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Abstract

Most machine learning problems assume that past training data follows the same distribu-
tion as future test data. However, this assumption often does not hold, such that the so-called
source domain, from which a model learns, is distributed differently from the so-called tar-
get domain, which contains the data on which predictions are made. Hence, the learning
algorithm fails to generalize. Domain adaptation has been proposed to address such cases,
and aims to improve the performance of a model on the target domain using the knowledge
learned in the source domain. In this work, we use domain adaptation to solve a trafhic sign
detection task with images taken under different conditions. For this purpose, we apply an
adversarial training technique that is able to integrate into a deep learning algorithm and
learn a domain-invariant representation of the input. We train it in an unsupervised fash-
ion, such that only the ground-truth labels for the source domain are revealed, while those
of the target domain are hidden. We show that the resulting adaptive model is effective in
learning a detector that performs better on the target domain than a non-adaptive model
trained solely on the source domain.

Keywords: domain adaptation, transfer learning, machine learning, deep learning, computer vision,
object detection, adversarial learning, trafhc sign.
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1 Introduction

With most machine learning problems, the assumption is made that the distribution of the
source examples used to train a model (so-called source domain) is the same as that of the
target examples on which predictions are made (so-called target domain). However, in many
instances, this assumption does not hold, and the predictive power of the model suffers. This
is because the features are domain-dependent, and as such, the model fails to generalize.

This issue 1s particularly problematic in the case of object detection. In the field of computer
vision, object detection is the task of locating and classifying instances of semantic objects
in an image [1]. In this task, factors such as illumination, pose, or image quality affect the
ability of a model to make truthful predictions [2, 3].

Domain adaptation refers to the set of techniques used to deal with such situations, and
aims at compensating for the distribution shift between the training set and the test set.
In particular, with the renewed interest for artificial neural networks among the scientific
community, techniques have been devised which leverage deep neural networks to learn
more transferable representations by embedding domain adaptation in the deep learning
process. Such techniques are referred to using the term “deep domain adaptation” [2, 3].

At EURA NOVA, a research and consultancy company active in artificial intelligence and
big data, one of the research projects pertains to traffic sign detection. In Belgium, some
municipalities do not possess an exhaustive inventory of their traffic signs. Even more im-
portantly, they would like to be able to know which of their traffic signs are in poor condi-
tion (i.e., damaged, discolored, dirty, etc.) and need service.

To this end, the national postal service bpost partnered with EURA NOVA. Using a camera
installed inside a delivery car, and retrofitted with a GPS receiver, they are able to capture
anonymized images of the municipalities’ streets, and cross-reference the detected traffic
signs with the location derived from the GPS device to build a trafhic sign map.

To extract traflic signs from the collected images, bpost employees are leveraged to annotate
past data, and an object detection model is trained on these annotations. However, issues
arise due to the method of collection of the data, that lead to a natural split of the images:
those of good quality (the source domain) and those of poor quality (the target domain).

The main factor is related to the delivery patterns of a postal service: delivery rounds often
start before sunrise; as such, some images come out dark and noisy. Similarly, mist, rain,
and difficult weather conditions in general have an effect on how lit the area appears through
the lens. Finally, the speed at which the vehicle is moving may induce motion blur.
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Domain adaptation has been proposed to attend to these issues [2, 3]. In this thesis, we seek
to implement a domain adaptation algorithm that is able to accurately detect the traffic signs
in our target dataset using knowledge from the source data.

1.1 Research Questions

As is clear from the introduction, there are different facets to the problem at hand. Here,
we clearly identify the three research questions that we aim to answer in this thesis.

What is the domain shift in our data?

This first question is sort of a meta-question which, once answered, will allow us to fully
dive into the meat of the problem. We have made the assumption that there exists a domain
shift in our dataset, such that the target set contains images that are harder to predict than
those in the source set. Typically, this domain shift is known a priori: for example, one may
use video game screenshots to learn better representations for real-life pictures [4]. In that
sense, the domain shift is known prior to the data collection process. In this work, this was
not the case: only after the images were collected did we notice the emergence of a domain
shift, which we propose to address with domain adaptation.

This domain shift is due to the data collection process: images are collected at different times
of the day (thus some appear darker) and the camera is located inside a moving vehicle (thus
some images are subject to motion blur). However, we must identify an exact set of cri-
teria and thresholds on which to establish a source-target split. It is necessary in order to
determine whether a baseline model effectively struggles to process target images compared
to source images, and thus if domain adaptation is needed. Furthermore, this may inform
our choices of domain adaptation approaches, as some approaches may be better-suited than
others for specific kinds of domain shifts. This question is addressed in Section 3.3.2.

Can domain adaptation yield better results than non-adaptive machine
learning for traffic sign detection?

Recall that, from an applicative point of view, one main goal is to accurately detect traffic
signs in an image. Assuming the existence of two different but related source and target
datasets, the particular aim of this question is only to conclude whether any domain-adaptive
algorithm is able to improve the performance of a baseline, non-adaptive model on the target
dataset, using knowledge from the source dataset.

Importantly, this implies that we do not concern ourselves with how a domain-adaptive
model performs on the source dataset. The reason is that, in the worst case that such a
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model performs worse than our baseline on the source data, we can simply take the decision
to always fall back to the baseline model for such data.

Furthermore, we seek to evaluate how exactly a domain-adaptive model compares and if it
could be used in practice. To do so, we consider different baselines, such as non-adaptive
models solely trained either on source or target data (see Chapter 6).

Is deep domain adaptation more performant than shallow adaptation
approaches?

As popular as deep learning algorithms are, especially for object detection [5, 6], they all
suffer significant pitfalls [7]. Among those, neural networks are notoriously hard to opti-
mize: they are prone to overfitting and require careful regularization in order to generalize
properly. Paradoxically, reaching convergence is sometimes difficult as hyperparameters are
tricky to tweak. Finally, since neural networks can contain billions of parameters [8], train-
ing them is extremely resource-intensive and time-consuming.

In light of these issues making neural network training a complex problem, it is clear that
there is value in first evaluating a shallow domain adaptation solution: such a solution could
be much easier to implement (compared to an alternative deep method) and still provide an
improvement over a baseline model trained solely on the source data. This would represent
a quick win from an applicative perspective, as well as an interesting theoretical result. We
address this question in Chapter 6.

1.2 Thesis Structure

This work is structured as follows:

This chapter (Chapter 1) introduces the rest of thesis by laying out the general ideas behind
it and the problem it aims to solve. It does not yet go into detail about any of the proposed
solutions.

In Chapter 2, we conduct a review of the literature regarding machine learning concepts,
including artificial neural networks and convolutional neural networks. We then introduce
the task of object detection and describe the YOLOv3 [9] algorithm, a state-of-the-art ap-
proach in object detection and a significant basis for our work.! We conclude by presenting
formalisms for domain adaptation, while drawing parallels to the overall field of transfer
learning.

Chapter 3 discusses practical aspects common to most machine learning projects, such as
data collection and preparation. In particular, we detail how we established a split of our
dataset into source and target data.

"We do not consider YOLOv4 [10] as its preprint was released only near the end of this thesis.
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In Chapter 4, we describe the implementation of simple non-adaptive and adaptive baseline
models that will be used to benchmark the performance of a more powerful deep domain
adaptation model.

In Chapter 5, we present a deep domain adaptation approach that leverages an adversarial
neural network as well as a novel neural layer design to solve the adaptation problem. It
works by learning features that are both discriminative for the main learning task and in-
variant to domain shift.

Chapter 6 is the subject of a discussion regarding the implementation of the method de-
scribed in the preceding chapter. In that chapter, we detail our experimental setup as well as
the results we obtained.

Finally, Chapter 7 concludes our thesis and touches on potential future work.

1.3 EURA NOVA

This thesis was conducted during a 13-week internship at EURA NOVA [11, 12], a Belgian
technology company and independent research center founded in 2008. On top of its Bel-
gian presence, it has satellite offices located in Tunisia and France. The main goal of the
company is to help other organizations in achieving their digital transformation, leveraging
its expertise in domains ranging from software architecture to deep learning through data
management. Here, we present the three main activities of the company.

First, EURA NOVA supports companies by working alongside them and providing them
with support and expertise. It employs consultants that directly work with companies across
various industries (e.g., transportation, banking, communication, and more). Their mis-
sions spark from the needs of each project and the skills required; they are data scientists,
software architects, project managers, researchers, and so on.

If consulting can help companies with specific aspects of their digital transformation, nearly
every company shares a common issue: data management. Based on this observation,
EURA NOVA provides a managed end-to-end solution called digazu [13] for companies to
manage and leverage the data they produce. At the center of digazu lies a data lake based on
Hadoop [14] to allow easy collection and storage of data from different parts of the company.
It also allows companies to build their own pipelines, leveraging tools such as Flink [15] and
Kafka [16]. Furthermore, it integrates with Jupyter Notebook [17] and Kubeflow [18] for
easy prototyping and deployment.

Finally, research and development is centric to the company, in a bid to provide both internal
and external projects with state-of-the-art technology. The digazu project is an obvious first
example of this mindset. Similarly, the company recently presented a formal specification
framework for event processing [19] at the 13th ACM Conference on Distributed and Event-
Based Systems. At the 16th International Symposium on Neural Networks, it presented a
novel loss function for neural topic models [20] that “penalizes incoherent topics during
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training.” The company also presented GraphOpt, a framework for automatic parameter
tuning of graph processing frameworks [21], at the 3rd IEEE International Workshop on
Benchmarking, Performance Tuning and Optimization for Big Data Applications.

In the next chapter, we present a literature review of different topics regarding machine
learning, computer vision, and domain adaptation, necessary to the proper understanding
of the rest of this work.



2 Theoretical Basis

This chapter introduces different concepts and formalisms necessary to the proper under-
standing of the rest of this thesis. We first give high-level concepts related to general machine
learning, before diving into deep learning and convolutional networks. We then present the
problem of object detection and its approaches. Finally, we close the chapter by introducing
common formalisms in transfer learning and domain adaptation.

Note that the theoretical aspects introduced in Sections 2.1-2.3 are taken from [7].

2.1 Machine Learning

Since the advent of the computer, people have been wondering whether such a machine could
become intelligent, for whatever arbitrary definition of intelligence there is. Today, the field
of artificial intelligence is thriving. It is concerned with the study of intelligent agents:
systems that act intelligently, so as to make the appropriate choices given the circumstances
of their environment, and an endgoal [22].

Over the years, different approaches have been taken toward artificial intelligence. One such
approach seeks to hardcode knowledge about the world in formal languages, so as to build a
knowledge base [23]. However, human supervisors struggle to devise formal rules that are
complex enough to describe the real world, strongly impacting the ability of such systems
to make inferences. To overcome these limitations, researchers have come up with learning
algorithms that have the ability to acquire their own knowledge by extracting patterns from
raw data. This capability is known as machine learning.

In short, a machine learning algorithm is an algorithm that is able to learn from data. Ac-
cording to [24], “a computer program is said to learn from experience £ with respect to a
task 7 and a performance measure P, if its performance at task 7 improves with experi-
ence &, as measured by P.”

2.1.1 Task

Machine learning tasks are typically described in terms of how the machine learning system
should process a learning example (or simply “example”). An example is a collection of
features that have been quantitatively measured from some object or event that we want the
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machine learning system to process. We represent an example as a vector x € RP where each
entry x; is a separate feature, among D total input features. For example, the features of an
image are usually the values of the pixels in the image.

Many kinds of tasks can be solved with machine learning. Some of the most common
machine learning tasks include regression and classification.

In regression, the algorithm predicts a scalar given an input. To solve this task, the algorithm
outputs a function f: R? — R. An example of a regression task is the prediction of the
expected revenue of an investment.

In classification, the algorithm specifies which of C categories the input belongs to. To solve
this task, the algorithm typically produces a function f: R? — {1,...,C}. When j = f(x),
the model assigns an input described by the vector x to a category identified by the label y.
An example of a classification task is object recognition, where the input is an image, and
the output is an integer identifying the single object represented by the image.

Many others different use cases exist for machine learning, such as object detection, which we
detail in Section 2.4.

2.1.2 Performance Measure

To evaluate the abilities of a machine learning algorithm, we must design a quantitative
measure of its performance. This performance measure P is typically specific to the task 7
being carried out by the model.

For tasks such as classification, we often measure the accuracy of the model, which represents
the proportion of examples for which the model produces the correct output.

Usually, we are interested in how well the machine learning algorithm performs on data
that it has not seen before, since this determines how well it will work when deployed in the
real world. This is the generalization power of the algorithm. We therefore evaluate these
performance measures using a test set of data that is separate from the data used for training
the model.

2.1.3 Experience

Machine learning algorithms can be broadly assigned to three categories, related to the kind
of experience they are allowed to have during the learning process: supervised, unsupervised,
and semi-supervised.

Supervised algorithms are trained with knowledge of the ground-truth labels for the entire
dataset. Such algorithms thus work by learning how the input features influence the form
of the output.

In the unsupervised case, the targets are unknown during training, roughly meaning that the
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algorithm is learning with no reference frame. To work eflectively, some such algorithms
learn the probability distribution that generated the dataset. Others perform clustering,
which consists in dividing the dataset into clusters of similar examples (which similarity
measure is defined a priori).

Semi-supervised algorithms fall in the middle and typically train using a small amount of
labeled and a large amount of unlabeled data.

2.2 Artificial Neural Networks

The performance of machine learning algorithms is heavily reliant on the representation
of the input data, that is, how the features are chosen. However, simple algorithms such
as linear regression are unable to influence this representation. For example, when linear
regression is used to predict the price of a house, it is fed a fixed number of features such as
its age, floor space, number of rooms, or the neighborhood it is in.

This is especially problematic when it is not obvious what features should be used. The
house price example was fairly straightforward and one can easily think of new features
to incorporate (e.g., whether it is detached, neighborhood, lot size, presence of a garage).
However, when writing a program to detect faces in pictures, things get more complicated.
We know that the basic facial features of a person are their eyes, nose, and mouth, but it
is difficult to express what exactly those look like in terms of pixel values. Furthermore,
the image could be complicated by the person wearing headwear, sunglasses, or even a face
mask.

To address this problem, one solution consists in using machine learning to discover not
only the mapping (from representation to output), but also the representation itself. This
approach is known as representation learning and often leads to better results than can be ob-
tained through hand-designed representation. An artificial neural network (ANN) leverages
this approach by introducing gradually more complex representations, expressed in terms
of simpler representations.

We focus here on the feedforward neural network, as it is the most widely-studied kind
of ANN, as well as the only kind that we will use in the rest of this thesis. It is called
feedforward because, at inference time, the information flows through the network from the
input to the output, with no feedback connections.! Such networks are also called multilayer
perceptrons (MLP), and because of their multilayer architecture, the discipline that studies
neural networks is called deep learning. A neural network defines a mapping y = f(x; 0) and
learns the parameters © that best approximate some function f*: x —y.

At its most basic level, a neural network is thus represented by layers of perceptrons (also
called “activation units”), each layer giving a different representation of the input, based on

"Not to be confused with backpropagation, as discussed later, which is necessary for learning.
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the earlier layers. The scalar output of a single perceptron can be written as
§= f(x:0) = f(xsw,b)= wx+ b, 21)
where w represents the weight of each input x and 4 is the intercept.

In the following, we describe various concepts and design choices encountered in designing
neural network architectures.

2.2.1 Activation Units

Before one starts thinking about adding layers to a neural network, one needs to define the
width of the network, that is, the number of units of each layer. When a layer has D inputs
and C outputs, we can write its equation as

¥, =w;x+Db, (2.2)
y=Wx+b, (2.3)

where w; represents the weight of each input, W is a C X D matrix which rows are the
weight vectors of the C units, and b contains the intercept for each units. Note that each
layer can have a different number of units, but for simplicity’s sake, we assume it is fixed
here.

So far, the perceptron model we have presented is a linear one. However, this limits the ex-
pressiveness of our model, as clearly, a neural network solely made up of linear units would
remain a linear function of its input. As an example, this would prevent us from approxi-
mating a function as simple as the XOR operation. This is remedied using a supplemental
nonlinear mapping called an activation function. Our perceptron is thus defined as

y = g(Wx+Db), (2.4)

where g is an activation function. Recently, a popular choice for such a function has been
the rectified linear unit (or “ReLU”) [25, 26, 27] which is defined as g(z) = max{0, z}.

With that said, the depth of the network, that is, the number of layers that it is made of,
is also an important design choice. As mentioned previously, each layer depends on the
output for the previous layer, with no feedback connections. As such, the network can be
considered as a series of functions that are composed together. For example, we can define

a three-layer network as
f) = O)), (2.5)

where (U is the first layer, £ is the second one, and so on. The final layer is also called
the output layer.
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2.2.2 Training

When we use a feedforward neural network to accept an input x and produce an output ¥,
information flows forward through the network. The input x provides the initial informa-
tion that then propagates up to the hidden units at each layer and finally produces y. This
is called forward propagation. During training, forward propagation can continue onward
until it produces a scalar cost £(0). The backpropagation algorithm [28] allows the infor-
mation from the cost to then flow backward through the network in order to compute the
gradient V, £(0).

Calculating the gradient of a composition of functions can be done efhiciently using the chain
rule. Let x be a real number and let f and g be functions such that f, g: R — R. Suppose
that y = g(x) and z = f(g(x)) = f(y). Then the chain rule states that

dz dzdy

dx  dydx’
This is further generalizable to the vector case. Suppose that x € R” and y € R”. If we have
g:R” - R” and f: R” — R such that y = g(x) and z = f(y), then

dy.
dz _ dz J’]. 27)
dx; ~ Jy. dx,
i Y

(2.6)

In vector notation, we can rewrite this result by formulating the V_ z gradient as the product
of the Jacobian matrix dy/Jx by the gradient V, z, such that

Iy\
sz:<£> v, 2. (2.8)

The backpropagation algorithm consists in performing such a computation for every acti-
vation unit in the network, so as to end up with a final gradient V4 £(0).

Once we have obtained the gradient of the loss function, we can use an algorithm called
gradient descent [29] to perform the actual optimization. Gradient descent is an iterative
algorithm that seeks the minimum of a loss function £(0) by successively updating its pa-
rameters 6 until it reaches a stationary point. At each iteration, gradient descent performs
the update

0'=0—7nV,L(0), (2.9)

where 0’ represents the new parameters and 7 is the learning rate: a positive scalar used to
the determine the size of a step, in such a way that gradient descent does not overshoot a
stationary point.

10
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2.3 Convolutional Neural Networks

A convolutional neural network [30] (also called “CNN”) is a specific kind of feedforward
neural network used for processing input that has a grid-like topology. In particular, such
an architecture can be used to process time-series data, and has become especially popular
in the recent years for processing image data [31, 32, 33, 34]. The name indicates that the
network uses a special kind of operation called a convolution, which is a linear operation
that is used in lieu of matrix operation in some layers. In this section, we give a high-level
explanation of this concept, as well as that of another widely-used operation called pooling.

2.3.1 Convolution

In its most general, convolution operates on two functions that take a real-valued argument.
Let us first consider a simple example to motivate the need for such an operation.

Suppose that one is tracking the location of an object through space using a sensor. The
position of the object at time ¢ is given by x(¢). Suppose also that the output of the sensor is
rather noisy, such that, to obtain a more accurate reading of the object’s position, we would
like to average multiple measurements. As we consider more recent measurements to be
more relevant, we actually want a weighted average that gives more weight to such measure-
ments. As such, we define a weighting function w(a), where 4 is the age of a measurement.
If we apply such a weighted average operation at every moment, we obtain a new function s
providing a smoothed estimate of the position of the object defined by

s(t):Jx(a)w(t—a) da. (2.10)

This is the operation referred to as convolution. We usually denote it with an asterisk, such
that the above equation is equivalently written as

s(t)=(x*w)(¢). (2.11)

In convolutional network terminology, the first argument (i.e., x in this case) is usually
referred to as the input, whereas the second one (i.e. w in this case) is called the kernel.
Researchers also commonly refer to the output as the feature map.

In this example, we assume that the sensor provides measurements at every instant in time.
However, this assumption is not realistic when working with computers, as data is most
often provided in a discretized form. Instead, if we assume that x and w are defined on
integer values, we can define the discrete convolution
[e.e]
s(t)=(xxw)(t)= D x(a)w(t—a). (2.12)
a=—00

Furthermore, in machine learning applications for image processing, the input is usually a
tensor (i.e., a multidimensional array) of pixel values, while the kernel is a tensor of param-

11
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eters. With this in mind, it makes sense to define a convolution operation able to operate
over more than one axis at a time. For an image / of size m X n and a two-dimensional
kernel K, we define convolution as the function $(z, 7), such that

S(i, )= +K)i,j)= > I(m,n)K(i —m,j—n). (2.13)

The use of convolution is motivated by three main ideas. First, convolution enables sparse
connectivity: as opposed to traditional neural networks where every output interacts with
every input, CNNs can leverage kernels that are smaller than the input. This reduces the
memory footprint of the network and means that computing the output requires fewer
operations. Second, the same kernel (as well as its parameters) is reused over different parts
of the input. This is referred to as parameter sharing and further improves the efficiency of
CNN:s. Finally, convolution has a property called translation equivariance, meaning that
a translation of the inputs results in an equivalent translation of the convolved outputs. In
image processing, this helps the network to generalize feature detection in different locations
of the image.

2.3.2 Pooling

Convolutional layers can generally be considered as having two stages. In the first stage, a
number of convolutions are computed in parallel to obtain a set of linear activations. Sec-
ondly, each linear activation is fed to a nonlinear activation function (e.g., ReLU), sometimes
referred to as the detector stage.

Pooling adds a third stage to this framework, by using a pooling function, which augments the
output of the network by replacing it with a summary statistic of the nearby outputs. An
example of such a function is the max pooling operation [35], which reports the maximum
output within a rectangular neighborhood. Other popular pooling functions include the
average of a rectangular neighborhood (i.e., average pooling), the L2 norm of a rectangular
neighborhood, or a weighted average based on the distance from the central pixel.

In all cases, pooling helps to make the representation approximately invariant to small trans-
lations of the input. Translation variance (as opposed to translation equivariance induced by
convolution) means that a translation of the inputs by a small amount does not result in a
translation for most outputs. This property is useful when we care more about the presence
of a feature than its exact location (e.g., if we detect two eyes within close proximity of each,
the image probably represents a face).

2.4 Object Detection

Object detection designates the task of locating and identifying instances of semantic ob-
jects of certain classes (e.g., traffic signs, people, cars, etc.) in images or videos [1]. It has
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been the subject of much research in the last decades, and especially in the last ten years, as
deep learning and convolutional networks in particular have led to significant performance
improvements [36, 6, 5].

As one of the fundamental problems of computer vision, object detection forms the basis
for many other computer vision tasks, such as instance segmentation [37], scene under-
standing [38], or object tracking [39]. Likewise, it supports a wide range of real-world ap-
plications, including autonomous driving, robotic vision, video surveillance, content-based
image retrieval, or augmented reality.

In this section, we describe YOLOv3 [9], a recent yet popular object detection approach.
We then detail average precision, an important metric used to measure the performance of
object detection algorithms.

2.4.1 YOLO: You Only Look Once

YOLOV3 (You Only Look Once) [9] is an object detection algorithm that uses only con-
volutional layers, making it a fully convolutional network (see Figure 2.1). As the name
suggests, it is the third evolution of the YOLO family of algorithms [40, 41]. A distinguish-
ing characteristic of YOLO is that it targets real-time processing speed with state-of-the-art
performance.

N N N
Darknet-53 > e > e > e
backbone c c c
k k k

Figure 2.1: The architecture of YOLOvV3 [9]. The fully convolutional network takes an
image as input and first passes it through a 53-layer feature extractor (i.e., the
Darknet-53 backbone). The extracted features then get scaled to three different
scales by the three necks, before being fed to the final box prediction heads (blue
layers).

At ahigh level, YOLOV3 takes an M x M x 3 tensor representing a square RGB image, extracts
features using the Darknet-53 architecture, and outputs a set of bounding box predictions
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each represented by
(pos b b,,b,,b,,,¢), (2.14)

cY¥x? y’

where for each bounding box:

- p, is the objectness score, i.e., the probability that it is a semantic object, rather than
background;

- (b,,b,) is the location of its upper-left corner;

- b; and b, are respectively the height and weight;

- ¢ is a vector of size C, where ¢, is the conditional probability that the object is of
class k.

It it interesting to look at exactly how many bounding boxes are predicted. To do so, it
is important to understand the concept of anchors. YOLOv3 considers the input image as
an § x § grid of cells, where each cell is of size 32 x 32 and predicts one object. Moreover,
each cell predicts B bounding boxes, specified by the anchors. Each anchor represents a
bounding box with the same centroid as its cell, but with a different aspect ratio. This is
because different object classes can have different aspect ratios (e.g., a person vs. a car). As
such, YOLOW3 outputs a tensor of shape § X § x B x (5+ C).

However, this is not the full picture. As shown in Figure 2.1, YOLOV3 incorporates three
prediction heads. Each of these operates on a different scale. That is, at YOLOv3’s native
image resolution of 416 x 416, the prediction heads operates respectively on grids of sizes
13x 13,26 x 26, and 52 x 52. This is done to boost the performance of the network on small
objects, which was a common complain with previous architectures [41].

Postprocessing

(1) Raw output (i1) After score thresholding (i1i) After NMS

Figure 2.2: Examples of the results of different postprocessing steps employed by YOLOv3,
courtesy of [42]. Different colors correspond to different object classes. In (ii),
score thresholding got rid of the background boxes, as their confidence score was
too low. In (ii1), non-maximum suppression eliminates superfluous predictions.
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From the preceding explanation, it should be clear that (1) YOLOvV3 predicts a very large
amount of bounding boxes for a single image, and (i1) many of those boxes overlap signifi-
cantly and describe the same object.

Concerning the first point, YOLOv3 employs score thresholding: it calculates the confidence
score of each predicted bounding box as p, - ¢ and only retains those whose score are above
a certain threshold. This means that YOLOv3 only keeps predictions for which it has a
certain degree of confidence (see Figure 2.21i).

To explain how the algorithm eliminates superfluous overlapping predictions, it is necessary
to first introduce the concept of intersection-over-union (IoU). IoU represents the degree to
which two bounding boxes 4, and 4; intersect with each other, in relation to their total area.
It is defined as

ToU(b b)—blnbf (2.15)

o(l,]_biubj. .

To eliminate bounding boxes that significantly overlap so as to obtain a minimal set of boxes
that describe all objects in the image, YOLOV3 performs non-maximum suppression (NMS),
which is a well-known technique in deep object detection [43]. At a high level, NMS works
as follows: it looks at all predictions sorted by confidence score (as calculated above). For
each prediction, it calculates its IoU with each other prediction. If one of the calculated IoU
scores is over a threshold A,  (meaning that the two boxes overlap too much), it discards
the lower-scoring prediction (see Algorithm 2.1). A___is usually set to 0.7 [43]. Figure 2.2iii
illustrates the importance of NMS.

Input: Predicted bounding boxes B.

Output: Kept bounding boxes 5.
for b, € B do
for b, € B do

if IoU(4;,b;) > A, then

if SCORE();) > ScORE(D;) then
L L B« B\{b;}

Algorithm 2.1: Non-maximum suppression (NMS).

2.4.2 Performance Measure

Before discussing a more elaborate performance measure for object detection, it is important
to first establish the basics. In classification tasks, there exists different metrics to measure
the performance of a classifier.

As we touched on before, accuracy calculates the proportion of truthful predictions. How-
ever, it is a relatively naive metric as it is sensitive to class imbalance. Rather, it is more
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interesting to look at two other metrics in conjunction. The first one is precision, which in-
forms (in the two-class case) the proportion of positive predictions that are actually positive.
Inversely, recall refers to the proportion of positive examples that were correctly labeled as
such. More formally, these metrics are defined as

TP+TN

= , 2.16
accuracy TP+ TN + FP + FN ( )
.. TP (2.17)

recision = —————, .
P TP + FP
TP

Il = ———, 2.18

reca TP TN ( )

where TP and TN are the number of true positives and negatives, while FP and FN are the
number of false positives and negatives.

As defined by the Pascal VOC object detection challenge [44], a positive prediction is defined
as one that overlaps a ground truth with an IoU of at least 0.5. It follows that a negative
prediction is any one that does not match this criterion. Furthermore, if multiple predictions
refer to the same ground truth, only the first prediction is considered as positive, while the
rest are considered negative.

On that basis, [44] defines a performance metric for object detection algorithms referred to
as average precision (AP). Its name stems from the fact that it calculates the average precision
at different recall levels (i.e., the precision-recall curve). However, a small twist is that in-
stead of using the exact precision measure at each point of the curve, it uses an interpolated
approximation: at each point, the precision considered is the one that maximizes the right
side of the curve. This is done so as to “reduce the impact of ‘wiggles’ in the precision-recall
curve caused by small variations in the ranking of predictions” [44]. This interpolated curve
is more easily understood with Figure 2.3. Overall, to obtain good AP, an object detection
algorithm must achieve good precision at all levels of recall; AP thus penalizes algorithms
which retrieve only a subset of objects with good precision.

Therefore, AP is calculated as

n—1
AP = Z <ri+1 - ri) pinterp(ri+1>’ (219)
1=1

where 7 is the number of predictions, 7; is the ith recall measurement and p,,.,, is the
interpolated precision defined as

pinterp(ri—l—l) = max p(;) (220)

P27
Average precision, as defined by PASCAL VOC [44], has been a reference performance met-
ric for modern object detection algorithms [6, 5, 3]. More recently, however, another metric
called mean average precision (mAP), introduced with the Microsoft COCO challenge [46],

has gained in popularity [6, 5]. The apparent stuttering comes from the fact that instead of
using a single IoU threshold of 0.5, it calculates the mean AP over ten different IoU thresh-
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Figure 2.3: Illustration of the calculation of average precision (AP) using the precising-recall
curve, adapted from [45]. The dashed line represents the original curve while
the solid line represents the interpolated one.

olds (from 0.05 to 0.95, by steps of 0.1). The YOLOv3 authors note that mAP emphasizes
better bounding boxes at the expense of classification accuracy [9]. Also do we only use AP
in the rest of this thesis, as the quality of our ground-truth annotations is highly variable (see
Chapter 3).

Table 2.1 shows the performance of three reference object detection techniques. In 2015,
Faster R-CNN [43] won the COCO detection challenge, and remained the top performing
algorithm for over a year. Even though YOLOv3 [9] was published three years later, it does
not match Faster R-CNN’s performance, as YOLOV3 strongly focuses on speed and is able
to process 30 frames per second (fps) [9], whereas Faster R-CNN only performs at 5 fps [43].
As of 2020, one state-of-the-art technique is Cascade Mask R-CNN [47], published in 2019.
It is an extension of Faster R-CNN and is also able to output a contour mask for each detected
object (instance segmentation).

AP mAP
Faster R-CNN [43] 59.1%  36.2%
YOLOV3 [9] 57.9% 33.0%

Cascade Mask R-CNN [47] 71.9% 53.3%

Table 2.1: Performance of different object detection algorithms on the COCO dataset [46].
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2.5 Transfer Learning

Most learning algorithms (even recent deep learning approaches) make a major assumption:
that past training and future test data are drawn from the same domain, such that the input
feature space and data distribution characteristics are the same. When this assumption does
not hold, the predictive power of a model can suffer [48]. However, obtaining further train-
ing data that share the same domain as the test data can be difficult and expensive. Transfer
learning solves this problem by learning a target domain from a different but related source
domain [49].

2.5.1 Formalisms

In this section, we introduce notations and definitions that we will use throughout the rest
of this thesis. We start by giving the definition of a domain, and expand on our definition
of a task given in Section 2.1.1. We mostly follow the formalisms used by [49] and [50].

A domain D consists of a feature space X’ and a marginal probability distribution P(X),
where X = {x,,...,x5} € X. X is a learning sample containing N vector-valued examples.
Generally, if two domains are different, they may differ in terms of feature space, distribu-
tion, or both [49].

Given a domain D = {&,P(X)}, a task T consists of a label space ) and an predictive
function f(-), such that 7 ={), f(-)}. The predictive function is learned from the training
data, denoted as {x;,7,} pairs, where x, € X and y, € ).

In this thesis, we only consider the case where there are two domains: the source domain Dy
is the one from which knowledge is transferred from, and the target domain D is the one to
which we apply the transferred knowledge. In particular, we denote the source domain data
as Dy, and the target domain data as D. Furthermore, we note that the size of the source
sample N, is usually much greater than that of the target sample N, such that N > N, [49].

Definition 2.1. Given a source domain D, with a task 7T, and target domain D with a
task T, transfer learning aims to help improve the learning of the target predictive func-

tion f7(-) in Dy using the knowledge in D and T, where D # D or T # T [49].
As a domain is defined as a pair D = {X, P(X)}, the condition D # D, implies that X #
Xy or Pg(X) # Pr(X). Similarly, with a task 7 = {),P(Y'|X)}, the condition T; # T

implies that Y # Yy or Pi(Y|X) # P4(Y|X). When both Dy = D4 and 75 = T, the
learning problem is a traditional machine learning problem.

2.5.2 Categorization

Based on Definition 2.1, [49] summarizes that the differences between different datasets can
be expressed in terms of domain and/or task divergence. In this respect, [49] mentions the
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following subsettings of transfer learning:

Inductive transfer learning. In this setting, the target task is different from the source task,
no matter the similarity of the two domains (75 # 77). Then, some labeled data from
the target domain is required to induce an predictive model f(-) for use in the target
domain.

Transductive transfer learning. Here, the target task is the same as the source task, while
the two domains are different but related (7 = 75 and Dy # D). In this case, the
target domain is not labeled, while the source domain is.

Unsupervised transfer learning. This situation is similar to the inductive case and T #
T;. However, unsupervised transfer learning focuses on solving tasks such as cluster-
ing, dimensionality reduction, and density estimation [51, 52], for which there is no
labeled data available in either the source or the target domain.

Note that in the literature, authors often use “transfer learning” to refer to inductive transfer
learning in particular [53].

2.5.3 Domain Adaptation

Simply speaking, domain adaptation (DA) is a special case of transfer learning. Indeed,
per [49, 50, 2, 54], domain adaptation is subject to the same assumptions as transductive
transfer learning, and they are thus considered to be synonymous. In short, domain adap-
tation is transfer learning applied to a common task.

Definition 2.2. Given a source domain D with a task 7§, and a target domain D, with

a task T, domain adaptation aims to improve the learning of the target predictive func-
tion f3() in D using the knowledge in D and T, where Dg # D and T = T7.

On this basis, [50, 2] split domain adaptation into two categories based on different domain
divergence (i.e., distribution shift or feature space difference):

Homogeneous domain adaptation. In this category, the feature space of the target domain

is the same as that of the source domain (X; = &’;). Hence, the source and target
datasets are different in terms of data distributions (Pg(X) # Pr(X)).

Heterogeneous domain adaptation. Here, we consider domains for which features spaces
are different (X # X;), with no particular regard for the data distributions.

Furthermore, [2] characterizes three levels of experience for domain adaptation methods.
All levels give access to the ground-truth labels for the source data, and they only differ in
terms of labels available for the target data. As such, supervised DA has access to a small
amount of labeled target data, even though that amount is insufficient for traditional learn-
ing. On the other hand, unsupervised DA refers to datasets for which the target data is
unlabeled. In the middle, semi-supervised DA has access to both labeled and unlabeled target
data.
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In the following, we describe two special cases of domain adaptation, as presented in [54].
These two cases are the focuses of the domain adaptation approaches that we discuss later.

Covariate Shift

Intuitively, [54] refers to covariate shift as a situation where the source distribution does not
match the target distribution. It assumes, however, that the dependency of the response on
the features in the source domain is the same as in the target domain. We give a more formal
definition as follows.

Definition 2.3. Given a source marginal distribution P¢(X') and a target marginal distribu-
tion P,(X), and given a source conditional distribution P¢(Y|X) and a target condition
distribution P(Y'|X), covariate shift describes a situation where Pg(X) # P,(X), while
Py(Y]X) = Pr(Y1X).

Furthermore, [54] adds that covariate shift typically occurs when “the difficulty of picking
an observation x; with given features strongly impacts the probability of selecting an obser-
vation (X;,7;), thus making it impractical to replicate the target feature distribution P (X)
in the training set.” To illustrate, they give the example of a survey where some categories
of individuals are more difficult to reach than others, even though the model should classify
all categories equally well. Such a situation can be represented as in Figure 2.4. In Chapter 5,
we present an approach to combat covariate shift in deep learning settings.
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Figure 2.4: An example of covariate shift in two dimensions, courtesy of [54]. It shows that
the distribution of the two classes (i.e., green and red) changes across domains.
However, the dashed curve, representing the conditional probability P(Y|X) is
unchanged.

Subspace Mapping
[54] further discusses the case where, while the selection of examples in both the source

and target domains is unbiased, there is a shift 7 between the features that describe those
examples in the source domain, compared to the target domain. More formally, this assume
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that for a subspace mapping problem, it holds that
PS(X’Y):PT(T(X)s Y) (221)

We refer to such a situation as a subspace misalignment. If we decompose the preceding
equation, we find that

Py(X) = Pr(T (X)), (2.22)
Py(Y1X) = Pr(Y[T(X)). (2.23)

As such, it is directly obvious that Equation (2.22) implies that Pg(X) # P(X). Therefore,
subspace alignment shares some similarities with covariate shift (see Definition 2.3), even
though it further implies different conditional probability distributions. Figure 2.5 illus-

trates this special case. In Section 4.2, we present an approach to fix subspace misalignment
using PCA.
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Figure 2.5: An example of a nonlinear subspace mapping from a source to a target dataset,
courtesy of [54].

2.5.4 Subspace Alignment

In this subsection, we present a technique used to deal with the problem of subspace misalign-
ment described precedingly. Introduced by [55], the technique considers one subspace (com-
posed of d eigenvectors induced by principal component analysis, or PCA) for each domain
and looks to reduce the discrepancy between the two domains by moving the source and
target subspaces closer. This is achieved by optimizing a mapping function that transforms
the source subspace into the target one. From this simple idea, a new domain adaptation
technique is designed, based on subspace alignment.

The authors claims that the advantages of this technique are that (i) adapting the bases of
the spaces makes it a global technique (i.e., it creates robust classifiers not subject to local
perturbations) and (i1) aligning the source and target subspaces makes it a self-regularized
technique (i.e., there is no need to tune further regularization parameters, as imposed by
other optimization-based domain adaptation methods).

In the following, we assume that we have a source sample S € R¥s*? of labeled data and a
target sample T € RN7*P of unlabeled data, both lying in a given D-dimensional space and
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drawn 1.1.d. according to fixed but unknown source and target distributions D and D
Note that Ng and N refer respectively to the number of source and target examples.

Subspace Generation

Even though both the source and target data lie in the same D-dimensional space, they have
been drawn according to different marginal distributions. Consequently, rather than work-
ing on the original data themselves, it is suggested to handle more robust representations of
the source and target domains and to learn the shift between these two domains.

First, we transform every source and target data in the form of a D-dimensional z-normalized
vector (i.e., of zero mean and unit standard deviation). Then, we use PCA to select, for each
domain, d eigenvectors corresponding to the d largest eigenvalues. These eigenvectors are
used as bases of the source and target subspaces X, and X, with X, X, € RP*?, [55] notes
that X{ and X! are orthonormal, such that X(X¢ = X" X, =1, with I, the identity matrix
of size d.

Domain Adaptation

Two main strategies are used in subspace-based DA techniques. As in [56], the first one
consists in projecting both source and target data to a common shared subspace. However,
since this only exploits shared features in both domains, it is not always optimal. The second
one aims to build a (potentially large) set of intermediate representations [57]. Beyond the
fact that such a strategy can be costly, projecting the data to an intermediate common shared
subspace may lead to information loss in both source and target domains.

As a result, [55] suggests to project the source sample S and the target sample T to their
respective subspaces X and X, through the operations SX and TX;, respectively. Then,
a linear transformation function is learned that aligns the source subspace coordinate system
to the target one. This step allows to directly compare source and target examples in their
respective subspaces without unnecessary data projections. To achieve this task, basis vectors
are aligned by using a transformation matrix M € R**¢ from X, to X;. M is learned by
minimizing the following:

F(M) =|[X;M—X||; (2.24)
where ||| is the Frobenius norm. We thus seck to find the optimal M* such that

M" = argmin F(M). (2.25)
M

Since the Frobenius norm is invariant to orthonormal operations, and under our previous
assumption that X{X¢ =1, Equation (2.24) can be rewritten as

F(M) = || XXM — XX, |7 = [[M— XX, || (2.26)

From this result, one can conclude that M* is obtained as XX . This implies that the new
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coordinate system is equivalent to X, = X X(X . [55] refers to X, as the target-aligned
source coordinate system. It is worth noting that if the source and target domains are the
same, then X = X, and M* is the identity matrix.

On that basis, Algorithm 2.2 gives the procedure to perform domain adaptation, where we
project the source data onto the target-aligned source subspace via X, and we project the
target data into the target subspace via X ;. In the end, a classifier is learned from the resulting
projections, as well as from the source labels yq, to output the predicted target labels y.

Input: Source data S, target data T, subspace dimension d, source labels y.
Output: Predicted target labels y..

X « PCA(S,d)

X, < PCA(T,d)

X, XXX,

S, « SX, = SX,X/X,

T, «TX;,

yr < Crassirier(S,, T, y)

Algorithm 2.2: Unsupervised domain adaptation using subspace alignment [55].

Now that we have covered the theory required to understand the more complicated concepts
developed later in this thesis, we move on to detailing the data collection and preparation
aspects.
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This chapter gives more context and highlights the necessary preliminary steps required to
solve our adaptation problem. We start by explaining the processes of data collection and
annotation carried out by EURA NOVA, before going into detail about the steps required
to prepare the data (i.e., dealing with multiple annotators and studying the domain shift in
our data).

3.1 Data Collection

As always, the first step was data collection. Acquiring up-to-date real-life data is paramount
to building an accurate traffic sign database. To this end, the Belgian national postal service
bpost partnered with EURA NOVA. Thousands of bpost vans roam the streets of Belgium
every day, delivering mail to its citizens. If one is able to properly leverage this network of
delivery vans, it is possible to map a significant portion of Belgium’s traffic signs.

While the setup is still in its testing phase, we are able to share some details on how it works.
EURA NOVA designed an electronic device made of a camera and a GPS receiver. The
device has been installed in one bpost van, similar to the ones used for deliveries. It is placed
on the dashboard, facing forward, and used to capture videos of the environment, just as the
driver would see it (see Figure 3.1). The camera records continuously and outputs videos
in 1920 x 1080 resolution. We worked with videos captured in the Flemish municipalities
of Roeselare and Zonhoven, as well as in Brussels. Note that, for the sake of privacy, the
individuals and vehicles present in the images acquired were automatically blurred out.

The dataset was built from these videos. Due to the extremely large quantity of data pro-
duced by the camera, it was necessary to sample frames from the videos. It was important
to properly balance the sample rate, as under-sampling would lead to too few data points,
and over-sampling would cause redundancy in the dataset.

A naive sampling strategy would be to take video frames at a fixed time interval. The main
problem with this approach has to do with speed: more images would be captured when the
vehicle is moving slowly, or simply stopped, than when it is moving at higher speeds. This
would lead to imbalance and redundancy in the captured pictures.

Thanks to the GPS receiver attached to the camera, the video feeds are superseeded with real-
time location information. As such, one can use an improved strategy where the sampling
rate is dependent on the position of the vehicle. The decision was made to sample video
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Figure 3.1: Uncropped examples of the 31,761 total images collected.

frames at a five-meter interval, to strike a decent balance between gathering enough data and
avoiding redundancy. In total, the final dataset contains 31,761 images.

3.2 Data Annotation

As the underlying problem of object detection is solved using a supervised learning algo-
rithm, we also need to collect ground-truth information for our image dataset.

Obtaining ground-truth information is generally a costly process. In object detection, it
involves having human annotators manually draw two-dimensional bounding boxes over
the relevant objects (i.e., those that the model is supposed to detect), and assigning them a

label.

It is crucial for the human-provided annotations to be as close to reality as possible. The
reason is obvious: the model will use those annotations to learn what a trafhc sign looks
like. It follows that if the annotations provided are not of high quality (e.g., due to the
operators annotating non-existent traffic signs, or drawing bounding boxes that are either
too small or too large) the predictive power of the model will be negatively impacted.

For this process, EURA NOVA once again worked together with bpost and leveraged a num-
ber of employees of the postal service to act as annotators. First, EURA NOVA developed
its own web application allowing end users to easily annotate traffic signs in images. The
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application presents a user with a random sample of images from the dataset. For any image,
the application asks the user a series of questions, which flow depend on the user’s answers
to the previous questions. Figure 3.2 shows examples of annotations produced using the
application.

Figure 3.2: Cropped examples of ground-truth image annotations provided by bpost em-
ployees. Note that, in the same image, different colors represent different anno-
tators. Furthermore, the same color across different images does not necessarily
represent the same annotator.

The first question that is asked to the user pertains to whether the current image contains
at least one trafhc sign. If the user answers negatively, the application skips over to the next
image. Otherwise, the application allows them to draw the bounding box for each traffic
sign. For each sign, the user is also invited to specify its type [58], as well as its state (e.g.,
dirty, discolored, damaged, etc.).

3.2.1 Inter-Rater Agreement

As mentioned previously, having high-quality annotations is crucial to the performance of
the model on unseen data. Usually, in order to obtain such annotations, one would refer to
domain experts (i.e., people familiar with the task at hand and able to produce annotations
that are close to reality). Oftentimes, as well as in this project, it is not the case.

Even though the annotators were trained by EURA NOVA during workshops, we do not
have specific knowledge of a particular annotator’s abilities to annotate traffic sign pictures
properly. Although we do make the assumption that the annotators do their job conscien-
tiously, it is naive to assume humans are inherently good at such a task, or that mistakes
would not happen. For example, [59] showed that deep neural networks actually outper-
form humans in some image classification tasks. As such, measures have to be taken in order
to mitigate such mistakes.

In statistics, inter-rater agreement describes the degree of agreement among raters. It is a score
of “how much homogeneity or consensus exists in the ratings given by various judges” [60].
As such, obtaining redundant annotation data is helpful to this research in two ways. First,
it allows us to estimate to which degree annotators generally agree with each other. Second,
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and most importantly, it paves the way for allowing us to design a technique which esti-
mates the best annotation for a given image by taking into account the opinions of multiple
annotators. We describe such a technique in the next section.

While there are a plethora of methods to measure inter-rater agreement [61, 62, 63], during
the data annotation process, there was no defined basis upon which to compute that score.
As such, EURA NOVA made the proactive decision of designing the algorithm responsible
for proposing users with images to annotate to make it so that each image which would be
proposed to at least three unique annotators, as shown in Table 3.1.

Number of annotators 1 2 3 4 5 6
Frequency 68.9% 12.5% 18.5% <0.1% <0.1% <0.1%

Table 3.1: The distribution of the number of unique annotators per image in our dataset of
31,761 images. Note that the majority of images have only been annotated once
due to the fact that annotation was still ongoing at the time that the annotation
data was collected.

3.3 Data Preparation

After the data has been collected and annotated by EURA NOVA and bpost comes the
preparation phase. As such, this section reports novel contributions relating to 1) the dedu-
plication of the annotations, ii) the creation of the source-target domain split, and iii) the
creation of the train-validation-test set split.

3.3.1 Inter-Annotator Disagreement Reconciliation

As mentioned in the previous section, one issue with our dataset is that is has duplication:
some images have ground-truth data provided by more than one annotator. In machine
learning, such a situation is problematic. The reason is simple: since those images appear
multiple times in the dataset, as the model tries to learn a representation for the data, it will
naturally give more weight to those repeated images and fail to generalize properly. This
phenomenon is referred to as algorithmic bias.!

To deal with this imbalance, a technique had to be devised to get rid of duplicates by recon-
ciling the annotations of multiple annotators. It had to be such that, for any given image:

(1) An object annotated by more than one person produces exactly one bounding box,
this being the whole point of deduplication.

"Not to be confused with inductive bias, which describes the set of a priori assumptions about the nature of
the target function that are necessary for learning [24].
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(i1) The bounding box produced takes into account the information provided by all an-
notators, as we assume the work of all annotators to be equally valuable on average,
and want to leverage it all.

Random annotator. An initial trivial solution would be to arbitrarily consider the an-
notation of one annotator at random for each image. However, this technique would be
oversimplistic, as it ignores constraint (it).

Average bounding box. A second technique can satisfy that last constraint. The idea is
as follows: for each object in an image, retain only the bounding box which represents the
average of all the bounding boxes provided by the annotators. We creatively name it the
average bounding box. More formally, let a rectangular bounding box b") € Z* be defined by

BO=(x0 40 20 40) G.1)

1 2

where the points (xi'), yf)) and (xg), yé')) correspond respectively to the locations of the upper-
left and lower-right corners of the bounding box. Let B be the set of all bounding box
annotations for a given object. Then the average bounding box b®¥ is given by

1 .
b@e) = —STp0), (3.2)
|B| 1eB

However, an issue arises with this method, related to the way that some operators annotate
images. Among many others, the dataset contains images showing trafhc signs of types F29,
F31, and F33a [58]. In real life, and in the dataset, multiple instances of such signs are often
attached to a single sign post, thus appearing as being being stacked on top of one another.

Such a situation appears to cause confusion among some of the annotators. While most an-
notate the image correctly, that is by drawing the contour of each individual sign separately,
others instead annotate the whole stack of signs on the signpost as a single sign, as shown
in Figure 3.3. In cases like this one, it is easy to see that the average bounding box approach
fails and produces oversized boxes.

Bounding box intersection. The last technique to be presented is the one chosen to ad-
dress the aforementioned problems. Intuitively, it consists in merging two or more bounding
box annotations that belong to the same object by producing the box that represents their
intersection.

The algorithm is detailed in Algorithm 3.1. The astute reader will notice it is inspired by
non-maximum suppression (NMS, see Algorithm 2.1). As with NMS, the procedure com-
pares all pairs of bounding boxes, and considers two boxes to represent the same object if
their intersection-over-union is greater than a given threshold A;.4,,-
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Figure 3.3: An example of ground truths provided by two different annotators for respec-
tively the following standard traffic sign types: one N-road number sign (F23a)
in blue, one F31 in green, two F29 in blue, and one F33a in white [58]. While
annotator yellow correctly annotated each individual sign but the first one, an-
notator magenta wrongly annotated the two F29 signs as a single sign. Note that
the differences in bounding box thickness are solely to aid visual analysis.

There are however two main differences with the original algorithm. First, whereas NMS
only ever suppresses one box per iteration, our method suppresses both matching boxes
and introduces their intersection box. The second and most important difference resides
in a heuristic designed to deal with enclosed boxes. This heuristic ensures that boxes which
totally enclose another one are eliminated, so as to completely squash the problem that arises
with the average bounding box approach.

3.3.2 Study of the Domain Shift

As stated before, the main goal of this thesis is to improve the performance of an object
detection algorithm on the target domain, using knowledge acquired from the source domain
through domain adaptation. Recall from Section 1.1 that we do not have a priori knowledge
of these two domains. As such, this section aims to answer our first research question, which
seeks to identify the domain shift in our dataset (i.e., the criterion on which to split our
dataset into a source domain and a target domain).

More formally, the task consists in finding the function d: X — {0,1} able to assign its
domain label to an image in the subspace X', as belonging to either the source domain (d =0)
or the target domain (d = 1). Recall that in domain adaptation, the domain labels are always
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Input: All bounding boxes .
Output: Merged bounding boxes B.
for b, € B do
for b, € B do
if IoU(5;,b;) > Ageqp then
by, < INTERSECTION(;, b;)
B—BU{b}
B« B\{b,b;}
else if EncLoses(b;, £;) then

[ BeB\(h)

Algorithm 3.1: Inter-annotator disagreement reconciliation based on bounding box in-
tersection. We designed this algorithm taking inspiration from non-maximum suppres-
sion (see Algorithm 2.1).

known during learning; this is true even in the unsupervised case, as then, only the class labels
in the target domain are unknown.

Here, we discuss different metrics that can be measured on an image and we look for the one
that is the most relevant for our dataset, that is a metric allowing us to produce a domain split
such that the performance of the baseline model is significantly higher on one subset (the
source domain) than on the other (the target domain). We simultaneously search for the
metric’s threshold value that maximizes this performance gap.

Because the images were taken at different times of the day (including before sunrise), we first
investigate image luminance as a potential metric. Sharpness is also considered to account
for the motion blur induced by the vehicle’s movement. Finally, after further investigation,
we rediscover the fact that the pictures were taken using two different cameras. We find that
this explain a significant amount of the domain shift observed and use this as our domain
split criterion.

Image Luminance

As stated above, the first step we can take to determine the characteristics of the domain
shift is to simply take a look at the data, see what it looks like, and try to find significant
patterns. Doing so, one can quickly identify that some images have been taken very early
in the morning, before the sunrise. In such images, the sky appears dark; as a result, the
overall picture quality suffers, and the traffic signs look darker and blurrier than during the
daytime.

Therefore, a first idea to segregate the two domains is to classify clear images as belonging to
the source domain and dark images as belonging to the target domain. A way to do this is to
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compute an estimation of the luminance for each image in the dataset, and pick a luminance
threshold /., as the discriminating criterion.

Computing the luminance ¢ of an image is a two-step process. First, we convert the image
from a red-green-blue representation to grayscale, leveraging the Pillow library [64]. Sup-
pose a three-channel image pixel p,,,, € Z’ is defined by

prgb:<r g b) (33)

where 7,g,b € {0,...,255}, then Pillow calculates its grayscale representation p,, using
the standard luma transform from ITU-R Recommendation BT.601 [65]:

Pyray = 0.2997 4 0.587g +0.114b. (3.4)

We then average all the pixel levels of the image to obtain an estimation of its luminance.

In practice, for very low luminance estimations (¢, ., = 55), we find that images under that
threshold indeed appear quite dark. Images above that threshold mostly appear to have been
taken during daytime, but we notice a number of false positives.

There are, however, two more pressing issues at play with keeping this discriminating model
where we consider a domain of daytime images and another one of nighttime images.

In our dataset, images that fall under the luminance threshold of 55 only represent about
10% of cases, leading to a strongly imbalanced domain assignment. In machine learning,
imbalance often hinders the performance of a classifier [66] and is therefore better avoided.

Moreover, we notice that dark images are more likely to be misannotated than their brighter
counterparts: the bounding boxes are of lower quality (i.e., too wide) or simply non-existent,
as demonstrated in Figure 3.4. This would bias our future models against the target domain.
For these reasons, we decide to explore different criteria.

A

()¢ =0 (ii) £ = 54 (iii) £ = 64

Figure 3.4: Cropped examples showing annotations from different images of the dataset. The
sign in (1) was missed by all annotators, while the annotation in (ii) is too wide.
(111) demonstrates good annotating skills in daytime conditions.
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Image Sharpness

The idea of studying image sharpness as a domain split criterion comes from observing the
results of the previous split done with regard to image luminance. Indeed, when taken in
low-light conditions, a picture appears blurrier. This is mostly caused by the camera, as it
tries to counterbalance the lack of light and adds noise to the image.

Another main source of blurriness relates to the movement of the vehicle. As pictures are
taken as the vehicle is moving, they may be subject to motion blur, which is a consequence of
the fact that a camera does not capture a single instant in time. Rather, the image represents
the scene over a period of exposure which is determined by the shutter speed [67].

To alesser extent, weather conditions can also contribute to making the image appear blurry
or noisy. Fog is an obvious cause. Rain adds to the list, as water droplets distort the image,
either in the air or on the windshield.

In summary, sharpness can be seen, to some degree, as being a proxy for luminance, while
also giving information on how detailed an image is in daytime settings.

In the literature, there exists multiple techniques to compute the blurriness of an image [68].
Fortunately, blurriness is an ideal surrogate for sharpness, as the two metrics are the opposite
of one another. We can therefore use any blurriness metric to rank images based on their
sharpness.

[69] describes a technique that outputs a scalar. This is convenient as it makes ranking images
simple. The technique relies on calculating the variance of the Laplacian of an image: as
the Laplacian highlights regions which contain rapid intensity changes, its variance gives a
measure of how blurry an image is.

More formally, consider an image I of size m X n. The variance of the Laplacian A7 is
given by

o, = Var(Al = ii(w, I —Z)z (3.5)

where L(i, ) is the convolution of the image at point (z, 7) with convolution kernel

0 —1 0
=1 401 (3.6)
6\ 0 -1 0

typically used to detect the edges in an image, and L is the mean of the absolute values of
L(-,-). This metric is trivially computed using the OpenCV library [70].

Empirically, image sharpness as a metric suffers from the same shortcomings as the previous
method, based on luminance. First, choosing a threshold able to well discriminate between
blurry and sharp images (0 = 45) only yields about a 5% proportion of blurry images for
the target domain. This leads to imbalance which is worse than with the previous method.
Second, very blurry images tend to be more incorrectly annotated than sharp ones, leading
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to bias.

On top of these issues, a new one arises due to differences in the environment surround-
ing the camera and the fact that Laplacian variance is not robust to images containing large
regions of low noise. Consider as an example an image A taken while roaming the coun-
tryside versus an image B taken in an urban area. Assume that in both images, regions of
interest (including traffic signs) appear sharp. Because the content of image A is mostly low-
noise (sky mostly visible, farmland, empty roads), while that of image B has more variance
(detailed buildings hiding the sky, busy roads), we generally find that 0, < 05, regardless
of the actual difference in blurriness among the two images (see Figure 3.5).

(i) 0 =38 (i) 0 = 1,377

Figure 3.5: Examples of two images (which are visually equally sharp) showing the nonro-
bustness of our sharpness metric: (i) was taken in a rural area and is measured to
have low sharpness because of the prominent sky and empty road ahead, while
the buildings, cars, trees, paved street and shadows in (ii) boost the metric. In
reality, both images should be measured to have similar sharpness. Note that in
all cases, the bottom third of an image is ignored when calculating its sharpness,
so as to avoid bias from the part of the dashboard in the frame.

A mitigation for this last issue is possible in the supervised case. The idea is as follows: rather
that to calculate blurriness for a whole image, we calculate it for each traffic sign bounding
box region and average the results. In this way, we discard irrelevant background informa-
tion. However, this idea implies to have a priori knowledge of the trafhic signs present in an
image, which would prevent to apply potentially interesting unsupervised domain adapta-
tion techniques to this research problem.” Moreover, we have found empirically that it does
not give significantly better results. In consequence, we do not pursue this endeavor any
further.

In conclusion, image sharpness, at least as measured by Laplacian variance, acts as a poor
domain splitting criterion and we thus reject it.

ZRecall that in the unsupervised case, ground truths are not known for a certain proportion of images, hence
we can not calculate the blurriness of the traffic signs of such images.
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Solar Altitude

The discussion of the two previous metrics stems from the idea that it is possible to divide
an image set into two different sets based on the illumination of the scene in each image. The
point in calculating the luminance of an image is thus directly obvious and, as mentioned, it
makes sense to use sharpness as a partial proxy for it. Techniques to estimate such metrics are
however very dataset-dependent [68] and, as shown by the results obtained, do not always
yield good estimates. In this optic, it is interesting to search for an objective metric for
illumination. This helps build confidence in the fact that the technique used is reliable and
gives results that will be reproducible in the future, under certain assumptions.

One might consider time as an objective metric for illumination. Indeed, as was already
mentioned, the dataset contains images that were taken very early in the morning. In this
case it might make sense to reason that images may be grouped solely based on their times-
tamp, as early-morning images would appear darker. However, this approach assumes that
all images were taken approximately at the same time of the year, which is not the case,
as shown in Figure 3.6. This is problematic because the length of the day (as delimited by
sunrise and sunset) is about eight hours at the December solstice in Belgium, while being
twice as great at the June solstice, meaning daylight appears much earlier in the summer
time. Time is thus not an objective metric in this context and would need to be corrected
to account for seasonal differences.

10,000 .
8,000 [ N T T T Tt T T T T Ty T RPN

6'000 [ N T T T Tt T T T T Ty T RPN

4,000 [ N TN T TTI T T N AN
2,000 N T I ................ N ITTTTITII I ITIITIIITIITIT I,
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T T
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Month

Frequency

Figure 3.6: A histogram showing the distribution of the number of images across the months
of the year.

Remark that in the previous paragraph, we rely on differences in the position of the sun in
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the sky to argue that time is not a good metric for illumination. By deduction, one may want
to look at solar altitude, which describes the angle formed by the position of the geometric
center of the sun relative to the horizon [71]. It is objective because given a location and
a timestamp, it is possible to precisely approximate the location of the sun in the sky, and
thus its altitude. Moreover, under the assumption that the scene is not majorly obstructed
from the sun, be it due to weather conditions or any object, it can be inferred that scene
illumination mostly depends on solar altitude. Seasons do affect solar altitude, which is
greater on average in the summer than in the winter, but the difference is not significant.

As a preparation step, we compute the solar altitude for all images in the dataset. The de-
tails of the algorithm used to compute it are outside the scope of this thesis, and the Python
library pysolar [72] was leveraged to that effect. It takes a timestamp and a location as argu-
ment, and returns an angle in the range [—90°,90°]. Because the images are not individually
tagged with location information, Brussels was used as a mid-point between Roeselare and
Zonhoven, incurring no significant loss of precision.

As always, once a metric has been defined, the time comes to search for a splitting threshold
according to that metric. As solar altitude is an objective metric, one may be interested in
deriving a threshold that is also objective.

An obvious first suggestion is sunrise. Although it is defined to occur when the geometric
center of the sun is at approximately a —0.83° angle with the horizon [71], we will use 0°
for convenience. However, looking at the data does not inspire confidence in the fact that 0°
is a good threshold: the illumination of images close to that threshold, regardless of which
side of the threshold they are, looks homogeneous.

The above is explained, perhaps unintuitively, by the fact that the sky starts lighting up well
before sunrise. In astronomy, this illumination of the lower atmosphere that occurs before
the sun is directly visible is called morning twilight [71], and starts when the sun reaches
an altitude of —18°. It occurs because rays of sunlight scatter in the upper atmosphere
and illuminate the lower atmosphere such that the Earth’s surface is not completely dark.
Naturally, the sky will appear progressively lit as morning twilight progresses and ends with
sunrise. A similar phenomenon happens at sunset and is called evening twilight.

Furthermore, astronomers divide morning twilight in three subcategories, each correspond-
ing to different levels of illumination [71]:

Astronomical twilight. This refers to the darkest period of twilight and lasts from the mo-
ment the sun is at an altitude of —18° until it reaches —12°. At this stage, the sky is
too dark to allow for almost any sort of unguided terrestrial navigation and some stars
are still visible to the human eye [71].

Nautical twilight. During this period, from —12° to —6°, [71] notes that “the horizon is
generally not visible and it is too dark for marine observations.”

Civil twilight. This begins when the sun reaches an altitude of —6° and ends at sunrise.
It corresponds to the most illuminated period of twilight, where solar illumination
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is sufficient for the human eye to clearly distinguish terrestrial objects. In the United
States, the Federal Aviation Administration (FAA) defines nighttime as ending at the
beginning of morning civil twilight [73] and thus allows aircrafts to fly without posi-
tion or anti-collision lights during this period [74].

Period Solar altitude  Frequency Cumulative
Astronomical twilight —18° to —12° 7.9% 7.9%
Nautical twilight —12° to —6° 5.1% 13.0%
Civil twilight —6° to 0° 13.8% 26.8%
Daytime 0° and over 73.2% 100.0%

Table 3.2: The distribution of the number of images belonging to the different twilights,
as well as those taken after sunrise. Note that there are no images taken before
astronomical twilight.

Hence, the different solar altitude values given above seem to be good values to investigate
as potential splitting thresholds.

Let us first consider a threshold of —12°, such that the set of images belonging to the astro-
nomical twilight and earlier is mapped to the target domain, while the remainder is mapped
to the source domain. Table 3.2 gives that, in this case, only 7.9% of images are mapped
to the target domain. In addition, looking at the data it becomes clear that this threshold
loosely acts like a surrogate for the threshold ¢ = 55 that was discussed in Section 3.3.2 on
image luminance, before being rejected for multiple reasons including the strong resulting
imbalance.

At this stage, we decide that rather than to merely look at the images to characterize the
quality of the split and choose a threshold, a more precise protocol should be defined.

Two Cameras

In Section 4.1, we describe a deep-learning model based on YOLOWV3 to act as a baseline for
our research. As it is a baseline, that model does not perform domain adaptation, although it
was pretrained and then fine-tuned. The resulting model thus performs traffic sign detection
with no specific treatment for any kind of image data.

As a result, we can define a protocol that leverages this baseline to help us pick a solar
altitude threshold that produces a good split. The protocol stems from a simple idea: given
a threshold ¢, we can use the baseline and evaluate its performance on the set Z_, of images
above the threshold, compared to the set Z_, of images below the threshold. Thus, the
performance gap AP =P(Z.,)—P(Z_,), where P(-) is a performance metric, measures how
hard it is for the baseline to predict both sides of the threshold relative to one another. The
complete protocol consists in calculating the performance gap for several thresholds of solar
altitude using the usual AP metric. Asa larger performance gap means that the two resulting
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sets are well-segregated, we aim to pick ¢ such that the gap is maximized. Simultaneously, we
are careful to choose ¢ such that |Z_, | is large enough to avoid the different issues highlighted
in the previous subsections.
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Figure 3.7: A plot showing the performance gap AP at different solar altitude thresholds
on a sample of the dataset, using the AP metric. It is overlaid over an histogram
showing the distribution of solar altitude.

Figure 3.7 shows the result of executing this protocol on a random sample of 2,500 images
from the dataset. Let us study the shape of the performance gap curve.

When the threshold is at its lowest at —12°, the performance gap is quite high and shows an
AP difference of approximately 14 percentage points. This is expected, as images where solar
altitude is under —12° are very dark and thus challenging for the model. More generally, we
expect P(Z_,) < P(Z) < P(Z.,) to hold true for any given .

As we increase ¢, the performance gap is affected in two ways. First, we remove images
that are progressively harder to predict from Z. ,, thus increasing P(Z.,). Simultaneously,
we add progressively easier images to Z_, such that P(Z_,) also increases. However, because
T_, isinitially empty, while 7, represents the entire dataset, the performance on the former
set is more sensitive to new images. As shown in Figure 3.8, the consequence is that P(Z_,)
increases faster than P(Z.,) making the curve of the performance gap AP = P(Z.,) —
P(Z_,) be downward-sloping. However, this behavior does not hold true indefinitely.

Unexpectedly, from ¢t = —6 to ¢ = 12, the opposite pattern emerges briefly, as visible in
Figure 3.7: the performance gap is subject to a sharp rise from 8.9 percentage points (p.p.)
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Figure 3.8: A plot splitting the performance gap shown in Figure 3.7 into its two compo-

nents, namely P(Z,) and P(Z_,).

to 15.7 p.p., before starting to decrease again. Figure 3.8 shows that this is due to a faster
increase of P(Z.,), compounded with a slower increase of P(Z_, ).

We hypothesize that some distribution shift takes place in the data as solar altitude increases
from —6° to 12°. This seems to be true when we look at the images in this range: images
at the beginning of the range appear warmer and more crisp than images at the end of the
range, as shown in Figure 3.9.

Let us test the hypothesis that a distribution shift happens in the range [—6°,12°]. Recall
from Figure 3.6 on page 34 that the data collection phase spanned three seasons: winter,
spring, and summer. As the images at the end of the range appear warmer and more crisp,
it may be that a season change is taking place. To verify this, we plot, for each season, the
average AP of each individual bin as a function of solar altitude in Figure 3.10.

We indeed observe a stark shift in the distribution of seasons, as images under —6° all belong
to the winter, and images from summer and spring are progressively added as solar altitude
increases, with 12° defining the cutoff point for winter images (i.e., beyond which there are
no more winter images). However, the data also shows that solar altitude alone is not a good
domain discriminant, as the AP for the summer and spring seasons is not significantly lower
under, say, 12°.

As a consequence, one may be tempted to split the dataset according to its seasons, consider-
ing summer and spring images to be part of the source domain, and winter images to make
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(1) solar altitude =—3.9° (i1) solar altitude = 9.6°

Figure 3.9: A representative sample of what images look like when solar altitude is between
—6° and 12°.

up the target domain. However, the fact that the baseline model performs worse on winter
images on average, even under similar weather conditions, still raises questions.

After investigating this further with my coworkers at EURA NOVA, it came to light that
the performance gap was most likely due to camera differences. Indeed, we realized that the
camera used for data collection during the winter was different from the one used in the
summer and the spring. Because the winter camera produces images of lower quality than
the other camera, the performance of the baseline model suffers on these images.

We evaluated the performance gap on the baseline model between the high-quality cam-
era (summer and spring) and the lower-quality (winter) camera at 12.6 points. Indeed, the
baseline gives an AP of 57.2% on high-quality images and 44.6% on lower-quality in images.
Furthermore, such a split avoids the strong imbalance issue encountered with the previous
metrics, with the high-quality set containing 21,181 images (66.7% of the complete dataset)
and the low-quality set having 10,580 images (33.3%).

On this basis, the source-target split is done such that the source domain Dy corresponds to
the high-quality camera images and the target domain D corresponds to the lower-quality
camera images.

3.3.3 Train-Validation-Test Set Split

As mentioned in Section 2.2, cross-validation in deep learning requires us to split the obser-
vation dataset into a training set, a validation set, and a test set. For each of the subdomains,
we split the data such that the first 80% maps to the training set, the next 10% maps to the
validation set, and the final 10% maps to the test set. In our case, we must apply special care
to the splitting procedure due to the nature of the problem.

In total, six subsets are created:

- The source domain training set Dg,"am) :
(valid) |

— The source domain validation set D™
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Figure 3.10: A color-coded plot in which each point represents the average AP for the indi-
vidual bin with which it is vertically aligned that matches its color.

The source domain test set Dém);

The target domain training set D;fmm) ;

The target domain validation set D;’ alid),

The target domain test set D(Tte“).

For these six subsets, we must employ stratified sampling [75] such that each subset is dis-
tributed identically along two criteria in the dataset. Let us go over these criteria.

Delivery round. As explained in Section 3.1, the images were collected during delivery
rounds. As such, it is possible that the exact same traffic sign is recorded more than once
in the dataset. In order to not bias the model evaluation routine toward such images, it
important to ensure that the same traffic sign does not appear simultaneously in a training
set and in either a validation set or a test set (or both). Although it is not possible to strictly
enforce this property in general, we aim toward that goal by using the following heuristic:
when splitting the dataset, group together images that were taken during the same delivery
round (and thus on the same day).

Presence of traffic signs. The second dimension pertains to the ratio of the number of
images which contain traffic signs (according to the annotators) against the number of images
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which do not. In the dataset, 45% of images have been annotated as containing at least one
traffic sign. As such, it important to maintain this prior probability constant across all splits
so that the ratios preserve the same balance.

However, stratified sampling in both dimensions simultaneously is not possible with our
dataset, as the two distributions are not strictly independent. As a result, we devise a strat-
egy to approximate the balance that would have been guaranteed by two-dimensional strat-
ification. First, we choose the delivery round dimension as the dimension along which it is
most crucial that stratified sampling be performed. Then, we do multiple rounds of strat-
ified sampling along that dimension, each round producing a different split of six subsets.
Finally, we select the round for which the mean square error (MSE) of the proportion of
images without traffic signs is minimized compared to the target of 45%, giving in our case
an MSE of 5.7. Table 3.3 shows the distribution of the final split.

Source Target z

Training 16,944 8,464 25408
Validation 2,118 1,058 3,176
Test 2,119 1,058 3,177

2 21,181 10,580 31,761

Table 3.3: The distribution of the final split between the source and target domains, as well
as the training, validation, and test sets.

With our data pipeline properly set up, we are now ready to dive into our main research
question: in the next chapter, we establish a number of baseline models that will allow us to
evaluate how exactly deep domain adaptation performs.
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Before we dive into researching domain adaptation techniques to solve our problem, it is
important to define a number of baselines in order to validate any future result, so that we
can verify whether the techniques that we experiment with actually improve on a simpler
and more naive model (see the second research question in Section 1.1). In this chapter, we
consider as a first baseline a YOLOv3 [9] model, trained in a standard, non-adaptive way. We
then define a second adaptive baseline based on the subspace alignment approach described
1n Section 2.5.4.

4.1 Non-Adaptive Baseline

As the basis of our future models, we consider YOLOv3 [9], as described in Section 2.4.1,
trained in a standard supervised fashion. The reasons behind this choice are manifold.

First and foremost, YOLOvV3 has been the model used at EURA NOVA to solve the traffic
sign detection problem so far. As such, if we are going to implement any domain adaptation
technique, we must know how it fares against the technique currently in usage. Also, a lot
of infrastructure already exists to support YOLOV3 and it is therefore easy to modify to act
as baseline model.

Second, as we demonstrate in the next chapters, domain adaptation models often make use
of a feature extractor component, as well as a classifier, and these two components are found
in the YOLOV3 architecture. As a consequence, YOLO plugs well into those domain adap-
tation architectures.

The third reason may also be included in the first but is worth standing on its own: speed.
Although better-performing object detection models like Faster R-CNN [43] exist, they are
often an order of magnitude slower than YOLOv3. However, given the quantity of data
that could be generated would this project be expanded to more cities and delivery vehicles,
it is crucial to be able to process that data in a timely manner.

4.1.1 Training

Many decisions have to be taken when training deep learning algorithms, and YOLOV3 is
no exception to the rule. In this section, we describe the choices made in terms of training
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strategy, preprocessing, and hyperparameters. Training was done on an NVIDIA V100 GPU
with 32 GB of memory [76].

We train YOLOWV3 starting from pretrained weights made available by the authors of the
paper. Let us note that this is in itself already a form of transfer learning, which has produced
good results for multiple applications and has shown its effectiveness in computer vision
tasks [77]. From that starting point, training can be decomposed into two stages.

Stage 1: Freezing the feature extractor. We first freeze all but the last three layers of
the network (see Figure 2.1 on page 13) such that their weights are not updated during
backpropagation. The last three layers are the heads of the network: they take the features
learned by the model and output classifications (i.e., bounding boxes), and as such we refer
to them as being the “classifier” part of the network. As a consequence, only the classifier’s
weights are fine-tuned in this stage.

The motivation behind freezing the feature extractor in the first stage stems from the fact
that it performs poorly initially. Indeed, because the model has not been trained on our
dataset, the forward pass induces large errors at the end of the network, which are then
backpropagated all the way to the feature extractor (i.e., the layers not included in the clas-
sifier). As such, the performance of the feature extractor, and thus the classifier, deteriorates
quickly even though they were pretrained.

By first freezing the feature extractor, we let the classifier first learn good bounding boxes
and prevent the feature extractor from decreasing the performance of the model. This also
has the benefit of speeding up convergence.

Stage 2: Fine-tuning the feature extractor. After training the classifier for a given num-
ber of epochs, its performance generally starts to stabilize and plateau. This is a sign that it
cannot learn better bounding boxes without more information. At that point, we unfreeze
the feature extractor. Because the loss of the classifier is now maximized, the feature extrac-
tor is not anymore subject to the backpropagation of large errors. As such, it can learn better
features in a more stable fashion. At the point where we unfreeze the feature extractor, the
downward acceleration of the loss increases briefly before the loss resumes to decrease more
gradually, as shown in Figure 4.1.

Data Augmentation

Before we delve into the hyperparameters chosen for each stage, let us first discuss a tech-
nique employed during both stages: data augmentation. It is a common technique in deep
learning applied to computer vision tasks [78] which applies perturbations to the learning
examples. Doing so increases the diversity of the data and allows a model to generalize better
by reducing overfitting.
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Figure 4.1: A plot showing the impact of freezing and unfreezing the feature extractor on
model performance. For the first 15 epochs, the feature extractor is frozen and
both learning curves converge to a plateau. After that point, the feature extractor
is unfrozen and the losses start to decrease again.

Note that even though data augmentation takes place in both stages of the learning algo-
rithm, it is only applied to the training set in our case. Indeed, as we try to increase the
diversity of the data to better generalize, it makes sense to evaluate the model’s performance
solely on non-augmented data (otherwise the evaluation protocol might be biased).

We implement various image augmentation transforms using the Python library imgaug [79].
To apply these transforms to each image, we split the transforms into four layers, each con-
taining a set of transforms. Each layer activates randomly with an 80% probability (inde-
pendently from the others) and then triggers one of its transforms, again at random.

The first layer contains the following transforms:

- Noise: Adds noise sampled from a Gaussian distribution in a pixel-wise fashion.
- Dropout: Sets the intensity of a fraction of pixels to zero.
- Coarse Dropount: Sets the intensity of some rectangular regions to zero.

As explained, the first layer thus activates with a 80% probability, and if so triggers one of
Noise, Dropout, or Coarse Dropout.

The second layer pertains to geometric transforms and consists of:

- Perspective: Applies a perspective transformation to the image.
- Rotate: Applies a rotation to the image.
- Flip: Flips the image horizontally.
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The third layer consists of a single transform that we call Crop/Pad. It either crops the image
by extracting a subimage, or enlarges it before padding it with zeros.

The final layer applies more blur- and color- related transforms to the images:

Blur: Adds blur using a Gaussian kernel.

Contrast: Increases or decreases contrast by some value.

Brightness: Increases or decreases brightness by some value.
Hue/Saturation: Increases or decreases hue and saturation by some value.
Grayscale: Converts the image to grayscale.

Hyperparameters

In this section, we first discuss hyperparameters and strategies common to most deep learn-
ing algorithms, before diving into YOLOv3-specific aspects.

You will note that, while we do make an effort to produce a good-performing baseline
through techniques such as data augmentation, hyperparameter tuning in general is time-
consuming, and as such we trade model performance for faster training in this section.
This is not problematic as domain adaptation techniques generally incorporate a reference
model (YOLOW3 in our case), hence relative performance is measured, not absolute perfor-
mance.

As described earlier, training is divided into two stages, the first being focused on the clas-
sifier while the second applies to the whole network. We train both stages for 15 epochs,
with learning rates of 107> for the first stage and 10~ for the second one. In the second
stage, though, the learning rate is subject to change as we leverage learning rate decay. This
technique is quite popular [80, 81, 82] and consists in decreasing the learning rate when the
performance of the model reaches a plateau. Here, we divide the learning rate by 10 if the
validation loss has not improved for 5 consecutive epochs.

We use the Adam algorithm [83] for parameter optimization. It is an improvement of
stochastic gradient descent based on AdaGrad [84] and RMSProp. It works by computing
individual adaptive learning rates for different parameters and outperforms other optimiza-
tion algorithms in most tasks [83]. We use the default settings 5, = 0.9 and 3, =0.999 for
the decay rates of the moment estimates, as recommended by the paper’s authors.

When generating batches, we use a batch size of 32 for the first stage. Due to memory
usage, this corresponds approximately to the maximum batch size we can use. In the second
stage, because we unfreeze the feature extractor, the algorithm has a much greater amount
of parameters to optimize. As such, we decrease the batch size to 16.

The last general deep learning strategy to mention is of course early stopping [85], in which
we stop training if, despite our previous efforts, model performance has not improved for
10 consecutive epochs. This is yet another attempt at preventing overfitting.

Let us now discuss the YOLOv3-specific hyperparameters present in our baseline model.
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The first such hyperparameter is ignore_threshold. For each bounding box it predicts,
YOLOV3 computes an objectness score that is equal to the highest IoU among ground-truth
objects. If a bounding-box prediction does not have the highest IoU, but does overlap with
a ground-truth object by more than ignore_threshold, the prediction is ignored such that
it does not incur any confidence loss. We set ignore_threshold = 0.5, following the paper.

The second YOLOV3 hyperparameter, score_threshold controls the quality of the bound-
ing boxes output by the model. In particular, it specifies the lower bound of the confidence
score of these bounding boxes, such that bounding boxes which fall under the threshold are
ignored in the final stage of the algorithm. While a threshold of 0.6 is typical [43], we fix
score_threshold to 0.3. This is motivated by the fact that, as mentioned in Section 3.2,
ground-truth bounding box annotations are often not tight, leading to artificially deflated
confidence scores. This is illustrated in Figure 4.2.

Figure 4.2: Examples of ground-truth annotations where the bounding boxes drawn are
much larger than the traffic signs represented.

Finally, as YOLOv3 (and object detection algorithms in general) outputs several bounding
boxes that overlap each other significantly, it is important to reduce the number of overlap-
ping boxes when they represent a single object through non-maximum suppression (NMS,
see Algorithm 2.1). We tune NMS so that the threshold over which it considers that two
bounding boxes represent the same object is defined as A _ =0.3.

4.1.2 Results

As mentioned previously, we train a YOLOv3 model which does not perform domain adap-
tation in order to determine if our problem requires domain adaptation, or if it can be solved
solely using a YOLOW3 architecture. As such, the following question arises: what protocol
to implement to determine how a domain-adaptive object detection model compares with a
non-adaptive object detection model, in terms of performance?

To aid our argument, we first establish some definitions. Let P¢(D;) be the performance
on the target data of a model trained solely with source data (source-only model). Simi-
larly, let P,(D;) be the performance on the target data of a model trained solely with target
data (target-only model). Finally, we define Pp,(D;) to be the performance on the tar-
get data of a model trained using domain adaptation, that is using the features from both
domains (domain-adaptive model).
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In the domain adaptation literature, a widely-used protocol [3, 86, 87, 88, 89] consists in
characterizing the performance of a domain-adaptive model in terms of its ability to bridge
the gap between P(D;) and P (D). Indeed, Py(D) is interpreted as a lower bound for
Ppa(D7), because a domain-adaptive model which performs worse than a source-only model
is worthless, while any improvement over a source-only model is encouraging. Likewise, the
protocol considers P, (D) as a soft upper bound, implying that a domain-adaptive model
may perform better than a source-only model, even though a specialized target-only model
may still perform better than a DA model.

With this protocol in mind, we use YOLOV3 to train a source-only model and a target-only
model on the two corresponding training sets. Training takes approximately 24 hours in
both cases.

As expected, we find that the target-only model performs much better than the source-
only model on target data, as we have that P (D) = 0.4437 and Py(D;) = 0.2867, using
the average precision (AP) metric. Therefore, for our research problem, we will say of a
domain-adaptive algorithm that it outperforms this YOLOv3 model if P, (D) > 0.2867.
Additionally, we assume that Pp, (D) < 0.4437 may hold.

While these numbers look unimpressive in absolute terms, it is important to keep in mind
that object detection is a hard problem, along with the fact that YOLOV3 is not a top-
performing model (because of its focus on speed). Furthermore, the quality of the anno-
tations in our dataset is highly variable, as noted previously. For reference, [90] achieved
33.2% AP on the Belgium Traffic Sign Dataset (BTSD) using YOLOv2 [41]. Similarly, [91]
achieved 28.3% AP on the BTSD using YOLOv1 [40].

Another interesting result pertains to the quality of the bounding boxes predicted by the
model compared to that of the ground truths provided by the annotators. As shown in
Figure 4.3, the predicted boxes tend to be tighter than than the ground truths, comforting
us in our choice of score_threshold = 0.3. Furthermore, the model can have better recall
than the annotators and spot traffic signs that were missed by them.

(1) (i1) (i)

Figure 4.3: Examples of bounding boxes predicted by the model (blue) that are better than
than the ground-truth annotations (green). In all cases, the predicted boxes have
a tight fit around the actual traffic sign, and (iii) shows that the model can even
pick up signs missed by the annotators.

Note that in this thesis we only evaluate the performance of the different models considered
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on the target domain. To understand how different models (with regard to the training set
used) perform on different domains, refer to Appendix A.

4.2 Adaptive Baseline

As an adaptive baseline, we purposefully choose a technique that is simple to implement
and does not require the use of a neural architecture. The reason is simple: recall from the
introduction to this work that we want to determine (i) whether an easily implementable
domain adaptation (DA) technique can solve the adaptation challenge compared to a non-
adaptive method and (ii) whether this DA technique can compete with a more elaborate
deep DA scheme. In the following, we evaluate the use of the subspace alignment technique
described in Chapter 2 on our dataset.

To evaluate the performance of this SA technique, we plug it into our non-adaptive baseline
based on YOLOV3 introduced in the previous section. Unless stated otherwise, we retain
the same training procedure, including the hyperparameters, to train this new baseline.

More precisely, we insert Algorithm 2.2 after YOLOv3’s feature extractor. As is standard,
we then pass the projected samples to YOLOv3’s prediction branches. Special care is given to
the tuning of the number of principal components d. In our case, Darknet outputs feature
maps of size 1,071,616, we select d via a grid search through the range {27,...,2%}.

Ultimately, we find the optimal d* = 2" = 131,072. However, it obtains an AP of 23.46% on
the test set, which is worse than the performance of the source-only model from Section 4.1,
which obtains 28.67% AP. As we will see in the next chapter, for classification tasks, SA
does not always perform better than a source-only model (see Table 5.1), and this could
be true a fortiori for the harder problem of object detection. As such, we conclude that a
simple adaptive algorithm such as the subspace alignment technique described here is not
able to perform better than a non-adaptive model trained only on the source domain for
our problem.

In the next chapter, we present a more powerful, deep domain adaptation algorithm based
on domain-adversarial networks.
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Networks

In this chapter, we present a technique introduced in [92] and [86] which focuses on combin-
ing domain adaptation and deep feature learning within one training process. This chapter
serves as a summary of the aforementioned papers and, unless stated otherwise, all theoret-
ical aspects mentioned here, including concepts, ideas, definitions, formulas and figures, are
taken directly from these two papers.

The presented technique embeds domain adaptation into the process of deep feature learning
in an unsupervised way, such that the final learning decisions are made based on features that
are (i) discriminative for the main learning task (e.g. classification, regression, detection) and
(i1) invariant to the domain shift. This ensures that the features learned have distributions
in the source and target domain that are the same, or very similar. In this way, the resulting
model is applicable to the target domain with minimal bias toward the source domain.

To learn features that are discriminative and domain-invariant, the presented technique si-
multaneously optimizes the following components of the network, shown in Figure 5.1:
(1) the feature extractor which learns a feature mapping from the input, (ii) the label predictor
which predicts class labels, and (iii) the domain classifier which discriminates between the
source domain and the target domain. While the parameters of the label predictor and the
domain classifier minimize their losses, the parameters of the feature extractor are optimized
so as to minimize the label predictor loss and maximize the domain classifier loss, the latter
encouraging the learning of domain-invariant features.

The behavior described by these three training processes can be achieved by augmenting any
existing feedforward neural network architecture (i.e., with no cycle [93]) with a domain
classifier component made of standard layers and loss functions, as well as a so-called gradient
reversal layer (GRL), which acts as the identity function during forward propagation, and
reverses the gradient by multiplying it by a negative scalar during backpropagation (see
Figure 5.1). In practice, the GRL is trivially implemented and the resulting model can still
be trained using gradient descent.

Because of the adversarial nature of the training procedure, where the domain classifier
is simultaneously seeking to discriminate the features with respect to the domain, while
also being confused by the feature extractor, the resulting model is referred to as a domain-
adversarial neural network (DANN). In the rest of this thesis, we also simply refer to the
overall technique as “DANN.”
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As presented, DANN is trained on a large amount of labeled data from the source domain
and a large amount of unlabeled data from the target domain. As no labeled target domain
data is necessary, it is an unsupervised domain adaptation technique. However, as will be-
come apparent in the next sections, the technique can be generalized to the semi-supervised
and fully-supervised cases straightforwardly, yet we focus on the harder and more interest-
ing unsupervised case. Generally, this can be seen as a way of future-proofing a learning
algorithm, as further target domain data collected need not be annotated before being incor-
porated into the machine learning pipeline, hence making data collection less expensive [86].

5.1 Model
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Figure 5.1: The architecture of DANN [92, 86].

We assume that the model works with input examples x € X', where X is an input space, and
output labels y € ), where ) is a label space. In the following, we assume ) = {1,...,C}
(where C is the number of output labels). However, DANN is generic and trivially handles
any output label space used by a pre-existing feedforward neural network model. We also
consider two domains: the source domain D and the target domain D, which are assumed
similar but different (i.e., there is a domain shift). We define the total number of examples to
be N = N+ N, with N and N; being respectively the number of examples in the source
and target domain.

The goal is to be able to predict the labels y given the input x for the target domain. At
training time, we have access to a large set of training examples

16 STOPHIS SO R . STTRRTE YRS SYRETRIONS SYRNVAY (5.1)

from both the source and the target domains according to the marginal distributions Pg(x)
and P,(x) respectively. We denote with d. the binary variable for the ith example, which
indicates whether x; comes from the source domain (x; ~ Dy(x) if d; = 0) or from the target
domain (x; ~ D (x) if d; = 1). For the examples from the source domain, the corresponding
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labels y. € Y are known at training time. For the examples from the target domain, we do
not know the labels at training time and we want to predict such labels at test time.

We now define a deep feedforward architecture that, for each input x, predicts its label y € Y
and its domain d € {0, 1}. We decompose such mappings into three parts (see Figure 5.1):

(1) We assume that the input x is first mapped by a mapping G (the feature extractor)

to a D-dimensional feature vector f € RP. The feature mapping may include several
layers and we denote the parameter vector of all layers in this mapping as 0, (i.e.,

f=Gy(x;0))).

(ii) The feature vector f is then mapped by a mapping G, (the label predictor) to the label
y, and we denote the parameters of this mapping with ©,.

(i11) Finally, the same feature vector f is mapped to the domain label d by a mapping G, (the
domain classifier) with the parameters 6.

5.2 Training

During training, we aim to minimize the label prediction loss on the annotated part of
the training set (namely Démm)). The parameters of both the feature extractor and the label
predictor are thus optimized to minimize the empirical loss for the source domain examples.
This ensures that the features f are discriminative and that the combination of the feature
extractor and the label predictor performs well on the source domain.

Simultaneously, we want to make the features f domain-invariant. In other words, we want
to make the domains D(f) = {G/(x;0 ) | x ~ Dy(x)} and D1(f) = {G/(x;0) | x ~ Dy(x)}
to be similar. Under the covariate shift assumption (see Definition 2.3), making the features f
domain-invariant makes the label prediction accuracy on the target domain to be the same
as on the source domain [48]. Measuring the dissimilarity of the domains D(f) and D(f)
is however non-trivial, given that f is high-dimensional and that the domains are themselves
constantly changing as training progresses. One way to estimate the dissimilarity is to look at
the loss of the domain classifier G, provided that the parameters 6 ; of the domain classifier
have been trained to discriminate between the two feature domains in an optimal way.

This observation leads to the following idea. At training time, in order to obtain domain-
invariant features, we seek the parameters 0 , of the feature mapping that maximize the loss
of the domain classifier (i.e., by making the two feature domains as similar as possible), while
simultaneously seeking the parameters 0, of the domain classifier that minimize the loss of
the domain classifier. In addition, we seek to minimize the loss of the label predictor.

More formally, we consider the loss function

N N
ﬁ(ef,ey,ed):2£;<ef,ey)—,12£;<ef,ed) (5.2)
1=1 1=1

51



5 DANN: Domain-Adversarial Neural Networks

where the label prediction loss (e.g. YOLOWV3) for the ith training example is defined as

:(0,,0,)=L,(G,(Gr(x:9,):0,).y,) (5.3)
and the domain classification loss (e.g. logistic) for the ith training example is defined as
£(0,,0,)=L,(Gy(Gr(x30,)30,),4;).- (5.4)

Based on this idea, we seek the parameters 0 3 éy, and 0 , that deliver a stationary point of
Equation (5.2):

<éf,éy>:aregrglaxﬁ<9f,9y,éd>, (55)
¥y
éd:argg?ax£<éf,éy,9d>. (5.6)

At the stationary point:

(1) The parameters 0, of the domain classifier minimize the domain classification loss,
since it enters into Equation (5.2) with the minus sign.

(ii) The parameters 0, of the label predictor minimize the label prediction loss.

(11) The feature mapping parameters © ; minimize the label prediction loss (i.e., the fea-
tures are discriminative), while maximizing the domain classification loss (i.e., the
features are domain-invariant)

Furthermore, the parameter A controls the trade-off between the two objectives that shape
the features during learning.

Below, we demonstrate that gradient descent solvers can be adapted for the search of the
stationary point (5.5)—(5.6).

5.3 Gradient Reversal Layer

A stationary point (5.5)—(5.6) can be found with the stochastic updates

0,0 <3£§ A&)ﬁ;) (5.7)
“— N\ =A== .
£ 30, e,

0«0, —n—"2>X (5.8)

—d (5.9)

where 7 is the learning rate.
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The updates (5.7)—(5.9) are very similar to stochastic gradient descent (SGD) updates for
a feedforward deep model that is made of a feature extractor fed into a label predictor and
into a domain classifier. The difference lies in the —A factor in Equation (5.7), which is
important, as otherwise SGD would try to make features dissimilar across domains in order
to minimize the domain classification loss.

Although direct implementation of (5.7)—(5.9) as SGD is not possible, it is highly desirable to
reduce these updates to some form of SGD, since SGD and its variants are the main learning
algorithms implemented in most deep learning libraries (e.g. TensorFlow, PyTorch).

Such a reduction can be achieved by introducing a novel gradient reversal layer (GRL) defined
as follows. The gradient reversal layer has no parameters associated with it (apart from the
hyperparameter A, which is not updated by backpropagation). During forward propagation,
the GRL acts as the identity function. During backpropagation though, the GRL takes
the gradient from the subsequent level, multiplies it by —A and passes it to the preceding
layer. Implementing such a layer using existing deep learning libraries is simple, as defining
procedures for forward propagation (identity function), backpropagation (multiplying by a
scalar), and parameter update (none) is trivial.

The GRL as defined above is inserted between the feature extractor and the domain classifier,
resulting in the architecture depicted in Figure 5.1. As the backpropagation process passes
through the GRL, the partial derivatives of the loss that is downstream the GRL (i.e., £,)
w.r.t. the layer parameters that are upstream the GRL (i.e., 0 ) get multiplied by —A. There-
fore, running SGD in the resulting model implements the updates (5.7)-(5.9) and converges
to a stationary point of Equation (5.2).

More formally, we can treat the GRL as a function R )(x) defined by two equations describing
its forward and backward propagation behavior:

R)(x)=x (5.10)
% S| | (5.11)

where Lis the identity matrix. We can then define the objective function of (6,0 ,,0,) that
is being optimized by SGD as

N, N
é(ef,ey,ed):ZSE;'(ef,ey>+Z£;(ef,ed>, (5.12)
i=1 i=1
where the domain classification loss for the ith training example £~; is defined as
£(0,,0,)=L,(Gy(R,(G(x:50,))30,).4,)- (5.13)

Note that we do not anymore multiply the second term of Equation (5.12) by A, as we
did in Equation (5.2), since this factor is instead now reflected in Equation (5.13) through
Equation (5.11).

Running updates (5.7)—(5.9) can then be implemented as doing SGD for Equation (5.12) and
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leads to the emergence of features that are simultaneously domain-invariant and discrimina-
tive. After training, the label predictor

y(0)=G,(G/(x:0,);0,) (5.14)

can be used to predict labels for examples from the target domain (as well as from the source
domain).

5.4 Application to Traffic Sign Classification

A variety of experimental results are reported in the original DANN papers [92, 86], dealing
with different classification tasks in both shallow and deep neural network architectures.
However, the authors do not experiment with object detection tasks. As such, in this section
we relay an experiment on traflic sign classification carried out by [92, 86], as well as the
results that they achieved.

In this experiment, the label predictor predicts the 43 classes of the German Trafhic Sign
Recognition Benchmark (GTSRB) [94], which are illustrated in Figure 5.2. For the source
domain, 100,000 synthetic images were obtained, simulating various imaging conditions.
For the target domain, out of the more than 50,000 images of the GTSRB, 31,367 were
sampled at random for training, while the rest was used for evaluation.

QODIDII%IQ

Figure 5.2: Examples of the 43 classes of the German Traffic Sign Recognition Bench-
mark (GSTRB) dataset [94].

5.4.1 Baselines

As discussed previously in Section 4.1.2 on page 46, the following baselines are evaluated in
these experiments. The source-only model is trained without consideration for target-domain
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data (no domain classifier branch included into the network). This model serves as a lower
bound. The target-only model is trained on the target domain with labels revealed. This
model serves as an upper bound.

Furthermore, DANN is compared against the subspace alignment (SA) technique that we
describe in Section 2.5.4 on page 21. To boost the performance of this baseline, its only hy-
perparameter (i.e., the number of principal components) is picked from the range {2, .. .,60},
so that the test performance on the target domain is maximized. To apply SA in this setting,
a source-only model is trained and then the activations of the last hidden layer in the label
predictor (before the final classifier) are considered as features. Then, the mapping between
the source and the target domains is learned.

5.4.2 Experimental Setup

Figure 5.3 shows the neural architecture used for deep domain adaptation. For feature ex-
traction and classification, the authors take inspiration from [95]. For the domain classifier,
three fully-connected layers (f — 1024 — 1024 — 1) are used: two Rel.U-activated hidden
layers followed by a sigmoid unit. Per the authors’ admission, these architecture choices for
the domain classifier are arbitrary and better adaptive performance might be attained with
more careful choices.

conv 5x5 T conv 3x3 e on conv 5x5 el on fully-conn fully-conn
¥ maps U o0 seride TS T 9 serige 6P T 5ip siride N
RelU RellU ReLU l
fully-conn full full
kGRL — —

Figure 5.3: The architecture of DANN as used for the GSTRB dataset. Note that the color-
coding is the same as in Figure 5.1.

As it pertains to the loss functions, the label prediction loss £ is set to be the multinomial
cross-entropy loss, such that

Ny C
1 S .
L= 222 Vilog(Fin): (5.15)
S i=1 k=1
Similarly, the domain classification loss £, is defined as the binomial cross-entropy loss,

with
1 & A A
[,d:ﬁg—dilog<di>—(1—di)log<1—di>. (5.16)
With regard to the scalar hyperparameters, the learning rate is adjusted during gradient de-

scent such that n
0
p =—1 (5.17)
" (14ap)’
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5 DANN: Domain-Adversarial Neural Networks

where p is the training progress linearly changing from 0 to 1, n, = 0.01, « = 10, and
B = 0.75. This schedule promotes convergence and low error on the source domain. A
momentum term of 0.9 is also used.

The domain regularizer A is initialized at 0 and gradually changed to 1 using the schedule
4o

T Ttexp(—p)

where A, =2 and y = 10. This schedule allows the domain classifier to be less sensitive to

noisy signal at the early stages of the training procedure. Note that these A , are only used

for updating the feature extractor G, while the domain classifier G, uses a constant A = 1.
This ensures that it trains as fast as the label predictor G, .

—1, (5.18)

5.4.3 Results

Table 5.1 compares the baselines to DANN in terms of the results obtained. For each algo-
rithm, the classification accuracy is reported for the target domain, as well as the proportion
of the gap covered between the lower-bound and upper-bound models, which is computed as

Pos—P
gap = > DA _7;ower : (519)
upper lower

where Pp, is the performance of the domain adaptation model, while P, and P, ., are
respectively the performance of the lower-bound and upper-bound models.

As the main focus of this section, the experiment pertaining to traffic sign classification
sees DANN outperforming both the lower bound and the SA baseline, with an accuracy of
0.8865, meaning it covers 46.4% of the gap between the source-only model (lower bound)
and the target-only model (upper bound). Interestingly though, even as a relatively simple
technique, SA is able to outperform the source-only model and covers 12.7% of the gap.

Traffic signs House numbers

Model Accuracy Gap  Accuracy  Gap

Source only  79.00% —  86.74% —
SA 81.65% 12.7% 86.44% —5.5%
DANN 88.65% 46.4% 91.09% 79.7%
Target only 99.80% —  92.20% —

Table 5.1: Performance in classification tasks for different models reported on the target
domains. On top of accuracy, the proportion of the gap covered between the
source-only and the target-only models is also reported. Furthermore, we include
the results of another experiment to adapt synthetic numbers to the Street View
House Numbers (SHVN) dataset [96].
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The last two columns of Table 5.1 show the results of a different experiment, in which syn-
thetic numbers are adapted to images taken from the Street View House Numbers (SHVN)
dataset [96]. In this experiment, SA performs worse than the source-only model and is
—5.5% off from entering the gap. Meanwhile, DANN covers the gap by 79.7% with an
accuracy of 0.9109.

Combined with the results of other experiments, this shows that, when applied to image
classification, not only does DANN provides good adaptive performance, but it is also able
to largely outperform SA, even when the latter performs worse than a source-only model.

In the next chapter, we put DANN in practice and explore how we can leverage it to improve
the performance of a YOLOv3 model.
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In this chapter, we discuss the different experiments that we conducted with DANN and the
results obtained on the target domain.

Recall from Section 4.1 that a YOLOv3 model trained on the source domain has an average
precision (AP) of 28.67%, while the same model trained on the target domain has an AP of
44.37%. These values respectively represent the non-adaptive lower-bound and upper-bound
baselines of our research task, and we expect a good DANN-based model to perform at least
as well as the lower bound.

Similarly, Section 4.2 gives a simple adaptive baseline based on subspace alignment, which
gets a 23.46% AP. Given that its performance is lower than that of a source-only model, we
concluded that it is not interesting to put it in practice in our specific case. However, we can
still leverage it as a reference point for any future deep adaptive model: if such a model is
more complex than subspace alignment (SA) and yet performs worse, we can trivially argue
that it is better to fall back to SA, as SA both performs better and is simpler to implement.

Note that we focus here solely on the unsupervised case. As such, bounding box annotations
for the target domain data are hidden during training.

6.1 Setup

This section describes how we modified an existing YOLOv3 implementation to incorporate
a domain classifier and train it following a DANN architecture.

6.1.1 Retrofitting a Domain Classifier in YOLOv3

As described in Section 2.4.1, YOLOV3 uses a Darknet-53 body to extract features from the
input. These features are then processed by three different necks (corresponding to three
different scales), before being fed into the final box predictors (see Figure 2.1). Following
this, there exists different possible choices regarding where and how to insert a domain
classifier into this base architecture.

Here, we present three architectural configurations we experimented with. As you will see,
all configurations rely on placing the domain classification component at the exit of the three
necks.

58



6 Experimentation

One domain classifier. In this first configuration, we flatten the output of each prediction
head before concatenating all three outputs together. The resulting vector is then passed to
the domain classifier. Figure 6.1 illustrates this configuration.

A4

N N N
Darknet-53 > e > e > e
backbone c C c
k k k

Figure 6.1: Our DANN architecture with one domain classifier connected to all three predic-
tion heads (which outputs are concatenated together). For clarity, the gradient
reversal layer is not included in the illustration. Also note that the color-coding
is the same as in Figure 5.1: feature extraction layers are green, box predictors
are blue, and the domain classifier is magenta.

Three domain classifiers. This configuration is inspired from the architecture of YOLOv3
itself: since YOLOV3 uses one convolutional layer per scale for bounding box prediction, it
might be beneficial to apply the same idea to domain classification. As shown in Figure 6.2,
instead of concatenating the outputs of the three necks into one vector, we feed these outputs
into three different instances of the domain classifier. The resulting architecture is such that
three domains are predicted for a given input image (i.e., one per scale). Note that in this
case, we optimize the average loss of the three classifiers.

Three domain classifiers with shared weights. Depending on the complexity of the do-
main classifier, the previous configuration may turn out to be memory-intensive and slow
to converge, due to the large number of parameters to train. As such, a simple modification
involves sharing the trainable parameters across the three domain classifier instances. This
way, only one set of weights (instead of three) remains for all three instances.
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Figure 6.2: Our DANN architecture with three domain classifiers, each one connected to a
different neck component.

6.1.2 Domain Classifier Architecture

Another important choice relates to the internal architecture of the domain classifier. The
goal 1s to build a domain classifier such that it is indeed able to discriminate between the two
domains while simultaneously being trainable in a reasonable amount of time and avoiding
overfitting.

Note that for all architectures, we use the binomial cross-entropy loss function as defined
by Equation (5.16). In architectures with three domain classifiers, we minimize the average
loss of the classifiers.

Two-layer domain classifier. This first architecture is the simplest of all and consists in
two fully-connected hidden layers with 256 units each. Both layers employ ReLU activation
and L2 regularization. At the end of the network, a final sigmoid-activated unit outputs
a domain prediction. Furthermore, we add a dropout layer between each fully-connected
layer, following [86].

Three-layer domain classifier. This is a simple modification of the previous architecture
where we add a new 256-unit fully-connected layer to the existing architecture. As is ex-
plained later, complexification of the domain classifier helps it learn better.
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Five-layer domain classifier. Here, we significantly complexify the previous infrastruc-
tures by replacing it with five fully-connected hidden layers. On top of this, each layer now
has 512 units instead of 256.

6.1.3 Training from Scratch vs. Fine-Tuning

Another contribution relates to the starting point of the weights of the network and signif-
icantly impacts performance.

In the original papers, DANN is considered as a standalone model, that is, such that it does
not rely on any previously trained model to adapt to the target domain. In this sense, DANN
effectively learns the target domain in parallel with the source domain; we say it trains from
scratch. However, this approach means that we do not take advantage of any pre-existing
knowledge learned from the source domain.

Following the above observation, we design a new training procedure such that, instead of
optimizing the model from scratch, we import and fine-tune the weights from our source-
only model (on top of learning a new domain classifier). This has the advantage of initially
boosting the performance of our model on source data and thus reduces the amount of
“noisy signal at the beginning of the training procedure,” which is an important considera-
tion with DANN [86], as is explained later in this chapter. Of course, in this case no layer
is frozen when fine-tuning.

6.1.4 Domain Regularizer

A crucial hyperparameter of DANN is the domain regularizer A, which controls the trade-
off between the box predictor and the domain classifier. As noted in the previous chapter,
the DANN authors use the schedule

_ A
P 1+exp(—yp)

where A, =2 and y = 10. We use the same schedule, but tune A, and y during learning.

—1, (5.18)

6.1.5 Hyperparameter Tuning

In this subsection, we first present the cross-validation protocol employed with DANN,
before describing how we tune the hyperparameters. It is important to note that all aspects
not otherwise discussed may be assumed to mirror the training protocol for our YOLOV3
baseline, described in Section 4.1.1.
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Cross-Validation

The main modification pertains to the number of training examples seen per epoch. Re-
call that for our YOLOV3 baseline, the entirety of the training set is seen by the learning
algorithm during each epoch, taking approximately 24 hours in total over 30 epochs. This
means that the number of iterations done per epoch is given as

. ) traini t si 25,408
number of iterations = [ s sé SIZC-‘ = [ -‘ =1,588. (6.1)
batch size 16

This approach is typical and is used by most deep learning algorithms. However, it is ob-
viously very time-consuming when doing hyperparameter tuning, as testing e.g. 10 sets of
hyperparameters would take about 10 days!

To solve this problem, we fix the number of iterations to 64 such that it allows us to train a
single hyperparameter set in about 1 hour. This indeed implies that the learning algorithm
sees 64-16 = 1,024 training examples per epoch, instead of 25,408. To ensure that all training
examples are seen at least once over the 30-epoch training session, the content of each batch
is sampled uniformly at random from the training set.

Search

Before we describe the hyperparameters used in our models, it is important to discuss how
they were selected. Indeed, instead of using an exhaustive grid search, we selected the pa-
rameters through random search. The motivation is twofold:

First, random search allows us to specify exactly the number of hyperparameter sets tested,
and thus gives us control over the duration of the tuning phase. Compare this to grid search,
which duration gets greatly impacted if we modify the range of one the parameters, or worse
yet, if we add a new hyperparameter. Using grid search would effectively limit our willing-
ness to try new things, as they would significantly slow down our work; this would have
been especially true at the beginning of the project, when the hyperparameters used were
not set in stone yet.

Second, even though one might argue that grid search is exhaustive and thus finds better
solutions than random search, research shows otherwise. Indeed, [97] gives theoretical and
empirical evidence that random search is more eflicient than grid search, under some assump-
tions. The paper shows that, over the same domain, selecting hyperparameters randomly
leads to models that are at least as good as those found with grid search, within a small
fraction of the computation time. Furthermore, the authors argue that by running ran-
dom search as long as grid search, random search finds better models by searching a larger
hypothesis space.

In conclusion, random search gives us the advantage of being able to control the duration of
the tuning phase, with no performance penalty compared to grid search.
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Hyperparameters

Aside from the different architectures mentioned earlier, we search among a set of four scalar
hyperparameters during the tuning stage. Note that these hyperparameters only concern
the domain classifier, as the rest of the network is left unchanged compared to the baseline.
During the search, all four parameters are sampled uniformly at random from the ranges
given in the following:

Domain regularization A,. As described earlier, this parameter directly influences how
much A weighs in the final loss function. We select it in the range {2,...,20}.

Domain regularization y. Similarly, this parameter influences the form of the loss func-
tion as a function of the training progress. We select it in the range {5,...,20}.

L2 regularization factor. Weight regularization controls the trade-off between the bias of
our domain classifier and its variance. We select it in the interval [107*,10%].

Dropout rate. As a separate way of managing overfitting, we allow between 0 and 100% of
activation units to be dropped.

6.2 Results

With all the different aspects of our experimental setup established, we now share the most
interesting results. This section represents a chronological account of our experiments, as
well as the motivation behind them and their impact on performance.

The evaluation procedure we use is standard and is the same as for our baseline models. For
each architecture described, we select the model that performs the best on the validation
set. We then retrain the model on the training and validation sets. We then report the final
performance on the test set.

At the end of this section, Table 6.1 provides a summary of the experimental results obtained
on the target domain. Furthermore, Appendix A discusses results obtained when perform-
ing training and evaluation independently on different combinations of the two domains.

6.2.1 Initial Model

For our first experiment, we chose the simplest configuration options among those presented
previously. The reason is of course that we were interested in first figuring out how a simple
DANN:-based model would perform, instead of immediately diving into time-consuming
experiments and optimizations.

In this optic, the first model used was built using one domain classifier connected to the three
outputs of the feature extractor, as it is the easiest configuration to implement. Regarding the
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internal architecture of this domain classifier, we used the two-layer configuration described
earlier. Furthermore, we used fixed hyperparameter values of A, =2 and y = 10, mirroring
DANN’s authors, while disabling L2 regularization and dropout. Most importantly, at this
point we had not yet come up with the idea of fine-tuning the source-only model. As such,
we trained DANN from scratch (following the two-stage approach of Section 4.1.1).

With no big surprise, this first tentative model performs poorly and only obtains 13.9% AP
on the target domain. This is worse than the performance of our source-only model (28.67%),
as well as that of our subspace alignment model (23.46%).

6.2.2 Tuning the Initial Model

Seeing as though our initial model performs poorly with arbitrarily chosen hyperparame-
ters, an obvious idea is to try and tune a model using an identical neural architecture but
different hyperparameters. The assumption is that the architecture may be good enough to
obtain good results, and that the main obstacle to that end is the set of scalar hyperparame-
ters.

We therefore tuned the model using the protocol defined in Section 6.1.5. We found an
increase of 7.43 percentage points (p.p.) in terms of AP compared to the previous model,
leading to a 21.33% AP. This validates our assumption that the architecture itself is viable,
and that it can learn better given better-chosen hyperparameters. However, the performance
of this model is still 2.13 p.p. less than that of our SA baseline.

6.2.3 Fine-Tuning the Source-Only Model

Seeing as though we saturated the performance of the current model architecture, an obvious
idea would have been to research how to complexify the domain classifier in order for it to
learn better (under the assumption that it is the bottleneck). Instead, this is when we first
had the idea of importing the weights from the source-only model to fine-tune those, rather
than training the model from scratch, seeing as it might lead to a quick win.

Doing so indeed yields a large performance improvement and brings the AP to 31.87%. We
tentatively argue that the features learned on the source domain initially help the domain
classifier discriminate, which in turns leads the feature extractor to learn better domain-
invariant features. This is our first truly significant result, as it shows that:

(1) Domain adaptation using DANN is able to give better results (31.87%) than the lower-
bound baseline given by non-adaptive learning on the source domain data (28.67%).
Recall from Section 5.4.3 how, in the literature, the performance of domain adapta-
tion technique is expressed in terms of the gap covered between a lower-bound base-
line (28.67%) and an upper-bound baseline (44.37%). With this model, we can calcu-
late that the gap is covered at 20.38%.
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(i1) Because our SA model performs worse than the source-only model, the previous point
necessarily implies that our DANN model outperforms our SA model. This is mean-
ingful as it signifies that implementing DANN is worth the extra effort compared to
SA.

However, one might wonder whether this performance increase is mainly due to the fact
this domain adaptation model gets a headstart compared to the source-only model. In other
words, the question is whether training the source-only model for longer (without adapta-
tion) could lead to the same performance improvement seen here. To test this hypothesis,
we further train the source-only model (i.e., with no adaptation) for 30 more epochs. This
only leads to a 0.8-p.p. increase compared to the original source-only model, allowing us
to conclude that the performance gain induced by this domain adaptation model is not in
caused by the headstart induced.

6.2.4 Boosting the Domain Classifier

We managed to get good first results with the previous model. However, the performance
gap covered (20.38%) is still rather small, as we seek to get closer to 100%. To get better
results, it is interesting to think about what currently limits the performance of the model.

To do so, we analyzed the behavior of the domain classifier throughout a training session.
We found that, in its current architecture, the domain classifier mainly predicts one class (the
source domain class d; = 0). However, it is difficult to characterize how a “good” domain
classifier should behave in general. Recall that its goal is to discriminate among domains,
but at the same time the feature extractor tries to confuse the domain classifier by producing
domain-invariant features. Therefore, is it better for the domain classifier to be rather good
or rather bad at its task? Interestingly, not even DANN’s authors care to weigh in on this
question, and instead of getting carried away with mere speculation, we leave this question
open.

Nevertheless, we can emit a hypothesis. As described in the previous paragraph, the do-
main classifier has trouble discriminating among the domains, and its accuracy is thus close
to 50%. However, this behavior only starts to manifest after a few epochs, meaning that at
the beginning of the training session, it has a higher accuracy. We therefore posit that, were
the domain classifier able to sustain a higher accuracy for longer, the feature extractor may
be able to produce better features.

To test this hypothesis, it is necessary to build a more accurate domain classifier. To this
end, we first replace the existing two-layer component with a three-layer network, having
the same number of units per layer (see Section 6.1.2). We find a small but significant im-
provement, with the resulting model obtaining an AP of 32.47% (compared to 31.87% previ-
ously). Complexifying the domain classifier further (while being careful not to saturate our
GPU’s memory) using a five-layer domain classifier with 512-unit layers yields a 33.74% AP.
With both architectures, we observe that the domain classifier sustains a high accuracy for
longer than with the previous architecture, thus validating our hypothesis.
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6.2.5 Multiple Domain Classifiers

As we covered before, YOLOv3 makes use of three box prediction heads at the end of the
network. The rationale behind such a setup is that Darknet-53 outputs feature maps at three
different scales, with each head specializing in a different scale and producing the bounding
boxes for the objects that it detected at that scale. This detection task is of course different
from the classification done by our domain classifier. Yet we reuse the same architecture on
the basis that each domain classifier can be considered as voting for a given scale. Note that
we initially share the weights of each domain classifier in an attempt to lower the memory
footprint.

In practice, this approach gives the best results so far by a large margin, delivering an AP
of 38.29% (+4.55 p.p. compared to the previous model). To explain the reasons behind
this improvement, we conjecture that each of the three domain classifiers is indeed able to
specialize in a given scale, whereas a single domain classifier is unable to discriminate when
the three feature maps are concatenated with each other. This could be explained by the
complexity of the domain classifier: all domain classifiers have the same complexity (i.e.,
5 x 512 units), and in the three-classifier architecture, each classifier handles approximately
three times smaller feature maps than in the one-classifier architecture.

In a second three-classifier experiment, we make each domain classifier independent from
each other (i.e., they do not share weights). The assumption is that the features learned
by the feature extractor may be different enough that they need independent networks for
accurate classification. In practice, we have found that such a configuration does not yield
improved performance. As such, we may conclude that the domain classifiers are not able
to specialize for a specific feature map scale. Rather, the features learned seem to be similar
across scales, and a domain classifier indeed learns from training with additional data.

Method  Fine-tuned Hypertuned Layers Classifiers AP Gap
Source only — — — —  28.67% —
SA — Yes — — 23.46% —33.18%
DANN No No 2 1 13.90% —94.08%
DANN No Yes 2 1 21.33% —46.75%
DANN Yes Yes 2 1 31.87% 20.38%
DANN Yes Yes 3 1 32.47% 24.2%
DANN Yes Yes 5 1 33.74% 32.29%
DANN Yes Yes 5 3 38.29% 61.27%
Target only — — — —  44.37% —

Table 6.1: A summary of the experimental results we obtained on the target domain in this
thesis. The source-only and target-only models refers to the non-adaptive baseline
describe in Section 4.1. SA refers to the subspace alignment baseline detailed in
Section 4.2. The DANN models refer to the different configurations detailed in
Sections 6.2.1-6.2.5, in their respective order.
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6.2.6 Other Experiments

On top of the experiments above, we had several other ideas when experimenting with
DANN. Unfortunately, those ideas did not end up giving satistying results. We briefly de-
scribe them in this section.

Moving the gradient reversal layer. Notice that in all the different architectures that we
experimented with, the gradient reversal layer (and thus the subsequent domain classifier
network) is placed at the exit of YOLOv3’s neck. This is a design choice that was guided
by the decision made by the original authors to place the box predictor at that position,
and nothing forgoes inserting the gradient reversal layer (GRL) at a different position in
the network. As such, we considered feeding the feature map output by the Darknet-53
backbone directly into the GRL. This architecture is such that only one feature map is passed
to the GRL, and thus only one domain classifier is needed (see Figure 6.3). This choice is
based on the fact that Darknet is indeed a feature extractor, and as such it might produce
features that are more interesting for a simple classifier, whereas YOLOv3’s neck is more
fitted to a detection task. While an interesting premise, implementing such architecture did
not show an improvement over the five-layer model described in Section 6.2.4.

N N N
Darknet-53 " e " € " e
backbone Y c Y
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Figure 6.3: Our DANN architecture with a domain classifier inserted directly after Darknet.

Domain-balanced batches. Recall from Section 3.3.2 that one third of our images belong
to the source domain, while the rest belong to the target domain. One may thus wish to
reduce this imbalance in order to improve the performance of the domain classifier [66].

67



6 Experimentation

To this end, we modify the sampling procedure described in Section 6.1.5 such that, in each
generated batch, the proportion of source domain data is equal to that of target domain data.
Unfortunately, this did not improve the performance of the model.

Domain-weighted loss. Similarly to the previous point, another way to deal with class
imbalance is to give more weight to examples from the minority class relative to those of
the majority class [98]. In our case, this is equivalent to more strongly penalizing our model
for errors made on the target domain. More formally, we define a weighted loss function
L% such that

Ly = %gwu»(—di log(d,) —(1—d)log(1—d)), (6.2)

where w: {0,1} — R gives the weight factor for the specified domain. Following [98]
and [99], we define w as

N
(1—d)Ng+dNy)’

giving w(0) = 0.75 and w(1) = 1.5. We also tried to match the domain distribution of
our dataset with w(0) = 1/3 and w(1) = 2/3. In both cases, the domain classifier did not
improve compared to one with unit weights in the loss function. Along with the result
obtained in the previous paragraph, this suggests that the domain classifier is not sensitive
to the observed domain class imbalance.

w(d)= 7. (6.3)

In the next chapter, we conclude this thesis and raise some potential future work areas.
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At the end of this thesis, we have been able to gain a better understanding of the fields of
domain adaptation, computer vision, and deep learning, as well as some the challenges and
different approaches. In particular, we successfully implemented a deep domain-adaptive
approach to solve the task of traffic sign detection for our particular dataset.

As a first step in our journey, we had to deal with data quality issues. These issues stemmed
mainly from the ground-truth data provided by our human annotators and the way that they
were processed. The most pressing problem arose because we employed multiple annotators
without accounting for the resulting duplicated annotations, thus skewing the dataset. We
solved this problem by proposing a novel algorithm (based on non-maximum suppression)
capable of merging competing annotations for an image.

We then focused on answering our first research question regarding how to split our dataset
between a source domain and a target domain. We evaluated metrics such as image luminance
and image sharpness. However, methods for calculating these metrics and their thresholds
seemed too arbitrary and did not yield satisfying results in terms of their discriminative
power. Solar altitude was also investigated as a more objective metric, since this can accu-
rately measured and precise twilight thresholds exist in the literature. This was however
overshadowed by the discovery that our image dataset in fact came from two different cam-
eras, each exhibiting distinct image quality profiles. We therefore used this criterion as the
basis for the domain split of our dataset.

Following this, we trained baseline, non-adaptive YOLOv3 models that would be used
to benchmark the performance of domain-adaptive approaches. In particular, we trained
YOLOV3 separately on the source domain and on the target domain, with the assumption
that domain adaptation should close the gap between source-only model (lower bound) and
the target-only model (upper bound). We found that, on the target domain, the source-only
model obtained 28.67% AP, while the target-only model obtained 44.37% AP.

Our first interesting result came from the implementation of a domain adaptation algorithm
based on subspace alignment using PCA. Recall, that one of our research questions asked
whether shallow adaptation approaches could work in our traffic sign detection problem.
We chose the SA algorithm because it was easy to implement and had shown good results
in classification tasks. However, evaluating this algorithm on our dataset resulted in only
23.46% AP on the target domain, which is worse than our lower-bound model. This result
shows that subspace alignment is ill-suited for our problem, as using a non-adaptive model
trained solely on the source domain yields better performance. We conjecture that the fea-
tures learned by an object detector are too specific to be effectively adapted by such a simple

69



7 Conclusion

method as subspace alignment.

Next, we discussed the implementation of DANN,; an approach to deep domain adaptation
that embeds domain the process of deep feature learning such that the final learning decisions
are made based on features that are both discriminative for the main learning task, and
invariant to domain shift. DANN showed better results than SA in previous traffic sign
classification work, but it was not applied to the task of detection by the original authors.

Without surprise, we found that obtaining good performance with DANN required careful
tuning of the hyperparameters and the network architecture. In particular, a major change
in the training procedure compared to the original paper consisted in training not from
scratch, but from the source-only baseline model. This change boosted the performance
of DANN over the lower bound to reach 31.87% AP. This was significant as it means that
domain adaptation is indeed viable for our problem.

We were further able to increase the performance of our model by complexifying its do-
main classifier. This modification stemmed from the observation that the domain classifier
had trouble making truthful predictions during training, thus we hypothesized that a more
complex classifier may be able to better discriminate among domains. This led to our model
obtaining 33.74% AP on the target domain.

In a final experiment, we used three domain classifiers instead of a single one. This emulates
YOLOV3’s approach to detection, where features are learned at three different scales, each
having a different prediction head. This change proved significantly effective and was able
to bring performance up to 38.29% AP. This implies that domain adaptation is in our case
capable of covering 61.28% of the performance gap formed by the source-only model and the
target-only model. We further tried different side experiments such as moving the location
of the gradient reversal layer, and domain-balancing the batches or the loss function, to no
avail.

7.1 Future Work

Here, we propose some ideas for future research areas that we think could be interesting to
investigate:

Convolutional domain classifier. In our current model, we only use fully-connected lay-
ers in the domain classification component of the network. Such layers are easy to design and
integrate into an existing network. However, as we emulated YOLOV3 in utilizing three do-
main classifiers instead of a single one, it makes sense to investigate the use of convolutional
layers to learn better features. This is further motivated by research in the field of image clas-
sification [31, 32, 33, 34] and our assumption that a more accurate domain classifier leads to
better adaptation.
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7 Conclusion

Semi-supervised adaptation. In this thesis, we worked with the assumption that the class
labels for the target domains were hidden during training. This is without a doubt an inter-
esting case and it gave us compelling evidence in favor of the value of domain adaptation.
From a more practical point of view however, now that we have indeed acquired annotations
for a significant amount of target images, it would be interesting to train a DANN model
using this annotated data combined with more #nannotated data, such that the algorithm
learns in a semi-supervised way. The assumption is that such a model would perform even
better than our current one, since we would be simultaneously revealing the ground truths
for the current data, as well as adding more unannotated data.

Multi-class detection. So far, we have only looked at the general problem of traffic sign
detection, that is, identifying each object as a traflic sign, or another object. However, to
build a proper traflic sign inventory as described in the introduction of this thesis, it is
necessary to label each traflic sign with its particular type. Applying our current model to
multi-class traffic sign detection is rather trivial and could hypothetically reveal interesting
insights, such as maybe the ability of domain adaptation to better predict certain types of
traffic signs compared to non-adaptive methods.
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A Contingency Table Discussion

In this thesis, we focused on evaluating the benefits of domain adaptation with regard only
to how it is able to improve the performance of a model on the harder domain to predict,
the target domain. This is relevant, as the target domain is generally the one for which data
collection and annotation is hard, on top of having characteristics that make the data harder
to process for a learning algorithm. Furthermore, in the worst case that a domain adaptation
impairs the performance on the source domain compared to a baseline source-only model,
this latter model can always be used as a fallback when processing data from the source
domain.

However, it is interesting for the sake of completeness to discuss the interactions between the
different models that we described and the subsets of data at our disposal. In this appendix,
we provide a succinct discussion which reveals that, according to the assumptions we make,
our models are coherent with each other, and no big surprise emerges.

In the following, we analyze Table A.1 first on a row basis, and we then look at it from a
column-wise perspective.

Evaluation
Training S T S+T
S 52.39% 28.67% 43.38%

T 45.76% 44.37% 45.08%
S+T 57.20% 44.64% 52.38%

DA 58.92% 38.29% 50.11%

Table A.1: A contingency table comparing different models evaluated on multiple test sets.
In the leftmost column, S and T refers to non-adaptive models trained respec-
tively on the source and target domains only (i.e., the baselines described in
Chapter 3). S+T refers to the same model trained on both domains. DA refers
to the best DANN model trained on labeled source data and unlabeled target
data (see Chapter 6). Similarly, the subsequent columns give the AP for each
model respectively evaluated on the source domain, the target domain, and both.

Let us first make clear that the results obtained in the S+ T row, where we see that a model
trained on the entire dataset performs better on the source domain than on the target do-
main, were already partly established in Chapter 3. Indeed, this is the basis of our work and
shows that our domain split criterion in fact discriminates between two domains of different
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A Contingency Table Discussion

predictive complexity. What we did not show, however, is that the same model evaluated
on the entire dataset performs (i) worse than on source domain and (i) better than on the
target domain (44.64% < 52.38% < 57.20%). Without surprise, (i) is explained by the fact
that S+T has more images that are further complicated compared to S. Similarly, we can
explain (i1) by noting that S+ T includes more easier images compared to T.

This understanding makes our analysis of the first two rows easy. Indeed, we can conclude
that the source-only model performs better on the source domain than on the target do-
main (52.39% > 28.67%), because the former evaluation set shares the same distribution as
its training set and contains easier images. Evaluation on the entire dataset gives an AP in
the middle (43.38%), for the reasons given before.

Regarding the target-only model, it follows the trend and performs better on the source
domain than on the target (45.76% > 44.37%), with full-set evaluation giving performance
in between (45.08%). However, one might ask why it does not perform best on T, which
shares the same domain. We contend that this is due to the source domain containing images
that are easier to predict, as shown by rows S and S+T, such that the target-only model’s
specialization power for its own domain is not able to overcome this. In other words, even
though the target-only model specializes for its own domain (target), the source images are
much easier to predict, and it performs better on those. This can also explain the smaller
difference between its performance on the source and target domains (45.76% — 44.37%),
compared to the source-only model: for the target-only model, the performance on T should
tend to saturate (as it specialized on T), even though it is slightly higher on S (as the images
are easier), whereas the target-only model would not saturate its performance on T (as it
specialized on S).

The last row is consistent with our previous analysis and shows that, even with a domain-
adaptive model, performance is better on the source domain than on the target domain, with
performance on S+T falling in between (38.29% < 50.11% < 58.92%).

Let us now analyze the table in a column-wise fashion.

Looking at the performance of the models on the source domain, we observe that the source-
only model performs better than the target-only model (52.39% > 45.76%), as expected. We
also note that the S+T model performs even better (57.20%), indicating that the combina-
tion of both domains leads to learning better features. Note that this is also true when
evaluating on T and S+ T. Another result is that DA leads to better performance on S than
any non-adaptive model (58.92%). This is interesting because, on the target domain, DA
only improves on the source-only model. We conclude that, when evaluated on the source
domain, it is more beneficial for a model to perform unsupervised domain adaptation, rather
than to reveal the ground-truth labels for the target domain.

When evaluated on the target domain, the source-only model trained on images that were
easier to process and as such performs worse than the target-only model (28.67% < 44.37%).
The S+T model performs only slightly better than the target-only model (44.64%). This
comforts us in our assumption that the target-only model’s performance saturates with the
target domain. If it did not, adding more images from the other domain (T = 44.37% —
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S+ T =44.64%) would lead to a greater increase in performance, as is the case when evalu-
ated on S (S =52.39% — S+ T =57.20%). As discussed in Chapter 6, DA is able to improve
the performance on the target domain compared to the source-only model.

Finally, the last column, regarding evaluation on S+T, shows similar results. We note that
DA is not able to outperform a model trained on the entire dataset (50.11% < 52.38%). This
is expected as we used DANN to perform unsupervised DA.
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