked with “none of the above”. Bold denotes the
best performance.
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Model CAM Accuracyentry Accuracybox

EfficientNetB0 Grad-CAM 25.8% 12.2%
EfficientNetB0 Grad-CAM++ 30% 14.7%
EfficientNetB0 Score-CAM 30% 13.8%
EfficientNetB0 Faster Score-CAM 29.2% 14.8%
MobileNetV2 Grad-CAM 32.5% 16.4%
MobileNetV2 Grad-CAM++ 40.8% 20.4%
MobileNetV2 Score-CAM 40.8% 21.3%
MobileNetV2 Faster Score-CAM 51.7% 26.4%

VGG16 Grad-CAM 15% 8%
VGG16 Grad-CAM++ 40% 24.4%
VGG16 Score-CAM 39.2% 23.5%
VGG16 Faster Score-CAM 33% 18.7%

Table 5.18: Model bounding box accuracy presented by either each entry or per bound-
ing box. Bold denotes the best performance.

that there were more incorrect specific instances in all the entries. None of the bound-
ing box metric variations reported over 50% precision, recall or F1-score. This further
supports the argument that the participants struggled to localise correctly. Further in-
vestigations revealed that the participants struggled with FPs more than with FNs. This
is due to all the entry recall metrics being over 80%. Nevertheless, the F1-score reveals
that the participants’ predictive performance was quite lacking. In conclusion, the par-
ticipants suffered in localisation, this being the main cause of the average LE metrics
presented previously.

Models Using similar methods, the bounding box accuracy for all the models was also
obtained. Table 5.18 showcases the results for each model-CAM combination. As seen in
Table 5.18, these models performed quite ineffectively. The best performing model out-
putted around 52% bounding box accuracy per entry. When viewing the instance varia-
tion of the metric, performance dropped by just under half of the previous value. Other
instance results that achieved similar performance include some model-CAM combi-
nations incorporating VGG16. This corroborates previous VGG16 performance, where
it performed slightly worse than MobileNetV2 with Faster Score-CAM. In addition to
accuracy, the standard predictive metrics were applied to further analyse bounding box
performance. Tables 5.19 and 5.20, which were produced via precision, recall, and the
F1-score, reveal such details. When viewing the per-entry results, the models presented
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Model CAM Precisionentry Recallentry F1-scoreentry

EfficientNetB0 Grad-CAM 23.7% 76.7% 35%
EfficientNetB0 Grad-CAM++ 27.7% 81.8% 39.8%
EfficientNetB0 Score-CAM 27.9% 82.7% 39.1%
EfficientNetB0 Faster Score-CAM 27.3% 79.2% 38.8%
MobileNetV2 Grad-CAM 29.9% 77.6% 41.6%
MobileNetV2 Grad-CAM++ 37.6% 83.1% 50.7%
MobileNetV2 Score-CAM 37.6% 81.7% 50.4%
MobileNetV2 Faster Score-CAM 47.6% 83.2% 59.2%

VGG16 Grad-CAM 13.9% 60% 21.6%
VGG16 Grad-CAM++ 36% 79.4% 48.5%
VGG16 Score-CAM 35.3% 80.5% 47.5%
VGG16 Faster Score-CAM 30.8% 78.4% 42.4%

Table 5.19: Macro-averaged model bounding box metrics by entry. Bold denotes the
best performance.

quite optimistic results. Particularly, the recall results ranged from average to good.
Since the F1-score is a harmonic mean of both precision and recall, the metric also pro-
duced better than expected results. The high recall value implies that when viewing the

Model CAM Precisionbox Recallbox F1-scorebox

EfficientNetB0 Grad-CAM 21.5% 20.1% 20.4%
EfficientNetB0 Grad-CAM++ 26.7% 24.3% 25%
EfficientNetB0 Score-CAM 24.9% 23.8% 23.8%
EfficientNetB0 Faster Score-CAM 28.8% 19% 22.2%
MobileNetV2 Grad-CAM 30.4% 25.5% 27.2%
MobileNetV2 Grad-CAM++ 39.3% 30% 33.2%
MobileNetV2 Score-CAM 41.2% 30.6% 34.3%
MobileNetV2 Faster Score-CAM 49.5% 35.9% 40.5%

VGG16 Grad-CAM 12.4% 16% 13.6%
VGG16 Grad-CAM++ 40% 37.6% 38%
VGG16 Score-CAM 39.6% 33.8% 35.5%
VGG16 Faster Score-CAM 34.2% 27.4% 29.2%

Table 5.20: Macro-averaged model bounding box metrics by instance. Bold denotes the
best performance.
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entries, there was a minimal amount of misses per class. Conversely, the instance vari-
ation of the metrics presented a different conclusion. Recall suffered immensely when
compared to the entry metrics. In fact, precision outperformed recall in almost every
model-CAM combination. The models were more prone to missing a bounding box
rather than producing too many of them. Such results conclusively determine that the
models’ average LE is also because of subpar bounding box performance.

Comparisons Between the survey and model entries, the most important results were
quite comparable. However, the participants seemed to present slightly better general
bounding box performance. When comparing the survey F1-scorebox with the relevant
MobileNetV2 with Faster Score-CAM result, the participants outperformed the model-
CAM combination by 6%. However, this result was generated from the≈ (E−U) entry
set, which were artificially modified by rounding the entries into one per image. Despite
this, there are instances where MobileNetV2 with Faster Score-CAM outperformed the
participants. When observing the F1-scoreentry results presented by the same model-
CAM combination, it surmounted the survey participants by 4%. Meanwhile, the mod-
els seemed to suffer in recall when evaluating individual instances, showing that the
models were more effective at handling FPs rather than FNs. The opposite was true in
the case of the survey entries; it was more likely for the participants to provide too many
bounding boxes rather than too few.

5.3.2.4 | Times

Section 5.2 presented and reviewed various types of entry times. Originally, this was
done to obtain more information on human annotation behaviour as per the first ob-
jective; however, the entry times’ usage can also be extended to the current objective
being discussed, particularly, they can be used to compare whether humans or ma-
chines are faster in annotation. Such results also indicate whether it is worthwhile to
consider CAM-empowered models as dataset annotator helpers. To estimate these val-
ues, pseudo-session periods were calculated based on the dataset to help envision the
expected performance from such models. As described in Section 4.1.1.1, the simplified
ImageNet training set contains exactly 128,763 images. This amount, now represented
as n, was applied in Equations 5.2 and 5.3 to discover such times.

Survey As indicated in Section 5.2, the time periods of interest for these calculations
were the full entry times and the optimised entry times. These can be found in Tables 5.1
and 5.2, which represent the typical and improved performance of the general public,
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Configuration Full Optimised

E ≈ 823h ≈ 608h
E−U ≈ 787h ≈ 501h

Table 5.21: Time to annotate n = 128, 763 images based on different survey time types.
Set E represents all individual and identifiable full entry times. Set U contains all in-
dividual and identifiable full entry times for entries marked with “none of the above”.
Bold denotes the shortest times.

respectively. Thus, these are the most viable values when computing the time required
for humans to annotate images, which can be calculated by evaluating 5.2. Apart from
n, the equation also includes variable b, which represents whatever average localising
entry time was utilised to generate the result, as well as t, which represents the total
time required to annotate the dataset, based on the crowdsourcing intervals.

t = n× b (5.2)

Applying these entry times provided the total amount of time required for the general
public to annotate the simplified ImageNet training set. Table 5.21 shows these results in
terms of hours. The fact that the smallest amount of time possible was approximately 21
full days’ worth of work confirms that manual annotation is an extremely laborious task.
This is especially true when considering the original ImageNet dataset, which contains
over 1 million training images [2]. Moreover, the importance of even a few seconds
shows itself in Table 5.21. In Tables 5.1 and 5.2, the difference between the relevant times
only amounts to between 1s and 3s. Similarly, the time taken was reduced substantially
when using the optimised entries. By applying Equation 5.1, a percentage decrease was
calculated to represent this time advantage. It resulted that there was a 39% decrease in
the time taken when considering e as the full time including unknown entries and n as
the optimised time excluding unknown entries. Summarily, the results objectively show
that manual image annotation is a monumental effort while also demonstrating how an
effective dataset annotator helper could be of great help in this endeavour.

Models In Equation 5.3, m represents the training time of the model. This tallied up
to roughly 48h, including the hyperparameter tuning session. Variable l stands for any
relevant labelling time, while variable w represents the inference time of the model-
CAM combination used as the dataset annotator helper. It must be clarified that the
training time was only applicable for VGG16, the model that took the longest to fit.

97



Chapter 5. Results 5.3. Human vs Machine Metrics

Model CAM Full Optimised

EfficientNetB0 Grad-CAM ≈ 671h ≈ 361h
EfficientNetB0 Grad-CAM++ ≈ 674h ≈ 364h
EfficientNetB0 Score-CAM ≈ 806h ≈ 496h
EfficientNetB0 Faster Score-CAM ≈ 684h ≈ 374h
MobileNetV2 Grad-CAM ≈ 669h ≈ 359h
MobileNetV2 Grad-CAM++ ≈ 670h ≈ 360h
MobileNetV2 Score-CAM ≈ 794h ≈ 483h
MobileNetV2 Faster Score-CAM ≈ 683h ≈ 373h

VGG16 Grad-CAM ≈ 668h ≈ 358h
VGG16 Grad-CAM++ ≈ 671h ≈ 361h
VGG16 Score-CAM ≈ 753h ≈ 443h
VGG16 Faster Score-CAM ≈ 676h ≈ 366h

Table 5.22: Time to annotate n = 128, 763 images based on different model times. Bold
denotes the shortest times.

Despite this, this specific value was applied to all models.

t = (n× l) + m + (n× w) (5.3)

Iterating this equation over each model-CAM combination produced Table 5.22, where
the largest and smallest possible times are shown. Similar to the survey times, a semi-
automated annotation workflow would have still taken a significant amount of time.
While no model took significantly longer than the rest, certain CAM methodologies
did. For example, Score-CAM always caused whatever model it was integrated with to
take substantially longer. By applying Equation 5.1, it was discovered that Score-CAM
would have taken 16.4% longer than the other CAM techniques. As a result, none of the
models that used Score-CAM performed well. Therefore, such an increase might not
have an impact when determining the best result. Moreover, the difference between the
full and optimised times is quite substantial. Both instances were presented to envision
the range of possible times that a semi-automated annotation workflow could make.
Such ranges turned out to be quite large and should be taken into account. This further
suggests that a “snowballing” effect can occur depending on the performance of the an-
notator. Therefore, it can be conclusively determined that a semi-automated annotation
workflow would still take a substantial amount of time to perform.
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Comparisons From Tables 5.21 and 5.22, it can be surmised that both manual and
partially automated annotation would have taken a substantial amount of time. Such
results suggest the utter significance of image annotation in CV tasks. Nevertheless,
the models would have taken less time in almost every combination. Comparing the
longest optimised model time with the shortest manual annotation time reveals a small
difference of about 5 hours’ worth of work. While not a substantial amount, the models
objectively would have taken less time to perform annotations, even in the worst-case
scenario. When considering the full entry times, the best manual annotation time out-
performed the MobileNetV2 with Score-CAM’s annotation time by 7h. This was the
only model-CAM combination that fell short of the manual annotation times. This sug-
gests that there is a quantifiable benefit in time and effort when using CAM-empowered
object localisers as dataset annotator helpers. In fact, MobileNetV2 with Faster Score-
CAM can save between 17% and 36% of the time taken to perform manual annotation.

5.3.2.5 | Uncertainty

The survey participants were given the “none of the above” option as a choice. This
option was available in both the classification and localisation segments. This study
decided that modelling uncertainty is a suitable technique for evaluating participant
performance. Thus, this concept of uncertainty was also extended to the AI models.
Doing so helped provide an impartial comparison of confidence for all types of entries.

Survey To avoid forcing the participants to choose a label, the web application offered
a “none of the above” option. This represented an individual participant’s confusion
about the categories. While not a standard concept for crowdsourcing, it did help de-
termine the participants’ confidence in their answers. This is especially true when the
participants had to localise an image. By dividing the number of unknown entries by
the total amount of entries, the rate of “none of the above” entries was calculated. Such
entries were also separated by their entry type, giving rise to Table 5.23. The rate of un-
known choices was higher in image labelling than object localisation. This suggests that
the participants struggled more when providing image-level labels. When asked to per-
form a localisation however, they searched the image contents thoroughly. This effort

Configuration Labelling Localisation

| U | / | E | 14.3% 10.2%

Table 5.23: Relative “none of the above” choice rates by annotation type in the survey
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increased their chances to find a suitable object for the category in question. Addition-
ally, it was made evident that the participants made their annotations apprehensively in
at least one out of 10 entries. This rate implies that human participants should be taken
precariously when using crowdsourcing.

Models To evaluate a model’s uncertainty factor, a model feature was utilised. Since
all models used label encoding, a confidence score could be extracted from any pre-
dicted class. This was used to test whether model confidence reached a specific thresh-
old. The confidence threshold c was represented as c = 0.5. This is identical to the
threshold utilised for LE in ImageNet [2]. Any confusion or uncertainty exhibited by the
model would have been detected by their failure to reach that threshold. However, even
with this threshold set in place, none of the AI models returned a “none of the above”
prediction. This is logical since the AI models achieved high classification scores in
all metrics. Assuming that the models were trained correctly, CAM-empowered object
localisers appeared to be utterly confident when applied to this workflow.

Comparisons When assuming that c = 0.5, the models outperformed the survey par-
ticipants in terms of confidence. In this context, the weakly supervised models com-
pletely outmatched the survey participants. However, this is only applicable if the mod-
els are trained properly. If the performance of the models was subpar, their confidence
scores would have also suffered as well. Therefore, these results reiterate the impor-
tance of good CNN training practices. These were achieved through the application of
pre-trained models and extensive hyperparameter tuning.

5.3.2.6 | Discoveries

Through the various assessments that were utilised in this module, in-depth informa-
tion about participant and model performance was revealed. When reviewing the var-
ious LE metrics applied, it was discovered that both the models’ and the participants’
performance was from inadequate to average. Despite this, the results suggest that the
participants and models are comparable. Labels and bounding boxes were analysed
individually to report on the possible cause for such performances. In terms of classifi-
cation, both the participants and the models performed moderately well, implying that
the issue lied with the bounding boxes. Bounding box performance was, in fact, quite
low on both a per-entry and per-annotation basis, thus proving that the problem mostly
stemmed from the localisations. The results also highlight how these models performed
quite similarly to their human counterparts. In fact, the best performing model came
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within 1% LEboth of the best survey entries. Further investigations were carried out to
envision a semi-automated workflow via a weakly supervised model. It was discovered
that models save about 17% - 36% of the time required to annotate manually. Finally, the
models’ uncertainty was modelled based on a similar system found within the survey,
which helped reveal that apart from saving time, the models also presented their results
more confidently than the participants. Indeed, it was found that crowdsourcing partic-
ipants were unsure of their choice for one in every 10 entries. In conclusion, the models
provided comparable performance to humans while still saving time. Since they do not
suffer from doubt and perform accurately, they can act as competent dataset annotator
helpers.

(a) Survey participant localised “instru-
ment” when the truth label was “instru-
ment”, referring to the banjo

(b) Survey participant localised “insect”
when the truth label was “insect”, refer-
ring to the dragonfly

(c) EfficientNetB0 with Grad-CAM++ lo-
calised “bird” when the truth label was
“bird”, referring to both birds

(d) MobileNetV2 with Faster Score-CAM lo-
calised “vehicle” when the truth label is “ve-
hicle”, referring to the bumper car

Figure 5.3: Various correct annotation samples from both the survey participants and
the models. The ground truth is denoted in red, while green denotes the prediction.
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5.4 | Annotation Choices Assessment
As discussed in Section 5.3.2.2, the metrics utilised in 5.3.2 were subjective. Since no
true ground truth could ever be determined, this issue could not be solved in its en-
tirety. Nevertheless, this study attempted to further support the results by utilising a
secondary survey. This web form was designed to evaluate human reliability. This
evaluation consisted of testing more participants to observe whether they could distin-
guish human annotations from machine annotations. After accumulating the responses
of 120 participants, the results were reviewed.

5.4.1 | Survey Demographic
Extracting the typical participant was important for the premise of this survey. Indeed,
trends can be revealed based on the type of participant. Therefore, introductory ques-
tions concerning the individual participant’s nature were made.

5.4.1.1 | Participant Information

Participants from a broad range of ages responded to the form. While about 30% of the
participants were between 26 and 35 years old, similar distributions of about 20% were
found for the following age brackets: 18 - 25, 36 - 45, and 46 - 55. The least popular age
range was that of between 56 and 65, which only made up about 3% of the entire age
demographic. Additionally, about two-thirds of the respondents identified themselves
as male. Most of the rest identified themselves as women, while a marginal amount
did not disclose this information. Such information could be utilised to categorise the
results and could determine trends based on a target demographic.

5.4.1.2 | Annotation Confidence

This section also established the participants’ confidence in their image annotation abil-
ities as well as their self-assurance on their observation skills. Figure C.5 presents the
exact distribution of annotation confidence ratings. Almost 50% of the participants had
total confidence in their image annotation abilities. By extracting the arithmetic mean
of this question as a normalised value, it was revealed that a typical participant was
84% confident in their abilities. This finding is important as it can be used to reveal
any change in confidence within the participants once the survey was completed. Con-
sequently, when evaluating the image choices presents, one would be able to deduce
whether or not their confidence was unfounded.
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5.4.2 | Image Choices
The second section of the form presented the participants with a set of image choices,
which were determined as described Section 4.1.3.2. These choices tested the partici-
pants’ ability to recognise human annotations. If the participants were unable to choose
the correct answers, it would suggest that annotation accuracy stems further than sim-
ply evaluating metrics based on ground truths.

5.4.2.1 | User Performance

By averaging each individual participant’s entry, the participants were only able to
recognise a human annotation 36.8% of the time. This suggests that participants were
more likely to choose a machine annotation as a human annotation. This argument
is further strengthened by the fact that the participants were asked to choose two im-
ages. This is important to consider, as it suggests that the machine annotations are more
human-like than the actual human annotations. To further investigate the results, this
experiment also evaluated whether the participants answered more than 50% of the
questions correctly. Overall, it transpired that only 12.5% passed the multiple-choice
test, further showing that humans are unreliable in their image annotation skills, as
they are not able to recognise another human’s handiwork. This further alludes to the
importance of a digital aid within such work.

5.4.2.2 | Trends

Analysing the individual questions in a qualitative manner revealed further trends about
the participants, which, in turn, could be used to obtain more information on how the
participants came to their answers.

Perceived correctness Most of the participants chose the annotations with the most
correct bounding boxes. Such bounding boxes were also considered correct by the
ground truth. This is an important finding as it can be inferred that for most partici-
pants, a human annotation is equal to an infallible annotation. Instances of such scenar-
ios can be observed in Figure 5.3.

Alternative answers While most of the participants seemed to recognise which im-
ages were considered correct, there were specific instances where the participants delib-
erately chose the incorrect answer. For example, Figure 5.4 shows incorrect or missing
annotations. These instances were chosen frequently by the participants as human an-
notations. While in this case, they were correct, it was not immediately obvious why
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they did this. The most likely scenario is that the participants viewed the uniqueness
of such instances as the alternative option. For example, the mislabelled “clothing” in-
stance was technically correct; the ground truth of the image was labelled as “furniture”,

(a) Survey participant localised “clothing”
when the truth label is “furniture”, refer-
ring to the entire bed

(b) Survey participant localised “none of
the above” when the truth label was “rep-
tile”

(c) VGG16 with Grad-CAM++ localised
“primate” when the bounding box truth
outlined the entire monkey in only one
bounding box

(d) VGG16 with Grad-CAM localised
“dog” when the bounding box truth out-
lined the entire dog rather than only its
face

Figure 5.4: Various incorrect annotation samples from both the survey participants and
the models. The ground truth is denoted in red, while green denotes the prediction.
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but the original entry classified it as “clothing” due to the bounding box surrounding
the sock. This could also be considered as proof of the subjectivity issue presented by
the original ground truths.

By elimination Further alternative behaviour was observed in “obviously” mishan-
dled annotations, as showcased in Figure 5.4. The disorganised nature of such images
led the participants to believe that these were not man-made annotations. This further
strengthens the theory that most of the form’s participants evaluated an annotation as
man-made if it seemed correct. If they saw something illogical, then it was less likely to
be chosen as a machine annotation.

5.4.3 | Participant Sentiment
The final section of the form asked the participants some sentiment-based questions.
These questions mainly provided insight into the form and its basis. These answers
could reveal further information about the participants’ behaviour in the previous sec-
tion. Inexperienced participants also rudimentarily observed what annotation work
consists of. This provided context for the final question, which led to clearer sentiments.

5.4.3.1 | Perceived Difficulty

Based on the results, the participants perceived the previous section’s questions as mod-
erately difficult. Determining the arithmetic mean of their ranges indicated that the
participants found the second section to be 65% difficult. This is quite low when con-
sidering their performance in the previous section. Moreover, if one were to consider
this difficulty rating as another representation of the participants’ confidence, the par-
ticipants’ overall confidence reduced by the end of the form. This puts into perspective
a change of opinion, as they were not as confident as they originally were by the end of
the form.

5.4.3.2 | Opinions on Annotation Facilitators

The final question was reserved to the end to ensure that the participants were more
qualified to answer it. Since they were part of the general public, it was likely that they
were not professional data annotators. Aggregating the results revealed that 85% of the
participants expressed a positive sentiment towards dataset annotator helpers. Further-
more, 38.2% of that substratum of participants were even willing to trust such a system

105



Chapter 5. Results 5.5. Summary

entirely, with no human intervention. Such results suggest that humans either acknowl-
edge their own faults or they appreciate a digital aid’s convenience. The larger segment
of this substratum reveals that the participants would be willing to use up the the time
saved from manual annotation to further improve model annotations. This would align
with the intended use of a dataset annotator helper. In contrast, 15% of the participants
indicated that they would not like to use such a system in their work. However, two-
thirds of this substratum revealed that they were not willing to use them due to not
seeing the tradeoff as worthwhile. Therefore, if better models are utilised, their opinion
would most likely change. The specific distribution of annotation helper opinions can
be seen in Figure C.19. In conclusion, this further implies that such digital systems are
not only objectively recommended via the metrics but also subjectively recommended
by other humans.

5.5 | Summary
This study designed all the experiments based on its objectives. The implementation
consisted of small, modular programs that converted data to information. The first
experiment outputted data related to the general public’s performance in image anno-
tation. Comparing the intervals revealed that the participants were relatively laid back,
especially when considering the high inactivity rates calculated by negating the full en-
try times from the optimised entry times. Indeed, the participants were not performing
annotations for at least 30% of the full entry time. Additionally, the participants started
34% of the entries in the localisation segment by selecting the label first. This indicates
that a significant amount of participants operated similarly to CAMs, further support-
ing the argument that the label is a defining factor in localisation. The second exper-
iment consisted of training the CAM-empowered object localisers. This was done by
using KerasTuner to optimise the hyperparameters. The participants and models were
compared by using a metric known as LE. However, LE presented many oversights.
Further work was carried out by developing variations of LE. These novel metrics
showed a substantial difference in performance between them and the original LE met-
ric. The best performing model, MobileNetV2 with Faster Score-CAM, outperformed
the survey participants’ standard entries by 9.7% LEboth. After artificially improving the
survey entries via an optimisation procedure, the survey participants outperformed the
same model by only 0.9% LEboth. The same model presented a 25.5% reduction in the
time taken when compared to manual image annotation. Since LE is similar to accu-
racy, predictive metrics were applied to the solution. These were used to determine the
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cause of the subpar performance exhibited by both the humans and the models. It was
discovered that both humans and models lack a good understanding of how to create
bounding boxes. When evaluating each bounding box instance as a positive instance,
they only achieved a 46.6% and 40.9% F1-score, respectively. This shows that both hu-
mans and models suffer in localisation. Finally, the web form revealed that humans are
truly inconsistent in their annotations. Despite the fact that the typical participant was
84% confident in their image annotation abilities, 61.8% of the questions were answered
incorrectly, indicating that the participants were more likely to choose a machine anno-
tation than a human annotation. It also proves that the models outputted human-like
annotations. Additionally, 85% of the participants responded positively to the idea of
using a dataset annotator helper. This result further legitimises the reasoning behind
this study.
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6

Conclusion

This study’s purpose was to investigate weakly supervised techniques as dataset anno-
tator helpers and thus trained CAM-empowered object localisers with this aim in mind.
To evaluate the models, they were compared with primary data obtained from the web
application via common metrics. Since the ground truth was also human-annotated, an
additional web form was published to verify the acquired results. Its results ascertained
that humans are inconsistent with their annotations, further suggesting the potential of
this methodology within image annotation.

6.1 | Discussion
This study designed a pipeline to segment the implementation. Consequently, develop-
ment was split into three modules, each of which generated experiments that produced
a result set. In turn, each result set corresponded to a specific objective. Then, these re-
sults were analysed to extract relevant information regarding the objective in question.
This information helped determine whether this study achieved its goals.

6.1.1 | Crowdsourcing Intervals
By processing the timestamps recorded via the web application, human annotation be-
haviour was quantified. In Section 5.2, it was determined that the general public is
inefficient in data annotation workflows due to their high inactivity rates when anno-
tating images. This result clarified the need for a digital aid, especially in crowdsourcing
systems, leading to the argument that a weakly supervised model workflow could be
of help. This is because it was discovered that image labelling takes less time than ob-
ject localisation, which increased the prospects for CAM-empowered object localisers as
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they only require image-level labels. Since this would also reduce manual intervention,
fewer annotations would be susceptible to human error. Therefore, it can be concluded
that this study successfully analysed human annotation behaviour in detail.

6.1.2 | Human vs. Machine Metrics
Training the eligible architectures and combining them with various CAM techniques
brought on a host of model-CAM combinations. Through LE and other predictive met-
rics, this study obtained a detailed result set. In Section 5.3, it was concluded that the
humans and the models produced a comparable set of results; however, some model-
CAM combinations performed better than specific survey configurations. MobileNetV2
with Faster Score-CAM achieved 9.7% less LEboth than the unprocessed survey entries.
When removing the unknown entries and rounding the remaining entries, humans out-
performed the same model-CAM combination by only 0.9%. Furthermore, the models
seemed to infer their predictions much faster than human annotators. Altogether, this
study confirmed that machines are better at annotating than humans. Therefore, apply-
ing CAMs as dataset annotator helpers can further aid humans in their work.

6.1.3 | Annotation Choices Assessment
The fact that ImageNet’s ground truths were also created by humans gave rise to a
paradox. Human annotations and machine annotations could not be evaluated on man-
made answers. To resolve this bias, this study published a web form to obtain more
primary data. The participants had to distinguish the human annotations from the ma-
chine annotations. These results were analysed in detail in Section 5.4, which primarily
discussed their accuracy and extracted any trends. This experiment revealed that the
participants were inconsistent as they were more likely to choose a machine annotation
as a human annotation, thus highlighting the general public’s unreliability in image an-
notation. Additionally, 85% of the participants responded positively to using a dataset
annotator helper, further supporting the argument that a digital aid would be helpful in
this scenario.

6.1.4 | Verdict
Overall, it can be concluded that by satisfying the aforementioned objectives, this study
has successfully reached its aim. Both humans and models presented comparable anno-
tation performance as they were both subpar. Despite this, some model-CAM combina-
tions did perform better than the human participants. Most weakly supervised models
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also saved time when compared to manual human annotation. With all this known,
this study confirmed the hypothesis presented in Section 1.4, implying that AI models
integrated with CAMs could be viably used as dataset annotator helpers.

6.2 | Future Work
Apart from proving that CAMs are competent dataset annotator helpers, this study also
outlines possible future work. This study categorises such work as either improvements
or expansions.

6.2.1 | Improvements
This section presents possible improvements that can be made when conducting further
research within this methodology and its related research topics.

6.2.1.1 | Web Application

Since the web application was tailor-made, future work can include improving its un-
derlying logic. For example, determining the participants’ confidence in their submis-
sion could be more intuitive than a simple “none of the above” option; for instance, the
participants could quantify their confidence in the form of a range. Whatever number
is chosen from the range would represent the participants’ confidence in their annota-
tion. This concept is similar to how the participants rated their own image annotation
abilities in the web form. Using scales would streamline the comparisons of human and
machine annotations by quantifying humans’ confidence more similarly to how models
present their confidence. Additionally, the web application’s load balancing component
could be extended. Rather than load balancing the images only, future work could also
extend this functionality to the application’s parts. This would help mitigate bias when
conducting further experiments on different annotation types.

6.2.1.2 | Models

In addition to including more models and CAMs, future work in this area could also
entail custom solutions. This study offered a vast range of result sets that future work
can extend via tailor-made model-CAM techniques. Other custom image datasets could
also be tested. Additionally, certain model-CAM combinations might offer different
performances in other applications. Furthermore, future work can apply more in-depth
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hyperparameter optimisation. This can be done through KerasTuner in various ways,
for example by:

� expanding the possible learning rates and momentum values;

� including other hyperparameters, such as batch size and layer filter sizes;

� including pre-trained and randomly initialised model variations; and

� using other oracle algorithms, such as Bayesian optimisation and random search.

6.2.2 | Expansions
The following expansions feature possible extensions to the established pipeline. These
can range from possible prototypes to technical considerations.

6.2.2.1 | Localisation vs Detection

Despite their performance, model-CAM combinations still present an inconvenience.
Since the models are deep image classifiers, they can only produce one label per class.
This led to the usage of the LE metric to quantify their localisation potential. However,
object localisation is quite dated as it has largely been replaced by object detection due
to the fact that object detection uses fully supervised models that can localise multi-
ple labels per image. This limits the scope of the current methodology considerably.
However, future work can resolve this issue. As Selvaraju et al. [156] detailed, CAMs
can be used for image captioning. Image captioning can convert image classifiers from
single-label to multilabel predictors. With the multilabel output, CAMs can be used to
produce a heatmap based on multiple classes. This act converts weakly supervised ob-
ject localisers to weakly supervised object detectors. Then, more popular metrics such
as mAP could be applied to further extend the result set.

6.2.2.2 | Prototype Application

Since CAMs are suitable for dataset annotator helpers, future work can develop a proto-
type application. Rather than using individual modules, a framework can be designed
to support an end-to-end solution. This final application can be similar to the works
presented in Section 3.4.2. Other possible inspirations can include enterprise systems
like Microsoft Azure1 or domestic applications like LabelImg2.

1https://azure.microsoft.com/en-us/
2https://github.com/tzutalin/labelImg
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6.3 | Closing
In conclusion, this study analysed the effectiveness of state of the art CV techniques.
This was done by highlighting crowdsourcing and fully supervised learning products
and their maintenance issues. Such issues were mitigated via the weakly supervised
technique applied, which is known as CAMs. Through various experiments, it was de-
termined that CAMs could be effective as digital aids. Therefore, continuously improv-
ing this methodology would serve to not only improve the overall image annotation
experience, but also provide higher quality AI models within CV.
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A

Media Content

The implementation consisted of different modules that helped realise this study. Each
module was designed through either large projects or small, modular programs. These
files are presented here for further review, if necessary. Each section represents a folder.

A.1 | Web Application

File / Folder Comment

css Folder containing the CSS files that determined page styling
images Folder housing the survey images

js Folder storing all of the website’s front-end logic
utility Folder storing purely back-end code (e.g. load balancing)

annotation.php Localisation part of the web application
error.php Dedicated error page for when something went wrong
finish.php Page that informed the participants that they were done
footer.php Footer content
head.php Common page metadata

header.php Header content
index.php Participant starting point

instructions.php Instructions for participants
labelling.php Classification part of the web application

maintenance.php Prevented access to the survey when required

Table A.1: Web application file structure
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A.2 | Evaluation Programs

File / Folder Comment

AutoUnzip.ipnyb Used to uncompress ImageNet dataset
calc_time.py Calculated pseudo-session times
camutils.py Stored all CAM logic

datasetsizer.py Created the hyperparameter tuning subset
Eval.ipynb Used to generate metrics for deep image classifiers

resultutils.py Defined result types and metrics
Robustness.ipynb Created the big_12 superset

Starter.ipynb Used to tinker with CAMs
survey2_imgs.py Generated the web form’s annotation choice images

survey2_results.py Calculated the participants’ web form performance
survey2_survey_bbs.py Stored survey entries for survey2_imgs.py

survey2_wsl_bbs.py Stored model localisations for survey2_imgs.py
surveyresults_both.py Calculated all LE results of survey entries
surveyresults_cls.py Calculated classification metrics of survey entries
surveyresults_loc.py Calculated bounding box metrics of survey entries

surveyresults_time.py Determined Objective 1’s results
Train.ipynb Trained the deep image classifiers

weaksupervision.py Generated bounding boxes from heatmaps
wslresults_both.py Calculated all LE results of the models
wslresults_cls.py Calculated classification metrics of survey models
wslresults_loc.py Calculated bounding box metrics of survey models

wslresults_time.py Determined the inference times of models
xmltosql.py Generated SQL to insert ground truth to database

Table A.2: Evaluation files. The files “AutoUnzip.ipynb” and “Robustness.ipynb” used
the “wnid” environment. The rest of the files used the “thesis” environment.
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A.3 | Environments

File / Folder Comment

thesis.yml Evaluation programs environment
wnid.yml Robustness environment

Table A.3: Environment files

A.4 | Results

File / Folder Comment

enb0 Trained EfficientNetB0 checkpoint folder
mnv2 Trained MobileNetV2 checkpoint folder
vgg16 Trained VGG16 checkpoint folder
form Web form annotation images by question

responses.csv Web form responses
websurvey.json Interactive web survey exported database

Table A.4: Result files
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Implementation

In Appendix A, the code related to the implementation of this study was listed. This
code was supported by the use of various environments and frameworks, which al-
lowed this study to take shape. This supporting set of packages are briefly discussed in
the following sections.

B.1 | Environments
In Table A.3, two environments were listed. These environments organised and man-
aged various libraries, frameworks and helpers that aided this study’s development.
Both environments were created, managed and exported through the Anaconda pack-
age manager1. Some packages, like Robustness, were not available through Anaconda.
To install these missing packages, this study used the Pip package manager2 in conjunc-
tion with Anaconda.

B.2 | Development
In this section, some specific packages are highlighted to provide further implementa-
tion details.

B.2.1 | Web Application
The web application was implemented by using the following web technologies:

1https://www.anaconda.com/
2https://pip.pypa.io/en/stable/
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� Front-end: HTML, CSS, and JavaScript

� Back-end: PHP and SQL

In addition to the aforementioned technologies, various tools and libraries were used to
simplify development:

� Database: phpMyAdmin3

� Libraries: Bootstrap4, jQuery5, and fabricJS6

B.2.2 | Scripts
The training and evaluation programs used various packages to create the models and
generate the results. The base programming language utilised is Python, due to its vast
support. In fact, Jupyter Notebooks were used to segment the algorithm training code
into different cells. To train the models and implement the CAM techniques, the Ten-
sorFlow framework7 was used in conjunction with its Keras API. OpenCV8 and Pillow9

were used to process the images, for instance, to generate the bounding boxes from the
heatmap. Other packages, such as Matplotlib10, were used to generate the visualisa-
tions of the model training sessions. The rest of the packages used can be observed by
importing the supplied .yml files through Anaconda or any other package manager into
an environment.

3https://www.phpmyadmin.net/
4https://getbootstrap.com/
5https://jquery.com/
6http://fabricjs.com/
7https://www.tensorflow.org/
8https://opencv.org/
9https://pillow.readthedocs.io/en/stable/

10https://matplotlib.org/
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C

Supplement

This appendix provides extra content related to the modules. Mainly, the content in-
cludes sample images of the web application and the web form.

C.1 | Web Application
The web application used various technologies to ensure good UI and UX design. Some
sample images of the web application can be found in Figures C.1 and C.2.

C.2 | Web Form
This section presents multiple images of the web form’s statistical summary. Figures C.3
to C.19 serve to visualise the participants’ demographic, performance and sentiments.
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Appendix C. Supplement C.2. Web Form

Figure C.1: Classification segment sample

Figure C.2: Localisation segment sample
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Appendix C. Supplement C.2. Web Form

Figure C.3: Age question summary

Figure C.4: Gender question summary

Figure C.5: Annotation confidence question summary
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Appendix C. Supplement C.2. Web Form

Figure C.6: Annotation question 1 summary. Man-made annotations were options 1
and 2.

Figure C.7: Annotation question 2 summary. Man-made annotations were options 1
and 2.

Figure C.8: Annotation question 3 summary. Man-made annotations were options 1
and 4.
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Appendix C. Supplement C.2. Web Form

Figure C.9: Annotation question 4 summary. Man-made annotations were options 3
and 4.

Figure C.10: Annotation question 5 summary. Man-made annotations were options 2
and 4.

Figure C.11: Annotation question 6 summary. Man-made annotations were options 1
and 4.
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Appendix C. Supplement C.2. Web Form

Figure C.12: Annotation question 7 summary. Man-made annotations were options 1
and 4.

Figure C.13: Annotation question 8 summary. Man-made annotations were options 1
and 3.

Figure C.14: Annotation question 9 summary. Man-made annotations were options 3
and 4.
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Appendix C. Supplement C.2. Web Form

Figure C.15: Annotation question 10 summary. Man-made annotations were options 3
and 4.

Figure C.16: Annotation question 11 summary. Man-made annotations were options 1
and 2.

Figure C.17: Annotation question 12 summary. Man-made annotations were options 2
and 3.
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Appendix C. Supplement C.2. Web Form

Figure C.18: Difficulty question summary

Figure C.19: Dataset annotation helper opinion question summary
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