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Abstract

Autonomous vehicles require an accurate understanding of the scene for safe
operation in real-world driving scenarios. This thesis examines and offers effective
representations for road scene understanding based on in-situ perception, which
can be employed directly for planning and decision making in a variety of complex
urban environments and under wide-ranging environmental conditions.

A common, versatile scene representation is the pixel-wise semantic segmentation
obtained by deep neural networks. However, this representation is limited in its
direct usefulness for several reasons. Firstly, the pixel-wise semantic segmentation
does not naturally support the high-level reasoning required for complex driving
manoeuvres. This thesis resolves that limitation by focussing on a hierarchical,
graph-based representation, the scene graph, which combines segmented entities and
object-centric perception in bird’s-eye view at a suitable abstraction level for decision
making. The road markings are a crucial prerequisite in this representation as their
underlying meaning dictates the desired driving behaviour. Secondly, semantic
segmentation often lacks this semantic understanding of the road markings due to the
inordinate cost of labelling adequate training data. Instead, this thesis presents and
compares a model-driven and data-driven approach for self-supervised road marking
classification. Whereas the former leverages additional sensor modalities and
domain knowledge, the latter employs state-of-the-art image-to-image translation
techniques to synthesize training data. Thirdly, semantic segmentation is commonly
performed in the front-facing perspective, which does not explicitly encode distances
or directly link to the vehicle’s action space. We tackle this problem by learning
an improved bird’s-eye-view mapping, called "boosted IPM", which aids scene
graph generation in real-world scenarios.

In addressing the above, we introduce scalable, self-supervised learning tech-
niques by employing design principles such as transfer learning, leveraging domain
knowledge, and data synthesis. Furthermore, we improve the robustness of the
representations under wide-ranging environmental conditions by image restoration
and learning appearance-invariant representations. The presented methodologies
serve as a valuable starting point to devise effective and efficient representations for

road scene understanding based on in-situ perception in real-world scenarios.
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1.1 Motivation

Autonomous vehicles are transforming transportation as we know it today. One of the
most appealing prospects of an autonomous future is safer roads. It is estimated that
94% of fatal accidents are due to human error [1]. Therefore, eliminating the driver
has become a top priority in automotive design. Although some manufacturers
such as Waymo are running geofenced tests with actual passengers, deploying
autonomous vehicles everywhere and at any time remains a formidable and open
challenge. Most of the implementations available to a larger audience are solely
designed for high-way environments such as the Tesla Autopilot [2]. In contrast,
urban autonomous driving has experienced slower progress. Reasons for this are

the significantly more complex road layouts, which are necessary in order to serve
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(b)

Figure 1.1: Autonomous vehicles have to manoeuvre through complex road layouts
shared by different types of traffic participants in urban environments, (a). The mediated
approach builds a representation which describes all relevant (road) objects in its
environment and can be employed for decision making, (b). Photographs (a) and
(b) courtesy of Waymo.

different types of traffic participants, and the fact that the necessary techniques
still form active research topics in their respective fields.

Two competing paradigms currently exist to accomplish urban autonomous
driving: the behavioural and the mediated approach. Although the behavioural
approach [3]-[5] (i.e. end-to-end/deep driving) is actively researched, most (if
not all) real-world implementations follow the mediated approach. The latter
consists of a more traditional robotics pipeline that involves the following steps
performed in a continuous loop: perception, state estimation (i.e. localization
and scene understanding), planning, and decision making (i.e. action selection).
Firstly, the vehicle uses its sensor suite to perceive the environment. Secondly,
it builds a representation of the scene, including all relevant road objects, and
localizes itself within this representation. Finally, planning and decision making
based on this representation and the ego location allows the vehicle to navigate
safely and efficiently to its desired destination.

This thesis focusses on understanding urban road scenes within such a pipeline, as
shown in Figure[I.I] Road scene understanding is the task of inferring complex scene
and road layouts from perception inputs such that the resulting representation can
be employed for planning and decision making. While the availability of HD-maps,
which provide the rich information necessary for autonomous driving, has increased

drastically with the rise of offline map providers (e.g. HERE and TomTom), these
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Road  Sidewalk Car Pole Building Sign Fence
Tram Vegetation Static Sky Wall Dynamic  Person

Figure 1.2: Semantic segmentation of an urban road scene @] Every pixel is classified
and coloured according to its semantic class. High performance can be achieved under
favourable conditions due to substantial progress in deep learning. However, the pixel-wise
output representation is limited in its direct usefulness during real-world deployment for
multiple reasons, some of which are addressed in this thesis.

do not entirely negate the need for in-situ perception. Urban infrastructure changes
continually, which might lead to substantial differences between the real world and
the map, thereby increasing the cost of maintaining accurate maps ﬂﬁﬂ Although we
acknowledge the benefits of leveraging available maps, we choose to focus on in-situ
perception to bridge the gap towards real-world deployment everywhere and at any
time. Extensive sensor suites, including but not limited to different types of imaging
cameras, LIDARs, and radars, are commonly used for this task , . While the
presented frameworks in this thesis are bootstrapped by leveraging different sensor
modalities, they only require a monocular camera during deployment, ensuring that
the presented work remains versatile and cost-efficient on a large scale.

Image perception has experienced tremendous progress in the last couple of
years with the emergence of deep learning techniques in computer vision. By using
an abundance of data, more powerful computing resources, and novel learning
frameworks, numerous perception tasks such as object detection, depth estimation,
and semantic segmentation have progressed towards real-world deployment. Urban
road layouts are typically complex, vary substantially, and are often partly occluded.
Consequently, non-parametric models such as deep semantic segmentation networks

have attracted a great deal of interest, which has led to impressive results for
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pixel-wise scene understanding of images [10], [11], as exemplified in Figure [1.2]
The output is visually appealing and gives the user the idea that the scene is fully
understood and thus the problem is solved. However, in reality, its direct usefulness
for decision making and planning in autonomous driving is limited for several reasons.

Firstly, the segmentation generally does not include a semantic understanding
of the road markings in the scene. This information is crucial for decision making
as the road markings impose the road rules and guide the traffic participants.
Incorporating such small object classes in the datasets is difficult and costly, though,
because the pixel-wise labels are manually annotated in general. Although some
datasets [12], [13] include a single road marking class, they fail to provide the
semantic meaning of the various types. Only the recently-published ApolloScape
dataset [14] and VPGNet [15] include this level of detail. However, the labels
require manual annotation which does not scale efficiently to new environments.
Secondly, the pixel-wise output representation does not directly allow for high-
level reasoning concerning driving actions. Although it is possible to learn driving
policies directly from the semantic segmentation [16], this does not provide the
interpretability in the decision-making process necessary for safe and reliable real-
world deployment. Lastly, semantic scene segmentation is commonly performed
in the front-facing camera. Nevertheless, it is difficult to relate this view to the
vehicle’s action space due to its perspective; therefore, many autonomous driving
tasks are commonly performed in bird’s-eye view.

This thesis aims to resolve these limitations by devising more effective repre-
sentations for road scene understanding based on in-situ perception, which can
be employed directly for planning and decision making in various complex urban

environments and under wide-ranging environmental conditions.

1.2 Themes

The work in this thesis follows three underlying themes at a high level in accordance

with the aforementioned goal.
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Theme 1: Effective Representations for Road Scene Understanding

We aim to design representations that can be linked directly to the action space

of the autonomous vehicle. As discussed previously, the pixel-wise representation

obtained by deep semantic segmentation networks does not suffice for this purpose.

We resolve the aforementioned limitations in the following ways:

(a)

Representations for Integration. We demonstrate hybrid frameworks
that combine object-centric perception with (pixel-wise) learning techniques
and are informed by domain knowledge. The resulting representations offer
a suitable abstraction level to aid decision making while maintaining the

versatility to describe a wide range of traffic situations.

Representations for Conduct. We extend the level of detail of the general
semantic segmentation representation significantly by including a semantic
understanding of the road markings. This extension captures the road rules

of the scene, which dictate the rules of conduct for the traffic participants.

Representations for Overview. We adjust the perspective of the images
and their semantic interpretations from the front-facing camera towards a
bird’s-eye view. This provides a more intuitive overview of the traffic situation,
which is more convenient for reasoning as it explicitly encodes distances,

making it more closely linked to the vehicle’s action space.

Theme 2: Scalable Learning for Road Scene Understanding

In order to scale and quickly adapt to the wide range of urban environments that are

encountered during real-world deployment, it is necessary to implement data-driven

approaches instead of purely model-driven ones, which offer limited versatility.

Nevertheless, data-driven approaches require vast quantities of expensive, labelled

data to generalize across all conditions and environments encountered during real-

world deployment. At this scale, the common practice of manually annotating

these data samples is infeasible.
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Therefore, we aim to reduce the labelling effort for road scene understanding
tasks throughout this thesis by employing self-supervised learning. In order to
generate image training pairs for urban scenes automatically, we employ the

following three techniques:

(a) Transfer Learning. We transfer knowledge from related domains, comple-
mentary sensor modalities, or additional expert systems towards the domain

and modality of interest.

(b) Leveraging Domain Knowledge. We leverage domain knowledge, which
is available in abundance since roads are constructed according to well-defined

definitions.

(c) Data Augmentation and Synthesis. We employ state-of-the-art image-

to-image translation techniques to augment and synthesize new training pairs.
Theme 3: Appearance Invariance for Road Scene Understanding

For autonomous vehicles to operate safely in the real world, their deployed algorithms
must be robust to changes in environmental (i.e weather and lighting) conditions.
Despite this, progress in semantic segmentation is generally evaluated under
favourable conditions, which is neglectful of the challenges faced during deployment.
Adverse weather conditions often lead to occlusions (e.g. raindrops on the lens
or overexposure), limiting the reasoning in particular image regions. We aim
to restore these regions to allow for robust scene understanding and employ the

following techniques to accomplish that:

(a) Learning Appearance-Invariant Representations. We steer networks
to learn appearance-invariant representations that "strip" the appearance from
the image and are optimized for the task of interest. By splitting these two

tasks explicitly, we learn more general semantic representations.

(b) Image Restoration. We employ DNNs to remove occlusions by training

against the corresponding clear image.

In this third theme, the author worked in close collaboration with Horia Porav.
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1.3 Contributions

Considering the themes discussed above, this thesis makes the following prin-

cipal contributions:

The concept of underlying appearance-invariant representations, which com-
prise all necessary information for decision making and other relevant tasks

in autonomous driving (T-3a) [17].

A self-supervised approach for binary road marking segmentation under
various conditions as a step towards semantic classification [18] (T-1b).
Complementary sensor modalities and domain knowledge are leveraged to

generate training data automatically (T-2a and T-2b).

An integration and discussion of the obtained binary road markings into
a higher-level scene understanding framework for inferring the road layout

(T-1b) [19).

A data-driven approach for road marking classification using the obtained
binary segmentation to synthesize photo-realistic training images for predefined
labels (T-2b and T-2c¢) [20]. Vast quantities of images containing rare road
marking classes are synthesized and used for training combined with a newly-

introduced class-weighted loss function to boost performance (T-1b).

o A framework for learning an improved IPM, which is beneficial for high-
level scene understanding (T-1a, T-1b, and T-1c¢) [21]. The training data is
generated automatically from the sensor calibrations and VO (T-2a). This
naturally leads to improvements in the presence of both occlusions and extreme

illumination (T-3b).

Additionally, this thesis makes the following supporting contributions in collabora-

tion:
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o A demonstration of self-supervised road scene semantic segmentation under
wide-ranging environmental conditions [17]. An image-to-image translation
technique is employed to change the appearance of the images and thus
generate training data automatically (T-2c¢). A framework of input adapters
is designed to explicitly learn an appearance-invariant representation optimal

for semantic segmentation (T-3a).

o A demonstration of a hybrid framework for high-level road scene understanding,
which integrates segmented road markings (T-1b) and domain knowledge into

a hierarchical, graph-based description of the scene (T-1a) [19).

o A demonstration of an image de-raining framework to restore the road marking
segmentation, which is negatively affected by lens distortions caused by

adherent raindrops (T-1b and T-3b) [22].

o A demonstration of a model-driven approach for road marking classification
from the acquired binary segmentation using additional domain knowledge

regarding road construction (T-1a and T-1b) [23].

The contributions are outlined in more detail in the respective chapters.

1.4 Thesis Outline

This thesis is split into eight chapters. Following the introduction in this chapter,
Chapter [2] introduces fundamental representations and data principles used in road
scene understanding tasks and this thesis.

Chapter [3] improves the scalability and robustness of semantic segmentation
under wide-ranging environmental conditions. Adverse weather and lighting decrease
the performance drastically when the input condition is not equal to the training
condition. DNNs are traditionally trained for every condition separately, but
we demonstrate that this is suboptimal. Firstly, pixel-wise labels have to be
acquired for every respective condition, which does not scale well. The required

labelling effort is reduced significantly by employing image-to-image translation
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techniques to generate vast quantities of training pairs for different conditions
efficiently. Moreover, we demonstrate a new network architecture consisting of
lightweight input adapters to learn an appearance-invariant representation optimal
for semantic segmentation explicitly.

As discussed previously, the pixel-wise output representation obtained by deep
semantic segmentation networks is limited in its direct usefulness for planning and
decision making. The remaining chapters of this thesis aim to resolve some of
these limitations.

Chapter [4] demonstrates a graph-based road layout representation, the scene
graph, which can directly feed into planning and decision-making algorithms. This
approach builds a bottom-up understanding of the road layout in a bird’s-eye view
from segmented entities (i.e. road markings and curbs) and is able to leverage prior
domain knowledge regarding road construction. Chapters [j] - [7] present methods to
obtain the necessary prerequisites for this representation efficiently.

Chapter [p| obtains a binary road marking segmentation as a step towards
semantic classification. In order to achieve this efficiently, an additional sensor
modality and domain knowledge are leveraged to generate training pairs automati-
cally. Furthermore, we demonstrate that lens distortions (i.e. adherent raindrops)
significantly degrade the segmentation performance. This issue is resolved by
training a de-raining model to restore the image and thereby the segmentation.

Chapter [6] compares a model-driven and data-driven approach for classifying the
road markings semantically by employing the binary road marking segmentation.
The model-driven approach leverages additional domain knowledge regarding road
construction to fit road marking models to the binary segmentation. The data-
driven approach uses state-of-the-art image-to-image translation techniques to
synthesize photo-realistic images according to predefined labels, thereby generating
vast quantities of the desired training pairs automatically.

Chapter [7] improves IPM, which is another prerequisite for generating the scene
graphs since this view is more convenient for reasoning about the road layout

and explicitly encodes distances, making it more closely linked to the vehicle’s
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action space. However, the traditional homography-based transformation deforms
the shape of the road markings, especially those farther away, which may lead
to substantial errors in the semantic interpretation of scenes. We use a novel
network architecture to overcome this limitation which generates a learned IPM,
called boosted IPM, in a self-supervised way. Its benefits are demonstrated in
virtual and real-world situations.

Chapter [§] provides a summary of the work presented in this thesis, a discussion

on the broader impact of our work, and ideas for future work.

1.5 Publications

This thesis includes the following publications:

[17) H. Porav, T. Bruls, and P. Newman, "Don’t worry about the weather:
Unsupervised condition-dependent domain adaptation”, in Proceedings of the
Intelligent Transportation Systems Conference (ITSC), Oct. 2019, pp. 33-40.
(Chapter [3))

[19] L. Kunze, T. Bruls, T. Suleymanov, and P. Newman, "Reading between
the lanes: Road layout reconstruction from partially segmented scenes", in
Proceedings of the Intelligent Transportation Systems Conference (ITSC), Nov.
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This chapter provides a broad overview of the representations and data principles
used for road scene understanding, focussing on state-of-the-art methods. Specific
literature studies are provided within the reproduced publications in Chapter [3]

- El (and Appendix [A] - and are not repeated here.

2.1 Representations for Road Scene Understand-
ing

This section introduces the principles of effective representations for road scene

understanding. Subsequently, we review non-parametric and hybrid representations

13
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to demonstrate that improvements are necessary for real-world deployment, some

of which are presented in this thesis.

2.1.1 Effective Representations

The principles of effective representations for road scene understanding are grouped
below in four categories: decision making, cost-effectiveness, versatility, and robust-
ness.

For safe decision making, effective representations ideally:

include the road rules conveyed by the road markings painted on the road
surface. These provide an understanding of specific road layouts instead of

road topologies.
» encode the distances of objects in the scene explicitly.
o reason about the uncertainties stemming from perception measurements.

o offer an abstraction level which directly links with the vehicle’s action space

(i.e. steer, stop, and go) and consequently can provide intuitive ezplanations.
In order to ensure cost-effectiveness, effective representations ideally:

o employ self-supervised learning frameworks to limit the required amount of

expensive manual labelling.

o leverage domain knowledge to limit the required amount of data and compu-

tational power.

o are obtained with a minimal sensor suite, preferably solely containing imaging

cameras as these are relatively inexpensive.
In order to remain versatile, effective representations are ideally:

» obtained from in-situ perception and do not require aerial images or aggregation

of future data.
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o extendable to a wide variety of traffic scenes under various conditions and

viewpoints without fine-tuning.
In order to ensure robustness, effective representations are ideally:

e invariant to appearance changes caused by adverse weather conditions or

illumination.
e invariant to occlusions caused by objects in the scene.
e inwvariant to degradation caused by wear.

The representations which we devise in Chapter [3] - [7] aim to follow these princi-
ples.

2.1.2 Non-Parametric Representations

State-of-the-art non-parametric representations for describing road scenes (in
the front-facing camera) generally train DNNs to perform pixel-wise semantic
segmentation [10], [11]. Semantic segmentation is the task of classifying every pixel
of an image by its semantic class label (e.g. road, sidewalk, or car). In this way,
it is similar to image classification but at a pixel level. The advantage of these
representations is that they are able to represent a wide variety of scenes because
they are not limited by underlying hand-crafted parametric models. Semantic
segmentation of road scenes in the front-facing camera has been studied rigorously
[24], [25]. Nevertheless, in line with the main focus of this thesis, we limit our
discussion here to non-parametric representations that describe the road layout
in a bird’s-eye view.

In [26], the authors retrieve a semantic bird’s-eye-view map by jointly optimizing
a CRF in the front-facing perspective and the bird’s-eye view. Because they use a
homography transformation, objects that are not on the road surface are represented
unnaturally in the map, even after aggregation over multiple frames. More recent
approaches use an encoder-decoder architecture to predict a semantic occupancy

grid either from a monocular image [27], [28] or a stack of surround-view images
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Figure 2.1: The latest non-parametric approach infers the road topology even in the
presence of occlusions from a single image . However, these approaches fail to capture
the lane geometries, which are necessary for navigating through complex environments.

. However, this architecture leads to a loss of spatial context resulting in coarse,
non-sharp output predictions with inaccurate shapes and distances, especially for
smaller classes. This issue is resolved in by incorporating a dense transformer
layer which preserves more spatial information and in by "lifting" the image into
a frustum of features before "splatting" them into a rasterized bird’s-eye-view grid.

Another disadvantage of these methods is that they perform poorly in the
presence of occlusions. Several works have proposed solutions for this issue. The
authors of align simulated semantic bird’s-eye-view images, in which objects
and occluded areas are accurately represented, with real-world data to indicate
unobserved areas. Similarly, the vehicle’s footprint is predicted in a bird’s-eye view
to prevent the stretching of objects that are not on the road surface in . The
authors of presented an approach that reasons about the road topology in the
bird’s-eye view even if dynamic objects occlude the scene. They leverage monocular
depth estimation and semantic segmentation as well as prior domain knowledge
stored in OpenStreetMap to achieve this. The latest research [35], predicts
the road topology outside of the field-of-view and behind occlusions, as illustrated
in Figure [2.1] without requiring depth estimation or semantic segmentation by
leveraging adversarial feature learning. However, the output representation of these
models describes only the road topology and not the road layout including the lane

geometries, which is necessary for navigating through complex urban environments.
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2.1.3 Hybrid Representations

The major disadvantage of the non-parametric approaches is that the pixel-wise
representation fails to provide a direct and interpretable link with the vehicle’s
action space. Hybrid representations have been devised to resolve this limitation
by leveraging the versatility of learned features or segmented entities of DNNs in
combination with parametric models to describe the road layout. These hybrid
representations can be clustered into three categories: coarse road representations,

fine-grained road layout representations, and graph-based representations.

Coarse Road Representations

One of the earliest approaches [37] estimated the intersection topology and pedestrian
crossings based on semantic segmentation features. The authors of [38] similarly
employ DNN features to predict coarse scene attributes from images. Notably,
they train their DNN in a self-supervised way by retrieving these attributes from
OpenStreetMap. However, the representations of both are too coarse to describe
complex road layouts.

A more detailed model, which is able to describe the road topology of complex
intersections, is proposed in [39]. Nevertheless, the method fails to provide online
predictions because multiple modalities such as vehicle tracklets, vanishing points,
and scene flow are required. Furthermore, the model is unable to describe the lane
geometries of complex multi-lane scenes, which is necessary for decision making.
A similar model is used in other works to estimate intersections [40] and refine
semantic segmentation [41].

In [42], semantic segmentation obtained with a DNN is combined with a
parametric model to enhance existing maps with detailed semantics such as lanes,
parking spots, and sidewalks. This model reasons about different road layouts

but requires aerial images as an additional input.
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Figure 2.2: The parametric representation introduced in describes the road topology
as well as the road layout and thus allows for high-level reasoning in complex real-world
scenarios.

Fine-Grained Road Layout Representations

The development of fine-grained models that provide an accurate representation
of the road layout was mainly restricted by the lack of adequate data. This
changed when introduced a new dataset along with a novel parametric top-view
model, which allows for high-level reasoning to describe complex road scenes, as
visualised in Figure Semantic segmentation acquired with a DNN is used to
predict scene parameters, which are then refined with an energy-based optimization.
The same authors improved upon this initial work recently by leveraging camera
motions, including context cues such as vehicles, and incorporating long-term

video information [44].

Graph-Based Representations

None of the aforementioned approaches leverage the fact that road scenes are built
hierarchically. Low-level cues such as road markings and curbs, which DNNs can
accurately segment, can be grouped to form lanes, road layouts, and ultimately
describe the entire scene. This principle, as shown in Figure is exploited
in several works.

In [45], hierarchical graphs fuse local information from different sensor modalities
with prior and contextual information to model traffic scenes. Nevertheless, the

output is still a pixel-wise representation.
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Figure 2.3: Road scenes are built hierarchically, (a). This thesis centres around a
graph-based representation, (b), which describes these hierarchies starting from low-level
cues such as road markings and curbs to form lanes, road layouts, and ultimately road
scenes.

The authors of introduce a theoretical hierarchical framework including
uncertainties to reason about multiple hypotheses for the lane geometries. Similar
methods that work on real-world data are introduced in [47]. A graph is built from
linear patches of lane markings according to their spatial relationships, represented
by continuous distributions, and non-parametric belief propagation is used to infer
the road layout. However, these methods are not guaranteed to work in urban
environments with complex intersections.

In , the lane separators are modelled as latent variables without linear
constraints so that the framework becomes applicable to more complex scenes.
By encoding geometric relationships at different levels (i.e. lane markings, lane
separators, lanes, and the road), the authors show that they improve inference
of the lane geometries even in case of false detections at the root nodes. This
thesis centres around a similar approach, introduced in Chapter 4 which integrates
segmented road markings and curbs into a graph-based representation. The latest
research incorporates graph-based reasoning directly into the DNN to infer the

behaviour of vehicles in the scene while observing simple road layouts.

2.2 Data for Road Scene Understanding

Datasets for urban scene understanding can be categorised into three groups:

labelled real-world datasets, physics-based simulators (which are labelled by design),
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and unlabelled real-world datasets. In the first category, large-scale datasets exist
for scene understanding tasks such as 3D object detection and tracking, VO, and
scene flow estimation using extensive sensor suites [50]-[52]. Nevertheless, in line
with the main focus of this thesis, we limit our discussion here to datasets for road

scene understanding and focus on the ones used in this thesis.

2.2.1 Manually-Labelled Datasets

Progress in road scene understanding has depended significantly on the availability of
(pixel-wise) labelled datasets [7]. The Cityscapes dataset [53] has become the de-facto
benchmark, and we thus employ models pretrained on this dataset in Chapter [3| and
6l Nevertheless, the environments and conditions in Cityscapes are homogeneous,
and the number of labels is still relatively low. Several larger, more heterogeneous
datasets have been released subsequently such as the Mapillary Vistas dataset [13],
the Audi Autonomous Driving dataset [54], and BDD100k [55]. The latter is used
in Chapter [3| for evaluation. The authors of [56] have recently published the first
dataset for high-level scene understanding beyond pixel-wise semantic segmentation.

Crucially, few of these datasets contain (semantic) road marking labels. A single
road marking class is included in CamVid [12], Rainy RobotCar 22|, and Mapillary
Vistas [13], but this is not sufficient for understanding the driving directions they
convey. Nevertheless, we use the former two to evaluate the presented road marking
segmentation frameworks in Chapter [f] The Audi Autonomous Driving dataset [54]
coarsely clusters different road marking types such as separators, lane boundaries,
and symbols. Only the ApolloScape dataset [14] and VPGNet [15] include a wide
variety of classes based on their underlying meaning. The differences are visualised
in Figure However, it remains extremely expensive to extend such datasets to

all environments and conditions encountered during real-world deployment.

2.2.2 Physics-Based Simulators

As an alternative to manual labelling, gaming engines are used as virtual en-

vironments to test autonomous driving and collect (labelled) data on a large
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(a) (b) (c)

Figure 2.4: Pixel-wise road marking labels in manually-labelled datasets are available
in three different variants: a single road marking class as in CamVid [12], (a), several
coarse classes (e.g. separators, symbols, and boundaries) as in the Audi Autonomous
Driving dataset , (b), or all classes differentiated by their semantic meaning as in the
ApolloScape dataset , (c).

(b)

Figure 2.5: An example of a bird’s-eye-view training pair in the CARLA simulator. The
camera position is adjusted to retrieve a ground-truth bird’s-eye view (displayed at a 90°
rotation), (b), aligned with the front-facing camera image, (a).

scale. Some examples are SYNTHIA [57], Grand Theft Auto V [58], and AirSim
[59]. They provide the ability to design and collect the desired data but are
expensive to create and maintain. They also often lack the fidelity of the real
world, thereby introducing a domain gap.

We use the CARLA simulator and adjust the camera position to retrieve
a perfect bird’s-eye view aligned with the front-facing camera image, as shown
in Figure [2.5 This dataset is used to evaluate the boosted IPM framework
quantitatively in Chapter [7}

2.2.3 Unlabelled Datasets

Many urban driving datasets lack detailed semantic labels because of the high
production costs. Besides, autonomous vehicles frequently encounter new situations
and environments that do not exist in the labelled datasets. Therefore, there is a

need to design self-supervised frameworks that are able to work with unlabelled data.



22 2.2. Data for Road Scene Understanding

(a) (b)

Figure 2.6: The Oxford RobotCar platform and dataset. We use the data collected
by three sensors attached to the platform (i.e. the front-facing camera, the front-facing
LiDAR, and the rear-mounted pushbroom LiDAR), (a), for road scene understanding.
The dataset consists of multiple traversals of the same route under a wide range of
environmental conditions, (b).

Oxford RobotCar Dataset

The Oxford RobotCar dataset is used as the primary dataset in this thesis.
It consists of more than 100 repetitions of a 10-kilometre route through urban
environments and is captured under a wide range of weather, lighting, and traffic
conditions. The data was collected while manually driving a Nissan LEAF equipped
with an extensive sensor suite. In this thesis, we exclusively use the front-facing
Point Grey Bumblebee XB3 colour stereo camera during deployment. Additionally,
we leverage two SICK LMS-151 2D LIDARs to generate training data offline: one
mounted in push-broom configuration at the back and one vertically attached to
the front. This is shown in Figure [2.0]

We built upon a long legacy of existing research within ORI (formerly MRG)
for LIDAR-camera calibration , visual localisation , visual navigation and
mapping , visual odometry , amongst others.

Automatically Generating Training Pairs

We provide some examples of the two common paradigms employed in this thesis for
generating training pairs automatically: generating a semantic label for a captured

image or synthesizing a photo-realistic image for a predefined semantic label.
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Figure 2.7: Two ways in which image-to-image translation networks can be employed
to generate training pairs automatically. In Chapter [3] we use a cycle-consistency GAN
to change the appearance of an image, (a). In Chapter |§|, we use a conditional GAN
to synthesize photo-realistic images from altered semantic labels, (b).

fake/
real

A semantic label is usually generated automatically for an image by bootstrap-
ping different sensor modalities or incorporating domain knowledge. For instance,
the approximated road marking labels are generated by leveraging LiDARs and
domain knowledge in Chapter . Another example is driveable path planning ,
, which is achieved by projecting the future driven path into the image to
generate a label.

Synthesizing new photo-realistic images for predefined labels is possible in several
ways. Firstly, new viewpoints can be generated from a coloured point cloud, as in ,
or VO can be employed to stitch bird’s-eye-view labels, as in Chapter [7] Secondly,
the appearance of the image can be altered by using domain knowledge to model
conditions such as rain, as in Appendix or fog . However, it is difficult to model
all minor details of appearance changes realistically, and therefore we use a cycle-
consistency network for this purpose in Chapter [3] A third option is to modify the
scene by adjusting the semantic map, as in f and Chapter @, and subsequently
synthesize a new corresponding image with an image-to-image translation network.

The latter two of these options are illustrated schematically in Figure [2.7]
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This chapter extends the general case of semantic segmentation under overcast
conditions towards a wide range of environmental conditions. When the input
condition is substantially different from the condition for which the DNN was trained
(generally overcast), the performance decreases drastically [74]. Parts of the image
might also be occluded (e.g. overexposed, dark, or covered by raindrops), making it
difficult to reason about these regions. Traditionally, separate condition-dependent
DNNs [70], [75] are trained and selected according to the current input condition.
Nevertheless, we demonstrate that this is suboptimal in terms of scalability and
robustness in the reproduced publication in Section [3.1]

Condition-dependent DNNs require pixel-wise labelled data for every respective
condition. Consequently, extending these towards all conditions increases the

required manual labelling effort drastically and does not scale well. We reduce the
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labelling effort significantly by employing state-of-the-art image-to-image translation
techniques to change the condition of the training images. Moreover, a lightweight,
expandable framework of condition-dependent input adapters is implemented to
"strip" the condition of the input image and thereby improve robustness under
appearance changes. By splitting the stripping and output tasks, we learn general
semantic representations across and independent of the input conditions.

Both improvements leverage the fact that the ground-truth semantic segmen-
tation of the scene is independent of the appearance of the image, i.e. the same
scene during the day and night results in an equivalent semantic segmentation —
for static classes and infrastructure. We pair the semantic labels of the reference
condition (i.e. overcast) with images of various conditions by changing only their
appearance using multiple cycle-consistency GANs. This technique significantly
reduces the labelling effort and has now gained more traction [76]. Additionally, the
fact that the semantic segmentation of a scene is invariant to the input condition
acts as the intuition behind the proposed network architecture. We assume that an
appearance-invariant representation exists in which the environmental condition is
"stripped" from the image, which is the optimal input for the pretrained semantic
segmentation network. Lightweight, condition-dependent input adapters are trained
to map the input images of every respective condition towards this representation by
using the pretrained network as a supervisor. We demonstrate that this approach
is superior to training separate condition-dependent DNNs because we explicitly
direct the network to learn a useful mid-level representation.

In summary, this chapter makes the following principal contribution:

o The concept of underlying appearance-invariant representations, which com-
prise all necessary information for decision making and other relevant tasks

in autonomous driving (T-3a).

Additionally, this chapter makes the following supporting contributions in collabora-

tion:
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o A demonstration of an image-to-image translation technique that generates
semantic training data for wide-ranging environmental conditions by changing
the appearance of the image, thereby significantly reducing the required
labelling effort (T-2c).

o A demonstration of a lightweight, expandable framework that explicitly learns
an appearance-invariant representation optimized for semantic segmentation

(T-3a).

3.1 Publication

This section contains a reproduction of the following publication:

[17] H. Porav, T. Bruls, and P. Newman, "Don’t worry about the weather:
Unsupervised condition-dependent domain adaptation’, in Proceedings of the

Intelligent Transportation Systems Conference (ITSC), Oct. 2019, pp. 33-40.



Don’t Worry About the Weather:
Unsupervised Condition-Dependent Domain Adaptation

Horia Porav, Tom Bruls and Paul Newman

Abstract— Modern models that perform system-critical tasks
such as segmentation and localization exhibit good performance
and robustness under ideal conditions (i.e. daytime, overcast)
but performance degrades quickly and often catastrophically
when input conditions change. In this work, we present a
domain adaptation system that uses light-weight input adapters
to pre-processes input images, irrespective of their appearance,
in a way that makes them compatible with off-the-shelf com-
puter vision tasks that are trained only on inputs with ideal
conditions. No fine-tuning is performed on the off-the-shelf
models, and the system is capable of incrementally training
new input adapters in a self-supervised fashion, using the
computer vision tasks as supervisors, when the input domain
differs significantly from previously seen domains. We report
large improvements in semantic segmentation and topological
localization performance on two popular datasets, RobotCar
and BDD.

I. INTRODUCTION

Robust Computer Vision is paramount to the prevalence
of general-purpose robotics, and even more so in fields such
as autonomous transportation, where failures may be catas-
trophic. Modern models that perform system-critical tasks
such as segmentation, detection, localization and classifica-
tion - either traditional heuristics-based or learned - exhibit
good performance and robustness under ideal conditions
(i.e. daytime, overcast) but performance degrades quickly
and often catastrophically when input conditions change. To
have their breakthrough, real-world systems must work under
varying illumination, weather and noise conditions, and in
the long term will need the ability to adapt to new, unseen
domains without explicit supervision.

As a type of domain adaptation technique, domain unifica-
tion is the holy grail of visual perception, theoretically allow-
ing models trained on samples with limited heterogeneity to
perform adequately on scenes that are well out of the distri-
bution of the training data. Domain unification can be applied
within the vast distribution of natural images [1], [2], [3],
between natural and synthetic images (computer-generated,
whether through traditional 3D rendering or more modern
GAN-based techniques) [4], [S] and even between different
sensor modalities [6]. Additionally, domain unification can
be implemented at different stages of a computer vision
pipeline, ranging from direct approaches such as domain
confusion [7], [8], [9], fine-tuning models on target domains
[1] or mixture-of-expert approaches [10], etc.

However, a major limiting factor for all these approaches
is the scarcity of labelled multi-modal data, driven by the
high cost of manual labelling. Most approaches attempt to
solve this shortcoming by using 3D-rendered simulations that

Authors are from the Oxford Robotics Institute, University of Oxford,
UK. {horia, tombruls, pnewman}@ robots.ox.ac.uk

Fig. 1. Our method allows off-the-shelf models to work with new, unseen
domains, without any specific fine-tuning. In this example, we use our
input adapter to allow a segmentation model trained using only daytime
examples to work under night-time conditions. Top-left quadrant is the input
night-time image, top-right quadrant is the output of our input adapter. The
bottom-left quadrant is the output of the segmentation model applied on the
original night-time input image. The bottom-right quadrant is the output of
the segmentation model applied on the output of our adapter. The initial
segmentation result is unusable, while the result obtained by running the
model on the output of our domain adaptation pipeline accurately classifies
roads, pavement, pedestrians, bicycles, vegetation and buildings.

programatically provide ground-truth [11], [12], or by using
unsupervised techniques that adapt models based on auxiliary
or proxy tasks [7], [8], [9], [13], [1].

We propose a hybrid method, where multi-modal data
is generated in an unsupervised fashion with approximated,
high-quality ground truth, followed by supervised training of
domain-adapters, for a battery of computer vision tasks, us-
ing this generated data and approximated ground truth. While
this final step is supervised, the data used for supervision is
itself created in an unsupervised fashion, making the entire
pipeline unsupervised. To do so, we start by generating multi-
modal training data: from a database of image sequences
categorized using the time of day and weather conditions at
their moment of recording, we select a daytime, overcast,
clear reference sequence. We leverage the fact that modern
computer-vision pipelines perform excellent (e.g. > 0.83
mlIOU on the Cityscapes multi-class segmentation validation
set [14]) on inputs with ideal conditions, and thus we run this
reference sequence through a set of off-the-shelf computer
vision tasks and save the outputs as approximated ground
truth - these results are not 100% identical to the real-world
ground truth but they approximate it very well.

Secondly, we apply style transfer to the reference se-
quence in order to produce a set of sequences which are
structurally and geometrically identical to the reference se-



quence but differ in appearance. The applied style is sourced
from many other sequences, each possessing a different
appearance. This step is key to our approach - retaining
the structure and geometry of the reference sequence while
varying appearance means that the approximated ground
truth data is still valid: as an example, the same car but with
varying appearances - once during daytime and once during
nighttime - will still have the same ground truth footprint
in a semantic segmentation map. At the end of these two
steps we will have produced - in an unsupervised fashion - a
set of sequences with varying appearances accompanied by
task-specific ground truth data.

In step three, instead of training condition-dependent,
separate task-specific models (e.g. a segmentation model
for day-time, one for night-time etc.), we train lightweight
condition-specific image adapters that are then used with
vanilla, off-the-shelf task-specific models. The motivation
for this is simple, but important: models that are invariant
to input distributions are notoriously difficult to architect,
parametrize and learn, while multi-model approaches such
as mixture-of-experts do not scale well with the variance
of the input distributions due to memory and runtime con-
straints. We tackle both these problems by training small,
lightweight condition-specific convolutional input adapters,
while a classifier-supervisor chooses the best adapter to
be run, dependent on the distribution of the inputs. This
approach adds minimal overhead to any off-the shelf task,
benefits from parameter-counts that do not depend on the
variances of the input distributions, and lends itself well to
online learning of new conditions. Additionally, in contrast
to the larger, task-specific models, the image adapter models
tend to take up very little storage space and runtime memory
and can be nearly-instantaneously loaded and re-loaded by
the processing pipeline.

The final stage of our approach allows a robot or vehicle to
incrementally adapt to a new, unseen domain: if the condition
of the input images does not match one that the system has
been previously trained on, the unsupervised style transfer
pipeline will select a model that is closest to the current
condition, clone it, and fine-tune this cloned model to be
able to change the style of the reference sequence so that
it matches the style of the current input images. Afterwards,
data generated using this new model will be used to train
- in a supervised fashion - an additional condition-specific
image adapter that will allow upstream computer vision tasks
to perform well on the new input image condition.

We benchmark our approach on two important tasks in
computer vision and robotics: semantic segmentation and
image retrieval/topological localization. This list is obviously
not exhaustive, and the addition of extra supervisory tasks
may lead to further improvements in performance.

Our main contributions include:

e Using cycle-consistency GANs to generate multi-
condition training data with approximated ground truth
for a battery of off-the-shelf computer vision tasks.

o Training input image adaptors by using the off-the-
shelf computer vision models to generate a supervisory
signal.

o Enabling online learning of new, unseen domains by
leveraging the unsupervised data generation pipeline

along with domains on which the data generation mod-
els have already been trained.

o Showing that training multiple lightweight adapter mod-
ules is better than training monolithic computer vision
models that are invariant to input distributions.

Our qualitative and quantitative results are presented in

section V.

II. RELATED WORK
A. Computer Vision Tasks

Semantic Segmentation: Semantic segmentation is a key
task in robotics, and modern approaches exhibit very good
performance when input conditions are favourable. Deep
convolutional models such as Deeplab V3+ [14], SDN [15]
or PSPNet [16] achieve high class-mIOU figures (= 80%) on
benchmarks such as Cityscapes [17], but their performance
breaks down fast when their inputs change due to different
weather conditions, seasons or times of day. For this work,
we chose DeepLab V3+ as the reference model due to
its excellent open-source implementation and availability of
results on a number of popular benchmarks.

Topological Localization: Similarly, widely used topo-
logical localization frameworks such as FABMAP [18],
SeqSlam [19] or NetVLAD [20] achieve high recall and
precision figures on clear, daytime images or when explicitly
matching images with the same condition (e.g. winter-winter
matching), but break down when the conditions of the
locations to be matched differ. For this work, we chose
NetVLAD as the reference topological localizer.

B. Domain Adaptation

Domain Confusion: The most common approaches fall
under the umbrella of domain confusion, making use of a
discriminator that forces features extracted by an encoder to
follow a similar distribution for both a source and a target
domain [7], [8], [9], [13], [21], [22]. The downside of these
approaches is the lack of a direct loss for the target domain,
which limits its upper bound on performance.

Style-Transfer: Other approaches attempt to directly train
computer vision models using synthetic data generated via
style-transfer, or to directly adapt the input data to the target
domain. Notable approaches include those of [4], [5], [23],
[3] and [2]. Generally, these methods seem to have the
most promise of reducing the domain gap between real and
synthetic images, hence our decision to generate training data
using the approach of [24].

In [25], a style-transfer pipeline is trained incrementally
by feeding the segmentation map, obtained at a previous
adaptation step, as an auxiliary input at each incremental
step. The downside is that this type of self-supervised ap-
proach assumes that high values in the softmax layer (using
segmentation as an example) automatically correlate with
higher prediction accuracies, whereas we only approximate
ground truth labels once, on a reference, high-quality input
sequence using models whose accuracies have actually been
validated experimentally.

The closest to our approach is [1], where a semantic
segmentation network is trained first with a day-time hand-
labelled dataset, and then used to predict labels on interme-
diary datasets recorded at incremental types of twilight. The



twilight images and estimated labels are then used to further
fine-tune the segmentation model, which is finally used to
segment night-time images. In contrast, our approach only
computes approximated labels on the reference condition
and uses the rest of the conditions as a guide for style
transfer. However, the approach of [1] could be used as a
drop-in replacement for style transfer in the larger context
of our framework. Similarly, [26] trains segmentation models
with a mixture of source domain images and synthetic images
with the style of an incrementally-shifted target domain. The
main difference between these approaches and our work
is that instead of directly training or fine-tuning computer-
vision tasks, we train lightweight input adapters while using
the performance (loss) on these tasks as a supervisory signal.

Additionally, [27] presents an approach where an encoder-
decoder is trained to transform the appearance of input im-
ages to a reference appearance, but this is only benchmarked
on scenes with small changes in appearance, in the context
of 6-DOF localization.

C. Online Learning

The authors of [28] present an approach to incremen-
tal online domain adaptation, making use of unsupervised
training by employing domain confusion at the level of
encoder features from both target and source domains, while
slowly shifting both domains through a range of incremental
appearance changes (e.g. day to night). In our case, the
unsupervised regimen is moved to the data-creation stage,
with the generated data being used for supervised training
of the input adapters, leading to better training stability
and better performing models. Additionally, the authors
present a method of reducing data storage requirements by
approximating the feature distribution of the source data (or
reference data, in our case) using a generative model, which
could potentially be swapped for the reference sequence in
our approach.

Other approaches include map-management for lifelong
learning [29] and adaptation on a domain manifold [30].
Our incremental learning pipeline follows the spirit of these
works by always choosing to fine-tune a seed model that was
initially trained on data from a domain that is close to the
current target domain.

D. Expert Systems

Finally, systems [31], [10] exist that attempt to achieve
invariance to the input conditions by running multiple sub-
models in parallel and combining their outputs using a
weighting or gating scheme to yield the desired result.
One major issue with this type of approach is that runtime
memory and processing power requirements increase linearly
with the number of expert components used in parallel.
While we also produce a number of input adapters that is
proportional to the number of target domains, our classifier
will choose only one input adapter to be run, per target
domain, leading to a very small computational and memory
footprint at runtime.

III. LEARNING CONDITION-DEPENDENT
REPRESENTATIONS

A. Synthetic Multi-Condition Data

The first step in our approach is data generation. From
the Oxford Robotcar Dataset [32], we select a reference
sequence - one that is daytime, clear, overcast - and a number
of traversals with difficult conditions - night, rain, snow
etc. We use these conditions, along with a cycle-consistency
architecture GAN [24], to train generative models that can
apply style transfer to the reference condition in order to
create a number of synthetic sequences that maintain the
structure and geometry of the reference condition - locations,
shapes and topologies of both static and dynamic objects and
of the overall scene - but exhibit variation in appearance. In
the following paragraphs we offer a succinct introduction to
cycle-consistency GANs and how we use them to generate
new data. The explanations offered here are in no way
exhaustive, and interested readers should refer to the work
of [24] for further details.

Following the work of [24], we employ 2 generators: given
an image [ from domain A (reference) and an image Iy
from domain B (night, rain, snow etc.), we use generator
G A to translate an image style from domain A to domain B
and generator G4 to translate an image style from domain
B back into domain A. An adversarial loss is applied on the
output of each generator: discriminator Dy on the output
of generator Gap, and discriminator Da on the output of
generator Gpa. The adversarial losses are formulated as:

Lg,,, = (Dp(Gas(la)) — 1) (1)
LA, = (Da(Gpa(Ip)) — 1) )

The complete adversarial objective to be minimized L,q4v
is:
Lagv = ‘CBadv + EAadv (3)

We train the discriminators to minimize the following
objective:

LBy, = (Ds(Is) — 1) + (D(Gas(1n)))* 4
Lage. = (Da(In) —1)* 4+ (Da(Ga(Ir))*> (5

The complete discriminator objective to be minimized
Edisc is:
Laisc = ‘CBdisc + [’Adisc (6)

A cycle-consistency loss [24] is applied between the
reconstructed and input images:

Lrec = HIinput - IreconstructedHl (7)

The final generator objective Lgen is:
Egen = )\rec * Erec + )\adv * Eadv (8)

with each A term representing a hyperparameter that
weighs the importance of each individual objective. We want
to find the optimal generators G ap, Gpa that minimize the
complete objective:

GaB,Gpa =

arg min
GaB,GBa,DB,Da

£gen + £disc (9)



Gap

A

real or

fake ?

— real or
—>

i} fake ?

Fig. 2. The overall training architecture of the cycle-consistency GAN used
to generate synthetic training data. We follow the training regimen described
in [24] for each of the N pairings between the reference condition and a
target condition.
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We follow this methodology for N difficult conditions (do-
main B), always paired with the reference condition (domain
A), yielding 2N generators. However, once the generators
have converged, we only use the generators that apply the
style of domains B to images from domain A - Gap - to
generate NV versions of the reference sequence, each bearing
the appearance of a sequence from domain B. Please note
that for brevity we omit the condition-specific subscripts
from the equations above. An overview of the CycleGAN
architecture is shown if Figure 2.

B. Input Adapters

The second step in our approach is to use the data
generated in the previous step to train a bank of adapters that
preprocess the input images such that they follow a distribu-
tion similar to that of the training sets used to train the bank
of tasks. We formulate our input adapters as convolutional
encoder-decoders with 3 down-convolutions, a bottleneck
with N,..s ResNet [33] blocks and 3 transpose-convolutions.
The input to our adaptors is a 3-channel RGB image, while
the output is a 3-channel image compatible with the inputs
of many well-known models (semantic segmentation, object
detection, depth estimation etc). This configuration provides
a light-weight solution that is easy to train using labelled
data, with reduced storage requirements and a small run-time
memory footprint.

For each input adapter Fi (specific to a k** particular
appearance), and each task 7T;,, we formulate the following
loss:

Lr,, = Tn(F(Gap,(14))) — Tin(1a)

where G 4p, is the CycleGAN generator that transforms
images from the reference condition to the k" condition,
and 14 is an input reference image. For each input adapter
Fy specific to condition & out of N conditions, and M tasks,
the final objective to be optimized becomes:

(10)
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Fig. 3. The overall architecture of our input adapters. Under the assumption
that a change in condition should not change the overall structure of the
scene, we make use of skip-connections [34] and a ResNet [33] bottleneck
to facilitate the direct transfer of features from the input side of the network
to the output side.

M
Iy = argmin Z Q * L, (11
Fic m=1

where a,,, is a non-negative weight modulating the impor-
tance of each task 7T5,.

One key takeaway here is that Fj is essentially different
from Gpa, (the domain-specific generator that maps an
image back to the appearance of the reference sequence)
- we are not directly concerned with obtaining images that
possess the appearance of the reference sequence, instead
we want to obtain a processed image that maximizes the
performance on the set of tasks 7;,. This can be observed
in Figure 6, second image from left.

C. Domain Classifier

We employ a domain classifier D to select the most suit-
able input adapter Fj that enables optimal performance on
input images with the k*" condition. The classifier follows a
largely traditional architecture comprised of 4 convolutional
layers and 3 fully connected layers followed by a softmax
layer, outputting an N-length vector. Given an input image
I 4 and a domain label ¢ as an N-length one-hot encoding, we
wish to find the parameters of the classifier D that minimizes
the cross-entropy between the output of the classifier and the

target label ¢:
N

D = argmin — Ztk ~log(D(I4)k)
b k=1

12)

with & used to denote the element in each one-hot encoding.
After training the classifier with N conditions, we addi-
tionally use the output of the penultimate fully-connected
layer as a length-128 condition descriptor, which allows us
to discriminatively identify domains that are outside of the
original NV domains used during training. To do this, we
average the descriptors over a sequence of input images, and
compare to other stored descriptors in the Euclidean space.
A detailed explanation of how this is used is presented in
Subsection III-E.
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Fig. 4. Our classifier follows a traditional architecture, being composed of a
series of down-convolutional layers followed by three fully connected layers.
For on-line identification of new, unseen domains, we interpret the output of
the penultimate fully-connected layer as a discriminative descriptor. Doing
so allows us to identify an arbitrary number of domains, beyond the original
N domains, without re-training the classifier.

D. Parameter Memory

After training each of the N condition-specific input
adapters F}, parameters (weights) are stored in a memory
(database) S. Additionally, the parameters of input adapters
fine-tuned following the approach described in Subsection
III-E are also stored in the same memory. The classifier
described in Subsection III-C is used to select a set of
optimal parameters to be used in the input adapter FJ,. The
memory can be queried in two ways: either by using an
index k between 1 and N (the number of initial conditions)
or by specifying a length-128 query descriptor and retrieving
the set of parameters associated with the descriptor that is
closest in the Euclidean space. To enable online learning of
unseen domains, we additionally save the parameters of the
cycle-consistency GAN generators using the same addressing
scheme.
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—> "-’ET €| Task label | 1}
Fk Tl output ' 1 ' E
'
LY H ' o
H '
L ! N
Domain Parameter Task ' ' :
. '
classifier | - » megmy T —> Oﬁgtt L7y Task label | 11
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Fig. 5. An overview of our train- and test-time pipeline architecture. Given
in input image I 4, the output of the classifier D is used to select a set
of parameters for the input adapter Fj. The input adapter is then used
to transform the input image into a representation that is better suited for
the bank of M tasks Ty,. During training, the performance of the tasks
on the transformed input image is used as a corrective signal through the
set of losses Lr,,, along with a domain classification loss Lp used on
the output of the classifier. At runtime only the components contained
within the blue dotted rectangle are used. During online learning, the
components contained within the red dotted rectangle are used. Solid arrow
lines represent differentiable paths, while dotted arrow lines represent non-
differentiable paths.

E. Online Learning

The pipeline described in the previous subsections can
be extended to incremental, unsupervised, online learning
of new, unseen domains without requiring any significant
modifications to the existing system. We summarize and
outline below the processed used:

o Given a continuous sequence of incoming images, we

store the current frame and 7'—1 past frames in a buffer

of length 7' that gets updated using a First-In-First-Out
scheme

o For each frame in the buffer, we compute a length-128
condition descriptor using the penultimate layer of the
classifier and average all the descriptors, yielding one
single length-128 average descriptor

« If this average descriptor condition differs(in Euclidean
space) by more than a threshold from the descriptors of
any conditions previously trained on (i.e. the parameter
memory S is unable to reliably identify the condition),
the following training pipeline is triggered:

o We select the cycle-consistency GAN models closest
to the current condition(using the condition descriptor),
clone and fine-tune them for the current condition using
the sequence stored in the buffer

e We use the newly trained generators from above to
apply the new style to the reference condition to create
a new training sequence

« We select the input adapter that is closest to the new
condition(again using the descriptor), clone it and train
it using the newly created training sequence from above

o We begin using this new adapter in the pipeline until
the input condition changes significantly again

In the following section we describe our experimental
setup.
IV. EXPERIMENTAL SETUP

A. Creating multiple conditions

From the RobotCar Dataset [32], we choose N = 7
initial conditions: Snow, Dusk, Night, Night(rain), Night(low
exp.), Shadows, Sun(glare) and a reference condition with
a daytime, overcast condition. Additionally, we choose Sun
(with ultrahigh exposure) as a condition not seen during
initial training, to be used for online training.

B. Training

For training the cycle-consistency GAN models, we
closely follow the approach from [24], and the reader is
encouraged to consult the publication for further details. We
train each of the initial N condition pairs for 100 epochs,
and each online fine-tuning stage for 5 epochs. For training
the input adapters, we use the Adam optimizer [35] with a
base learning rate of 0.0005, 51 = 0.9 and 52 = 0.999. We
have found that training an initial adapter on the reference
condition (creating an identity function) and then using the
parameters of this adapter as a ’seed’ for training the initial
N adapters greatly stabilizes and speeds up training. This
provides the hint that most parametrisations for different
condition adapters lie relatively close to each other on the
parameter manifold, partly explaining the relative efficiency
of our approach to incremental domain adaptation. We train
the input adapters for 20 (offline) or 5 (online) epochs or
until performance on the validation split stops increasing,
whichever comes first.

C. The tasks

For our particular experiment, we chose M = 2 tasks:
semantic segmentation and topological localisation, since
they represent two critical components for robotics. For the
semantic segmentation task, we chose to use DeepLab V3+,



as it produces state of the art results on a number of standard
benchmarks [14]. We use a model checkpoint1 trained on
the Cityscapes dataset [17] that achieves 0.83% mIOU on
the Cityscapes test split. For topological localisation, we
chose the de-facto standard approach of computing place
descriptors, NetVLAD [20], and used L2 matching. We use
a model checkpoint2 trained on the Pitts30K dataset [36].

Both of these architectures may be freely swapped with
others as long as they are end-to-end differentiable. We
set A = 1 for semantic segmentation and A = 10 for
topological localisation, as we have noticed that increasing
the importance of the localisation task improves overall
performance without affecting the semantic segmentation
task.

D. Performance

The input adapter performs inference at approximately
20 Hz for RGB inputs with a size of 640 x 480, on an Nvidia
Titan V GPU. The chosen tasks have independent runtime
performances of 3Hz and 20 Hz for semantic segmentation
and topological localisation, respectively.

We benchmark on-line learning by introducing an un-
seen condition (Sun with ultrahigh camera exposure). When
starting from a system trained on N = 7 initial conditions
described above, with the closest condition being Sun with
glare, on-line training for the new domain takes approxi-
mately 30 minutes to first fine-tune the cycle-consistency
GAN generators, followed by approximately 10 minutes to
train the input adapter. This gives a complete cycle of 40
minutes, meaning that we can fine-tune for new domains
approximately 36 times per day. This time should decrease
with the addition of more conditions, as new domains could
then benefit from ’closer’ seeds when performing online
training.

V. RESULTS

For semantic segmentation, we create a testing split from
the RobotCar Dataset [32] reference sequence and gener-
ate testing sequences with different conditions by applying
style-transfer using the cycle-consistency GAN generators
obtained during the training stage of our pipeline. This
process yields sequences with 8 different conditions (the
7 initial conditions and one additional condition for testing
online learning) and a common approximated ground truth.
We again wish to remind the reader that testing is done
on sequences derived from the reference sequence through
style transfer (along with the approximated ground truth) due
to a lack of semantic annotation for the RobotCar Dataset.
To show the increase in segmentation performance on a
dataset with hand-labelled groundtruth, we further test our
system on the validation split of the BDD100K segmentation
dataset [37]. As we train exclusively on data from the
RobotCar Dataset, BDD is a domain that has never been
seen during training of any components of our pipeline, and
better reflects the usefulness of the proposed pipeline. As the
BDD validation sequence does not have enough instances
of each condition to also demonstrate online-learning, we
freeze our system trained on 8 conditions (N = 7 initial

'https://github.com/tensorflow/models/blob/
master/research/deeplab/g3doc/model_zoo.md
2https://github.com/uzh-rpg/netvlad_tf_open

conditions and 1 online-learned condition) and test it on
BDD. For topological localisation, we test on real sequences
(not produced using style-transfer) from the RobotCarDataset
using the provided INS-RTK GPS ground truth, using a
tolerance of 5 meters and reporting Precision-Recall and
Area Under Curve (AUC).

A. Quantitative results

Semantic segmentation performance is significantly im-
proved for RobotCar sequences, as can be seen in Table
III. We compare our method (Indiv. adapters) of selecting
input adapters with 3 other scenarios: a Baseline where the
segmentation model is applied directly on the input image,
one where we fine-tune the DeepLab segmentation model
on all existing conditions (Deeplab-all) and one where we
fine-tune individual DeepLab segmentation models for each
condition, and use the classifier output to select the right
model. The results show that our method consistently and
significantly surpasses all other methods, with an average
improvement of over 20 percentage points over the Baseline
method. Additionally, night-time conditions show impressive
gains in performance, with over 47 percentage points gained
over Baseline for the Night(rain) condition. Table I presents
results for semantic segmentation on the BDD dataset, which
has never been seen during training. We test against the same
3 methods described above and again observe significant
improvements, with over 5 percentage points gained in Mean
Intersection Over Union compared to the Baseline method.

Similarly, topological localization shows a significant
overall improvement, with an average of 10 percentage
points of overall improvement in Area Under Curve (AUC),
and very large improvements for Sun(glare) and Shadows.
Night-time traversals are one exception where the improve-
ments are still positive but smaller, as the task of detecting
discriminative features is arguably harder than performing
segmentation. Table II and Figures 8,7 present the results in
more detail.

The condition classifier has an overall accuracy of 91%.
The classifier confusion matrix is presented in Figure 9.
The confusion of the reference, dusk and snow conditions
does not lead, empirically, to a large drop in upstream task
performance as there is a large degree of similarity between
them.

B. Qualitative results

Additionally, we inspect segmentation results on real se-
quences (not produced using style-transfer) from the Robot-
Car Dataset. While they possess the same range of conditions
as the ones the system was trained on, a ground truth is
not available. We observe improvements in segmentation
across the board, with the most important classes (vehicles,
pedestrians, bicyclists etc) becoming distinguishable in even
the most difficult conditions. An example for night-time is
given in Figure 6.

C. Online learning results

To test our online learning capabilities, we run our system
on a condition never before seen during training, Sun(with
ultrahigh camera exposure). The descriptor extracted from
the penultimate layer of the classifier cannot be accurately
matched to any stored descriptors, so the online training



Fig. 6.

Improvement of semantic segmentation on a real RobotCar night-time input. The first image is the input image, the second image is the output

of the selected adapter, the third image is the result of running the segmentation model on the adapted image, while the last image is the result of running

the segmentation model on the original, raw input image.

process is triggered. In the descriptor feature space, the
closest condition stored is Sun(glare), which is used as
a seed for training the cycle-consistency GAN generators
and a new input adapter. Results for this new condition are
presented in Figures 7, 8 and in the gray shaded columns
in Tables II and III. As with the initial condition, we
observe a large and significant increase in performance for
both topological localisation (over 15 percentage points) and
semantic segmentation (11 percentage points).
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Fig. 7. RobotCar topological localisation Precision-Recall without input

adapters. The AUC values can be found in Table II.
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Fig. 8.  RobotCar topological localisation Precision-Recall with input

adapters. The AUC values can be found in Table II.

Normalized classifier confusion matrix
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Fig. 9. RobotCar Condition Classifier confusion matrix. Our condition
classifier achieves a 91% overall accuracy rate.
TABLE I
BDD SEGMENTATION MEAN INTERSECTION OVER UNION (MIOU)
No adapter | Deeplab-all | Indiv. Deeplabs | Indiv. adapters(ours)
0.4070 0.4100 0.4319 0.4503

VI. CONCLUSIONS

To prevent performance of computer vision tasks from
degrading quickly and often catastrophically when input
conditions change, we have presented a domain adaptation
system that uses light-weight input adapters to pre-processes
input images, irrespective of their appearance, in a way that
makes them compatible with off-the-shelf computer vision
tasks that are trained only on inputs with ideal conditions.
No fine-tuning is performed on the off-the-shelf models, and
the system is capable of incrementally training new input
adapters in a self-supervised fashion, using the computer
vision tasks as supervisors, when the input domain differs
significantly from previously seen domains. We report large
improvements in semantic segmentation and topological lo-
calization performance on two popular datasets, RobotCar
and BDD. This work is presented as a framework, and each
end-to-end differentiable component may be replaced with
a better-performing counterpart, or with one that is better-
suited for the task at hand, if available. Additionally, the
training process may be extended to work with an arbitrary
number of supervisory signals. Finally, our on-line training
regimen benefits from convergence times that decrease as a
function of the number of domains trained on.
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TA

BLE II

ROBOTCAR TOPOLOGICAL LOCALISATION AREA UNDER CURVE (AUC)

Method Shadows | Sun(glare) Snow Dusk Night Night(rain) | Night(low exp.) | Sun(ultrahigh exp.) Mean
No adapters 0.2928 0.3949 0.9263 | 0.9710 | 0.0009 0.0000 0.0719 0.7043 0.4202
With adapters(ours) 0.4965 0.7404 0.9494 | 0.9605 | 0.0374 0.0191 0.0981 0.8593 0.5200
TABLE III
ROBOTCAR SEGMENTATION MEAN INTERSECTION OVER UNION (MIOU)
Method Shadows | Sun(glare) Snow Dusk Night | Night(rain) | Night(low exp.) | Sun(ultrahigh exp.) Mean
Baseline 0.6014 0.4316 0.5677 | 0.6156 | 0.1404 0.0859 0.1850 0.4423 0.3837
Deeplab-all 0.5375 0.4712 0.5055 | 0.5372 | 0.3465 0.3572 0.3593 0.4821 0.4495
Indiv. deeplabs 0.5594 0.4948 0.5303 | 0.5656 | 0.3948 0.4138 0.4184 0.5120 0.4861
Indiv. adapters(ours) 0.6292 0.6419 0.6525 | 0.6327 | 0.5301 0.5627 0.5136 0.5500 0.5891
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3.2 Summary of the Results

The presented publication makes two contributions in the context of this thesis.

Firstly, we prevent a significant decrease in segmentation performance under
adverse weather and lighting conditions. This was achieved by implementing a bank
of condition-dependent input adapters to map the input images to an appearance-
invariant representation optimal for the pretrained segmentation network. The
intuitive reasoning behind this idea is that the ground-truth semantic segmentation
is invariant to appearance changes, and thus there should exist an underlying
shared representation (i.e. the optimisation objective) that is independent of
the input condition. Concretely, we have tested four differently-trained models

against data of adverse conditions:

A baseline model that was trained on a reference (i.e. overcast) dataset.

A model that was trained on a combined dataset containing all conditions.

e Multiple condition-dependent models which were each trained on a dataset
containing only one respective condition. A domain classifier selects the

correct model according to the input condition.

o The presented framework, which includes the domain classifier to select an
adapter for the respective input condition and performs semantic segmentation

on the appearance-invariant representation using the baseline model.

Several observations are made from the results in the publication:

o The segmentation performance is negatively affected when the input condition
does not align with the training condition, as demonstrated by the baseline

model.

o The individually-trained models outperform the combined model, which is

expected since the DNNs can devote their entire capacity to a single condition.
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o The approach presented in the publication outperforms all other cases because

we explicitly direct the network to learn a useful mid-level representation.

Secondly, the framework described above is trained in a self-supervised fashion. We
again leverage the fact that the ground-truth semantic segmentation is invariant
to the input condition and employ a cycle-consistency framework to change the
appearance of the image. It is then possible to pair, for instance, a generated
nighttime image with the ground-truth semantic label of the overcast image.
This significantly reduces the labelling effort for generating training data for
multiple conditions since the typical approach creates labels for every condition

manually [55], [77].

3.3 Conclusion

This chapter extended the general case of semantic segmentation under overcast
conditions towards a wide range of environmental conditions. More specifically,
we have resolved scalability and robustness issues by leveraging the fact that the
ground-truth semantic segmentation is invariant to the input conditions.
However, as mentioned previously in Chapter [I| the output representation is
limited in terms of its direct usefulness for decision making and planning. Firstly, the
pixel-wise semantic segmentation does not naturally allow for high-level reasoning
concerning driving actions. We resolve this issue by presenting a graph-based
framework, which incorporates segmented entities and can be linked directly to the
decision-making process in Chapter [4 Secondly, the resulting segmentation does
not include the semantics of the road markings in the scene, which are crucial for
guiding traffic participants. In Chapter [5|and [6] we obtain these cues under different
conditions in a self-supervised manner. Lastly, the perspective of the front-facing
camera image is inconvenient for many tasks of the autonomous driving pipeline,
including planning. Therefore, we learn an accurate bird’s-eye-view mapping and

show its usefulness with regard to high-level scene understanding in Chapter [7]
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As discussed in Chapter |3 deep semantic segmentation networks offer versatility
in describing a wide variety of scenes, but the pixel-wise output representation is
limited in its direct deployment for navigating through complex urban environments.
This and subsequent chapters present more effective representations for road scene
understanding, which follow the principles outlined in Section [2.1.1], to improve
integration, understanding of conduct, and overview.

In order to facilitate explainable and interpretable decision making in autonomous
driving pipelines, a hierarchical, graph-based representation, called the scene graph,
is demonstrated in Section [4.1] This representation is ideally suited for describing
highly-structured urban environments. The graphs integrate low-level perception
cues, such as segmented road markings obtained by DNNs, and domain knowledge

regarding road construction to describe higher-level concepts such as the road

39
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layout. This enables the framework to offer a balance between an appropriate
abstraction level for decision making and the versatility to represent a multitude
of scenes from different viewpoints.

Several prerequisites are required for generating scene graphs such as (semantic
understanding of) the road markings, accurate IPM, and curb detection [7§]. We
refer to the first two as representations for conduct and representations for overview,
respectively. Obtaining these introduces various challenges, which we discuss in
Section We aim to overcome these challenges in the subsequent chapters.

In summary, this chapter makes the following principal contribution:

o An integration and discussion of the obtained binary road markings into
a higher-level scene understanding framework for inferring the road layout

(T-1b).

Additionally, this chapter makes the following supporting contribution in collabora-

tion:

o A demonstration of a hybrid framework for high-level road scene understanding,
which combines object-centric perception, pixel-wise learning, and prior

domain knowledge into a graph-based description of the road (T-1a).

4.1 Hierarchical Road Scene Understanding

This section presents our publication on a hierarchical understanding of urban
road layouts, which is reproduced in Appendix [A]

The presented approach models the road layout of a scene using a hierarchical
graph containing semantic and spatial constraints, similar to [79]. Road layouts are
inherently constructed hierarchically and can therefore be described in a bottom-up
fashion starting from low-level cues such as lane separators and building up towards
lanes, roads, and ultimately the entire scene.

Figure 4.1) shows an example scene graph. The scene graphs are constructed
from pixel-wise segmentations in the front-facing image. In particular, we include

binary road markings (Figure [4.1{a), obtained in Chapter [5)) and curbs [78], but the
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Figure 4.1: An example of a generated scene graph. The road markings are segmented
in the front-facing image with a DNN, (a), and transformed into a bird’s-eye view, (b).
A hierarchical road layout description, (c), is constructed from the partial segmentations
(road markings in green, curbs in yellow), a probabilistic grammar, and a spatial relational
model. More explanations and details are provided in the reproduced publication in

Appendix @

framework can be extended to include additional low-level cues such as traffic signs
and traffic participants. These segmentations, as well as their front-facing images,
are transformed into a bird’s-eye view (Figure [.1(b)), which makes reasoning
more convenient as this is closer to the vehicle’s action space than the front-facing
perspective [80], [81]. The road layout is reconstructed from these entities in
this view using a learned probabilistic context-free grammar and a learned spatial
relational model. The remaining chapters of this thesis focus on obtaining the
aforementioned prerequisites: (a semantic understanding of) the road markings
and an accurate bird’s-eye view.

The resulting graph-based representation can be employed for cost-based plan-
ning, inferring object classes, or reasoning about missing and occluded parts by

leveraging domain knowledge (e.g. the UK Highway Code). More importantly,
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it allows for explaining the vehicle’s behaviour and decision making, which is

paramount for real-world deployment and adoption [82].

4.2 Prerequisites for Scene Graphs

In this section, we discuss the prerequisites required for building accurate scene
graphs. More specifically, we introduce representations for conduct (i.e. road
markings) and representations for overview (i.e. IPM). We then explain the

challenges that arise when obtaining these representations.

4.2.1 Representations for Conduct

We provide a definition of road markings before discussing the challenges that arise

when performing road marking segmentation and classification.

Road Markings

We define a road marking as a semantic instance that imposes a particular driving
behaviour. These instances are generally formed by a collection of (linear) road
marking segments configured according to specified distances and angles. For
example, multiple adjacent linear segments connected at a defined, constant angle
form a zig-zag marking, as illustrated in Figure £.2|c), to warn drivers of an
upcoming pedestrian crossing.

Other than camera-based methods, LiDAR reflectance is a popular sensor
modality to achieve a semantic understanding of the road markings since they are
highly reflective by design. Such approaches [83], [84] might perform better than
camera-based methods under certain circumstances since they are not affected by
the image perspective and illumination. However, LiDAR is relatively expensive,
and these methods generally do not function online (i.e. aggregate point clouds
over time). They are, therefore, better suited for mapping purposes.

Road markings in images can be represented in various ways, as visualised in

Figure 4.2 We use the following definitions:
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Figure 4.2: Various ways of representing road markings. Road marking detection draws
bounding boxes around letters and symbols with an indication of the type [85], (a). Road
marking segmentation performs a pixel-wise binary segmentation of the road markings in
the scene, (b). Road marking classification retrieves instances of road markings with a
particular semantic meaning, (c).

» Road marking detection is the task of detecting a certain road marking type,
which is generally enclosed by a bounding box [86], [87], similar to object
detection. This works well for letters and symbols but is inconvenient for lane

structures (e.g. double boundaries).

o Road marking segmentation is the task of segmenting the road markings in
an image in a pixel-wise fashion. In contrast to detection, this works well for
all types of road markings. However, the resulting pixel-wise representation
does not directly support high-level reasoning. In this thesis, road marking

segmentation refers to the binary case studied in Chapter [5]

» Road marking classification is the task of classifying semantic instances of
road markings that impose particular road rules. The ideal output of such
a task is road marking instances, as in Section [6.1} which can be integrated
directly into scene understanding frameworks. However, we also refer to road
marking classification for the pixel-wise output of Section [6.2] as the pixels

are classified according to their semantic meaning.

Although the pixel-wise representations obtained by DNNs require additional
post-processing steps to support reasoning about complex driving actions, we
choose this as a starting point because of its versatility. State-of-the-art methods
[88] incorporate higher-level reasoning directly in the DNN while simultaneously

minimising the DNN size.
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(b)

Figure 4.3: The road markings are classified semantically and displayed in different
colours, (b), for a complex urban intersection, (a). We ideally retrieve this mapping
directly from the image and include the result in the scene graph to guide planning and
decision making.

Targeted literature studies are provided in the reproduced publications in

Chapter [5] and [0}
Challenges

The scene graphs in the publication are constructed from binary road marking
segmentations, but these provide limited information in real-world scenarios. Al-
though they allow for understanding the lane structures, they do not capture the
underlying semantic meaning. These semantics are crucial as they dictate the
road rules for safe driving behaviour, and thus we strive to extend the current
framework by incorporating them.

We would ideally distinguish and retrieve the semantic classes of the road mark-
ings directly from the image, as shown in Figure 1.3 However, this is complicated
because the appearance of the road markings in the image is affected by the image
perspective, occlusions, and weather and lighting conditions. Consequently, heuristic
approaches for road marking classification do not perform satisfactorily.

DNNSs recently resolved some of these limitations and set a new state-of-the-art
at the cost of requiring vast quantities of expensive pixel-wise labelled data. We
circumvent this limitation throughout several chapters of this thesis by introducing
self-supervised frameworks. We would ideally generate training pairs automatically
for learning the mapping shown in Figure directly, but this only became possible
recently through progress in computer vision. Such an approach is presented in

Chapter [6] Therefore, a binary mapping was learned first in a self-supervised way
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Figure 4.4: The IPM transformation adjusts the camera position from the front-facing
perspective towards a top-down perspective [89).

in Chapter [5| by leveraging additional sensor modalities and domain knowledge.
This mapping was later extended to full road marking classification in Chapter [6] by

incorporating additional domain knowledge regarding road marking construction.

4.2.2 Representations for Overview

We conceptually introduce IPM before discussing the limitations it introduces for

generating accurate scene graphs.

Inverse Perspective Mapping (IPM)

The perspective of the front-facing camera distorts distances and depth significantly.
In order to address this, many tasks in the autonomous driving pipeline are commonly
performed in a bird’s-eye view. This view is more closely related to the vehicle’s
action space and provides convenient integration of various sensor modalities such
as images and LiDAR point clouds.

A homography matrix, which defines the relationship between the pixels in the
front-facing camera and the bird’s-eye view, is traditionally computed by assuming
that the road surface is planar [90]. This matrix can either be estimated from
point correspondences in the images or from the camera and vehicle calibration.
Conceptually, the transformation moves the camera position from the front-facing
perspective towards a top-down perspective, as shown in Figure @

A more extensive literature study of various improvements for IPM is provided

in the publication in Chapter [7]
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Figure 4.5: Scenarios in which the quality of the generated scene graph is negatively
affected. Road markings cannot be detected in overexposed areas of the road surface,
consequently we cannot reason about these parts of the scene. For example, road markings
can become difficult to distinguish, leading to the failed detection of the right bicycle lane,
(a). Furthermore, the shape and form of objects farther away such as the zig-zag markings
become distorted by the IPM transformation, and thus they might not be segmented
properly, (b). The blue, opaque boxes indicate missing parts of the scene graphs due to
these issues. We resolve these scenarios in the publication in Section @

Challenges

Several factors, of which we will discuss two here in more detail, potentially limit
the quality of the generated scene graph in this view.

Firstly, since the scene graph is reconstructed from segmented entities in images
only, occluded regions of the road surface (either by objects or weather and lighting
conditions) can lead to missing information or misinterpretation. An example of this
is given in Figure [4.5|a), where the road markings are undetectable in overexposed

regions of the image. Secondly, IPM only works well in practice in the immediate
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proximity of the vehicle (assuming the road surface is planar) as objects in the
distance are deformed unnaturally by this mapping [91]. This is demonstrated
in Figure (b), where the shape of the zig-zag markings is deformed to such
an extent that they have become (1) hard to segment and (2) do not accurately
represent the real world. Both cases limit the distance at which we can reliably
generate the scene graph. This gives an autonomous vehicle less time to alter its
behaviour accordingly, which is critical for safety.

Small inaccuracies in this mapping can thus lead to significant qualitative
differences in the semantic interpretation of scenes. These qualitative differences
can manifest themselves in many ways, including missing lanes and late detection
of stop lines (or other critical road markings). We present a learned IPM, called

boosted IPM, to overcome these limitations in Chapter [7}
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An accurate understanding of the road markings in a traffic scene is critical
for autonomous vehicle operation. Their underlying meaning provides rules and
guidance to all traffic participants and warns them of potentially dangerous sit-
uations. Hence, the road markings, together with other relevant objects such as
curbs and traffic signs, serve as low-level cues in frameworks that aim to achieve

high-level scene understanding in a bottom-up fashion, as demonstrated in Chapter

49
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Figure 5.1: Road marking segmentation and an approximated training label for an
urban road scene. We define road marking segmentation as a binary segmentation of
the road markings, (b), in the scene, (a). Our aim is to generate an approximated road
marking label, (c), which is not necessarily equal to the ground truth but sufficient for
training DNNs in a self-supervised way. The visualized label fails to include the separator
on the right, for example.

[l However, the pixel-wise representation obtained in Chapter [3|lacks the level of
detail required for a semantic understanding of these crucial elements. In the next
chapter, we present an efficient and scalable framework for state-of-the-art road
marking classification to achieve this kind of reasoning and understanding at large
scales, building upon the binary segmentation presented in this chapter.

As mentioned previously, we restrict ourselves during deployment to the use
of front-facing camera images due to the low cost yet information richness of this
sensor modality and the availability of well-established image processing techniques.
We define the problem of road marking segmentation as a binary segmentation of
the pixels in an input image that belong to road markings painted on the road
surface (Figure ) We specifically solve the binary segmentation problem first
because this opens up the possibility of self-supervised learning. Classification is
then achieved by a subsequent model-driven optimization step, which leverages
additional domain knowledge regarding road marking construction, in Section |6.1
In Section [6.2] we present an alternative data-driven approach that directly classifies
the road markings in the image semantically by using image-to-image translation
techniques that have only been published recently (i.e. after the publication of
the work presented in this chapter).

Road marking segmentation is a challenging problem for several reasons. Firstly,
the aim is to detect the entire collection of painted markings on the road surface, not
just the separators which mark the different lanes. These come in various shapes and

types (e.g. arrows, letters, and symbols), can be country-specific, and degrade over
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(d)

Figure 5.2: Road marking segmentation is challenging for several reasons such as
occlusions, (a), degradation, (b), overexposure, (c), or combinations of these, (d).
Heuristic methods most likely fail under these circumstances. DNNs might resolve
these limitations when adequate training data is available and by using the global scene
context.

time. Secondly, visual limitations such as occlusions, varying lighting, and changing
weather conditions are common. Some examples of challenging scenarios are given
in Figure 5.2l Early approaches have proposed hand-crafted features for road
marking segmentation [92]. However, these often lead to unsatisfactory performance
during real-world deployment due to their heuristic nature in combination with
the aforementioned challenges.

In order to solve some of these limitations, road marking segmentation has
recently been posed as a semantic segmentation problem , , in which state-
of-the-art DNNs are trained to provide pixel-wise outputs. Their advantage is
twofold. Firstly, they are specifically designed to leverage the global scene context
to improve the segmentation. For instance, a row of parked cars is usually enclosed
by road markings indicating the parking areas. Secondly, they are robust to
spatial deformations, degradation, and partial occlusion when adequate training
data is available.

Nevertheless, vast quantities of training samples are required to achieve high

performance and proper generalization. Most urban driving datasets such as the



52 5. Representations for Conduct I: Road Marking Segmentation

KITTTI [50] dataset, Cityscapes [53], and the Oxford RobotCar dataset [61] do not
provide ground-truth labels for small classes such as road markings. The reason for
this is that manually labelling these classes is extremely labour intensive due to the
required pixel-level detail and the challenges of dealing with the aforementioned
visual issues. The first large-scale dataset containing pixel-wise semantic labels for
road markings [14] was only released after the publication of our work. Despite this,
it remains practically infeasible to expand such datasets manually to encompass
all of the environments and conditions that could be encountered by vehicles
in the real world.

In order to reduce the labelling effort, we have published a method for generating
approximated road marking labels, which are referred to as annotations in the
reproduced publication (Section , automatically by leveraging complementary
sensors and domain knowledge. These approximated labels are not necessarily
equivalent to the ground-truth labels, as illustrated in Figure [5.1], but are sufficient
for training a DNN in a self-supervised way. We argue that pixel-valued intensity-
based road marking segmentation approaches are not sufficient for this purpose as
they are likely to fail (e.g in the case of overexposure). We, therefore, use LIDAR
as a complementary modality, which has two important benefits: (1) LiDAR is an
active sensor and therefore not affected by external illumination, and (2) LiDAR
measures reflectance and is thus able to exploit the fact that road markings are
highly reflective [83], [84], [93]. We expand upon the material presented in the
publication with regard to the generation of the approximated labels in Section [5.2}

The publication further demonstrates that the approximated labels are useful
in multiple ways when training DNNs for road marking segmentation. Firstly, the
segmentation quality can exceed the quality of the label towards segmenting the
full ground truth if proper regularization techniques are employed. Secondly, the
approximated labels can boost performance in other domains where only a limited
number of ground-truth labels (and no LiDAR data) are available, either through
pretraining or by adding them directly to the training dataset. Crucially, the trained

networks only require input from a monocular camera during deployment and run
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online. We expand upon the material presented in the publication with regard
to the road marking segmentation in Section [5.3]

Although the publication in Section demonstrates the ability of the system
to work under various environmental conditions, it does not consider contamination
of the camera lens (e.g. raindrops). This significantly distorts the view and conse-
quently deteriorates the road marking segmentation performance more drastically.
A solution is demonstrated in Section (and Appendix which preprocesses
the image (i.e. de-rains it) so that the input to the segmentation network is almost
equivalent to an overcast image [22]. This restores the segmentation performance.

In summary, this chapter makes the following principal contributions:

o A method for generating approximated road marking labels which are sufficient
for training DNNs in a self-supervised way by leveraging complementary sensor
modalities and domain knowledge, thereby avoiding expensive manual labelling

(T-2a and T-2b).

o A framework for online road marking segmentation in complex urban environ-
ments using a monocular camera that does not rely on preprocessing steps,

predefined models, or manually labelled data (T-1b).

o An evaluation and ablation study of the domain knowledge captured by the
approximated road marking labels when transferring it to domains where only

a few manual labels are available (T-1b and T-2a).

e An evaluation of road marking segmentation in rainy conditions with lens

distortions (T-1b).

Additionally, this chapter makes the following supporting contribution in collabora-

tion:

o A demonstration of an image de-raining approach to counteract lens distortions

and thereby restore the road marking segmentation (T-3b).



4 5.1. Publication

5.1 Publication

This section contains a reproduction of the following publication:

[18] T. Bruls, W. Maddern, A. A. Morye, and P. Newman, "Mark yourself:
Road marking segmentation via weakly-supervised annotations from multi-

modal data', in Proceedings of the International Conference on Robotics and

Automation (ICRA), May 2018, pp. 18637187(11-].

lvideo accompanying the publication with extensive explanations and results: https://www.

youtube.com/watch?v=2vR00jDYgTI
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Mark Yourself: Road Marking Segmentation via Weakly-Supervised
Annotations from Multimodal Data

Tom Bruls, Will Maddern, Akshay A. Morye, and Paul Newman

Abstract— This paper presents a weakly-supervised learning
system for real-time road marking detection using images
of complex urban environments obtained from a monocular
camera. We avoid expensive manual labelling by exploiting
additional sensor modalities to generate large quantities of
annotated images in a weakly-supervised way, which are then
used to train a deep semantic segmentation network. At run
time, the road markings in the scene are detected in real time
in a variety of traffic situations and under different lighting
and weather conditions without relying on any preprocessing
steps or predefined models. We achieve reliable qualitative
performance on the Oxford RobotCar dataset, and demonstrate
quantitatively on the CamVid dataset that exploiting these
annotations significantly reduces the required labelling effort
and improves performance.

I. INTRODUCTION

Autonomous vehicles need to understand their workspace
for informed decision making and safe navigation in complex
urban settings. In contrast to recently developed end-to-end
approaches for autonomous driving [1], mediated approaches
detect important objects in the scene separately to build a
combined, real-time model of the environment that can be
employed for navigation and operational purposes. In urban
environments, the collection of all painted road markings
(e.g. Fig. 1) is critical in such models: their underlying
meaning provides rules and guidance to all traffic participants
and warns them of potentially dangerous situations. This
paper presents a first step towards interpretation of these road
rules by presenting a framework for road marking detection
in a variety of traffic, lighting, and weather conditions.

In the domain of autonomous vehicles, highly detailed
mapping services such as Google Maps, HERE Maps,
OpenStreetMap, etc., include road graphs that can support
scene understanding. However, relying solely on these can
cause problems whenever the traffic situation is updated,
or when unmapped places are visited. Even in a future of
connected cars, real-time detection and interpretation of road
markings will remain an important cue for high-level scene
understanding and thereby aid planning, localization [2], and
mapping [3].

In this paper, we detect not only separators that mark the
different lanes, but the collection of all painted markings on
the road surface that dictate the traffic rules for that particular
urban setting. Detecting and interpreting these is a more
complex problem than lane detection. In general, proposed
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Fig. 1. Road marking detection using weakly-supervised annotations. A
LiDAR point cloud of reflectance values is combined with a monocular
image to generate road marking annotations in a weakly-supervised way
using a conditional random field approach (Section III). A deep semantic
segmentation network is then trained using these annotations and the cor-
responding images (Section IV). During deployment the network performs
road marking detection in real time without any additional processing steps
using only a monocular camera (Section V).

solutions in that area do not extend easily to the detection
of a bigger variety of road markings.

Road marking detection is a challenging problem for
several reasons. Firstly, a proposed method has to cope
with occlusions, varying lighting, and changing weather
conditions. Secondly, road markings are often degraded and
vary in sorts and shapes between countries. Lastly, there are
no large datasets available that contain accurate ground-truth
labels for road markings. Most datasets for urban scenarios
such as KITTTI [4], Cityscapes [5], and the Oxford RobotCar
dataset [6] do not provide the level of detail that is required
for segmenting such small classes.

Road marking detection in images can be posed as a
semantic segmentation problem. State-of-the-art methods for
these tasks implement deep networks, which are able to
learn specific scene context and thereby cope with the
challenges stated above, as long as sufficient training data



is available. Although some networks have been trained for
road marking recognition [7], [8], their applicability remains
limited because of the current lack of ground-truth labels.

Manual generation of these ground-truth labels for se-
mantic segmentation tasks is extremely labour expensive,
because of the required pixel-level detail in combination
with the aforementioned visual issues. Therefore, we present
a method for creating annotations in a weakly-supervised
way, by leveraging complementary sensors mounted on the
vehicle. We utilize these annotations to train a deep se-
mantic segmentation network (inspired by U-Net [9]) for
road marking detection using only a monocular camera. The
annotations do not necessarily capture all the road markings
in the image perfectly, but are sufficient for training purposes
as explained in Section III-C.

We present qualitative results of our approach in a variety
of traffic, lighting, and weather conditions on the RobotCar
dataset. Furthermore, we show quantitatively that exploiting
the weakly-supervised RobotCar annotations significantly
reduces the required labelling effort and improves detection
performance on the CamVid dataset [10].

We make the following contributions in this paper:

o We present a method for creating road marking annota-
tions in a weakly-supervised way by using complemen-
tary sensor modalities. These are used for training a
deep semantic segmentation network, thereby avoiding
expensive manual labelling.

o We introduce a real-time framework for road marking
detection in complex urban settings using a monocular
camera without relying on any preprocessing steps or
predefined models. This method performs reliably in a
wide variety of traffic, lighting, and weather conditions.

The combination of these contributions (see Fig. 1) provides
a first step towards road marking classification in datasets
without ground-truth labels to support high-level scene un-
derstanding, mapping, and planning.

II. RELATED WORK

Our work on road marking segmentation based on weakly-
supervised learning from multimodal data is mainly related
to work in the area of road marking detection — which we
discuss first. We further discuss related work in the areas of
lane detection, semantic segmentation, and automatic label
generation.

1) Road Marking Detection: Work on road marking de-
tection can generally be distinguished by the used sensor
modalities (e.g. camera or LiDAR) and whether learning
algorithms are applied (unsupervised or supervised).

Unsupervised camera-based road marking detection sys-
tems often follow a four stage pipeline: preprocessing, filter-
ing/binarization, feature extraction, and (rule-based) classifi-
cation. An early evaluation of several techniques is given
in [11]. While effective in moderate environments, these
approaches fail in the presence of extreme lighting condi-
tions and shadows. Other disadvantages include hand-crafted
features used for template matching [12] and shape-based

classification, which both perform badly in the presence of
occlusions.

Supervised approaches often use a similar pipeline with
the exception that the last step is replaced by a supervised
classification algorithm. Popular classifiers include random
forests [13], SVMs [14], shallow neural nets [15], and
OCR for text recognition [16]. Computed features include
HOG and Hu spatial moments, which are rotation and
scale invariant and thus perform better under challenging
conditions and occlusions. Other approaches [17], [18], do
not classify detected road markings independently, but take
the spatial configuration of the entire scene into account. This
is preferable because road markings are often found in the
same spatial configuration.

More recently, deep networks have been successfully in-
troduced for road marking recognition [7], [19] or purely for
classification [8]. However, these approaches either imple-
ment additional preprocessing algorithms or require detected
road markings as an input, because of the current lack
of ground-truth road marking labels in large-scale urban
datasets. We resolve this issue by creating annotations in
a weakly-supervised way.

Lately, the use of LiDAR reflectance values has become
more popular as an indication for road markings, since
they are not affected by varying lighting. Most solutions
generate an interpolated 2D reflectance image [20], so that
well-known image processing techniques can be applied. In
contrast, the latest approaches work directly on the point
cloud [21]. However, because LiDARs are still relatively
expensive, these approaches are mainly applied for mapping
purposes and not for real-time road marking detection.
Therefore, we make use of LiDAR sensors only during the
offline annotation creation, and rely solely on a monocular
camera during deployment.

2) Lane Detection: Most lane detection systems consist of
detection, model fitting, and tracking stages, as summarized
in [22]. More recently, deep networks [23], [24] have been
proposed, because they perform better under challenging
conditions. However, the extracted information does not
extend beyond detecting driving lanes.

3) Semantic Segmentation: Semantic segmentation solves
a structured pixel-wise labelling problem over meaningful
objects in the scene. In early research, maximum-a-posteriori
inference in a conditional random field (CRF) [25] was used
to compute the labelling layout. More recently, researchers
started exploiting deep networks for modelling and extracting
these latent feature hierarchies with Fully Convolutional
Networks (FCNs) [26]. To improve the output resolution,
which suffers from the down- and upsampling in the encoder
and decoder path, several solutions have been proposed such
as skip connections [9], dilated convolutions [27], and end-
to-end integration of a CRF [28].

4) Automatic Label Generation: To fully exploit scene
context, the aforementioned networks require large-scale
semantic datasets [5]. To reduce the labeling effort for such
datasets, several automatic annotation solutions have been
proposed. In [29] a single 3D scene annotation is projected



Fig. 2. The vehicle’s reference frame R is located at the middle of the
rear axle. The approximate sensor locations are shown for the monocular
camera C, pushbroom LiDAR L, and object detection LiDAR L.

into multiple 2D images. The methods proposed in [30], [31]
create weakly-supervised annotations for training networks
for applications which require less detail and are sometimes
supported by a small, manually annotated dataset as in
[32]. In this work we automatically create road marking
annotations from multimodal data.

III. WEAKLY-SUPERVISED ANNOTATIONS FROM
MULTIMODAL DATA

We present a method for creating road marking annota-
tions in a weakly-supervised way by leveraging complemen-
tary sensor modalities. After the network is trained using
these annotations, it requires only a monocular camera at
run time. The annotations are computed offline and thus do
not require real-time generation.

We exploit the property that road markings are highly re-
flective and must lie on the road surface. We utilize a LiDAR
to capture a point cloud of the environment, with a range
and reflectance value associated with each point. The latter
is not prone to varying lighting conditions, and thus provides
benefits over using (only) camera images. The road surface
is extracted from the point cloud using a surface normal
region-growing approach and projected into the image to
decrease the search area for road markings. A dense CRF
is then employed to identify the road marking image pixels
by corresponding them with the high-reflectance laser points.

A. Extracting the Road Surface

As road markings only occur on the road itself, coarse
segmentation of the road surface can decrease the search
domain. This speeds up the algorithm and makes it less prone
to false detections (i.e. high-reflectance objects such as white
vehicles).

A training route is segmented in 25 m chunks of laser and
image data. The normal of every laser point is calculated
using a local neighborhood (empirical evaluation showed that
a radius of 0.35m achieved good results). From these, the
surface normal for the selected point is calculated using prin-
cipal component analysis (PCA). We employ a per scan-line
based region-growing approach (we build our point clouds
with a LIDAR mounted in push broom configuration, see Fig.
2) starting at the position of the vehicle and going outwards.
The boundary of the road surface is found whenever the
surface normal is not parallel to the z-axis of the vehicle
anymore. The road surface point cloud is then projected into
the camera image using the extrinsic transform Gep, to
extract the pixels belonging to the road.

Fig. 3.
normal region-growing approach and object detection mask. Highly accurate
results are not necessary as this step is only used to restrict the search domain
for later steps.

Four examples of extracted road surfaces generated by the surface

Since LiDAR L, is mounted in a push broom configu-
ration (see Fig. 2), at any given time, the fields-of-view of
LiDAR L, and camera C do not overlap. Sensor covisibility
is simulated by integrating vehicle egomotion estimates.
Thus, and since urban scenes are dynamic, the extracted
road surface points can project onto dynamic objects such as
cars, cyclists, etc. in the image. Hence, we use an additional
horizontal LiDAR L, on the front of the vehicle to capture
static and dynamic objects in the scene, and implement the
stixels”-inspired approach of [30] to remove objects from
the extracted road region. In Fig. 3 four examples of extracted
road surfaces are shown.

B. Classifying the Road Marking Pixels

After the road surface image pixels are extracted, each
pixel should be classified as either road marking or non-
road marking. This is a difficult classification problem, since
the non-road marking class has a diverse color and texture
domain. We use a CRF to associate image pixels with the
high-reflectance points of the sparse laser point cloud, be-
cause this is a state-of-the-art method for contextual coherent
image segmentation in the presence of prior knowledge (i.e.
reflectance values).

A CRF models pixel labels as random variables in an
undirected graphical model given some observations (i.e.
the image). The labelling task is then posed as an energy
minimization problem. The framework of [25] is utilized,
in which each pixel is represented by a vertex of the graph,
and all vertices are connected to each other by Gaussian edge
potentials. These pairwise potentials take into account long-
range interactions between pixels. At the same time, they
ensure that the mean field approximation of the CRF can be
computed in a highly efficient manner, so that optimization
over a dense pixel-wise model can be performed within
seconds.

Let X; € X be the random variable, which represents
the label assigned to pixel ¢ = {1,..., N}, where N is the
number of pixels. Each pixel takes a value in the label space
L = {l,,1,}, where [, denotes the class road marking and
l,, denotes the class non-road marking. Let G = {V, £} be
the undirected graph, whose vertices X; are contained in V
and whose edges are contained in £. Given the graph, the
combination of the observed image pixels I and the label



configuration X can be modelled as a CRF characterized by
the Gibbs distribution
1
p(X =x|I) = 7 exp (—FE (x|I)), (1
where Z(I) is the normalization constant and F (x|I) is the
Gibbs energy function defined as

EXD) =) ®c(x[T). ©)
ceCg

In (2), Cg denotes the set of cliques associated with
G, in which each clique ¢ induces a potential ®.. The
most probable label assignment given the observed im-
age data is thus found by minimizing the energy: x* =
arg maxyc~ p(X = x|I). Omitting the conditioning on I
for notational convenience, we use the energy function

Ex)=> tilz)+ > ijlas, ), 3)
i€V (i,5)€E

where t;(z;) : £ — R are the unary potentials that denote
the cost of pixel ¢ taking label z;, and v;;(z;, z;) : LXL —
R are the pairwise potentials that denote the cost of assigning
the labels x; and x; to pixel ¢ and j simultaneously. The
unary potential can thus be seen as an independent, discrim-
inative pixel classifier, whereas the pairwise potentials are
smoothing terms that encourage similar labels for pixels with
similar features.

1) Unary Potentials: ldeally, the measured reflectance
value provides a good feature for pixel-wise road mark-
ing classification, because we have ensured that the search
domain only contains the road surface. Unfortunately, this
simple classifier will not give satisfactory results for two
reasons.

Firstly, the measured reflectance value is a function of
the material, the viewing angle, and the distance of the
object. We perform a two-step procedure on a per-beam basis
to make the reflectance values of a scene comparable: 1)
subtract the per-beam median reflectance value, calculated
over the entire dataset, from that beam (since in most cases
it will not hit a road marking), 2) normalize the values of that
beam by dividing them by the per-beam variance calculated
over the entire dataset.

Secondly, a point cloud is significantly sparser than an
image. In order to compute a unary potential for every vertex
(i.e. pixel), the reflectance values of the point cloud are
interpolated linearly. This results in a smooth synthetic laser
image (see Fig. 4), which cannot be used for creating pixel-
accurate unary potentials. Under the assumption that there
exists a correlation between the reflectance and brightness
of road marking pixels, a simple solution is to multiply the
grayscale pixel intensities g; with the reflectance values of
the synthetic image r;

Vi(wi) = gi - (). “)

In this way, color and reflectance form a joint, discriminative
feature for road marking pixels given the road surface, so
that only bright and highly reflective pixels are assigned an
increased potential.

Fig. 4. Generating the unary potentials for the CRF. Interpolating the laser
reflectance values results in a smooth synthetic image (left) not sufficient
for the task. The potentials can be improved by multiplying them with the
grayscale intensities of the original image (right).

2) Pairwise Potentials: In order to ensure efficient opti-
mization as in [25], define the Gaussian edge potentials as

M
Vij (@i, x5) = plzi, ) Z km (£5,£;) = p(zs, 25) K (£, £5),

m=1

&)
where each k,, is a Gaussian kernel which takes a feature
vector f from the respective pixel. We take the compatibility
function p(z;, z;) = [x; # x;]. In contrast to [25], we do not
weigh the Gaussian kernels, because learning these weights
requires ground-truth labels. However, the same two-kernel
potentials are used where the feature vectors f include the
pixel RGB values I at the pixel position p

lps —ps > N1 — LI
K(f;,f;) =exp | — —_ — : + (6)
! < 20, 205
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The first exponential function forces nearby pixels with
similar features to have the same label, while the second
smoothens the results by removing small, isolated regions.
The 6 parameters control the amount of influence between
pixel ¢ and j; increasing 6 will increase long-range interac-
tions. We empirically choose 6, =43, 03 =9, and 0, = 3.
This choice was inspired by [29].

C. Annotation Results

Qualitative evaluation of the created annotations demon-
strates that high-quality results are achieved, as illustrated
in Fig. 5. The current approach does not classify all the
road marking pixels in every image perfectly. This happens
due to the fact that the method is unsupervised and the
dataset contains images with varying lighting conditions and
reflectance range. Learning weights for the kernels to adjust
to specific images is challenging due to the lack of ground-
truth labels. The results might be improved if weights are
learned from a relatively small set of manually labelled
images.

However, as shown later in Section V, the generated an-
notations are sufficient for detecting road markings in urban
settings under varying conditions. The most likely reason
for this is that several regularization techniques incorporated
in the network such as dropout and batch normalization
prevent overfitting to the imperfect annotations. The best
generalized binary segmentation that the network is able to
achieve, groups the road marking pixels in one class, since



Fig. 5.
Although not all road markings are captured perfectly, these results are suf-
ficient for training. In the case of over-exposure (bottom right), annotations
are conservatively estimated.

High-quality annotation results achieved by the CRF approach.

their appearance is very similar to the correctly labelled road
marking pixels.

Note that, although the CRF approach achieves good
results, it is not suited for real-time applications with the
current inference algorithm, because processing of a single
high-resolution image takes several seconds. Furthermore,
we do not claim that the feature and parameter choices are
optimal (see Section III-D), but they generate annotations
that are sufficient for training the network, which is the end
goal.

D. Alternative Features for the CRF Potentials

We have experimented with different features for the unary
and pairwise potentials in order to improve the annotations.
Below we briefly share our findings. However, a more
extensive analysis is necessary to determine the best overall
feature type for this specific application.

For the unary potentials, we found that the Nguyen feature
[33] tends to work well in certain settings as a substitute
for the grayscale intensities. This is likely because the
Nguyen feature emphasizes elongated structures such as lane
markings, and is thus less prone to regions of over-exposure.

Intuitively, the RGB values in the pairwise potentials do
not seem to be the best feature to discriminate the road
surface from road markings, especially not in over-exposed
images. Therefore, we have experimented by adding the
interpolated reflectance value for every pixel to the feature
vector. However, this gave unsatisfactory smoothed results,
even when the respective 6 value was decreased. Further-
more, we have experimented with different color spaces such
as CIELUV and HSYV, but empirically achieved the best
results across the entire dataset using the RGB values.

IV. DEEP SEMANTIC SEGMENTATION NETWORK

Deep neural networks are the state-of-the-art solution for
semantic segmentation. We argue that these methods (with
adequate training data) will also improve road marking
detection and classification, since they are able to leverage
the global scene context and are robust to spatial defor-
mations, degradation, and partial occlusion. Besides that,
classification is not limited to shapes, but the difference in
underlying meaning of similarly shaped road markings (e.g.
lane separators and separators that mark a parking spot) can
be retrieved based on their place and context in the scene.

A. Network Architecture

We train a U-Net inspired architecture shown in Fig. 6.
Like most deep semantic segmentation networks, it consists
of an encoding and a decoding path, and a way to provide
fine-grained input information to the decoder.

The size of the image is repeatedly reduced by a factor
of 2 in the encoder path to increase the receptive field
of the filters. Consequently, they become invariant to tiny
deformations of the road markings and are able to take
contextual information and long-range interactions into ac-
count. The decoding path is identical to the encoding path
except that the feature maps are now repeatedly upsampled to
generate an output image of the same resolution as the input.
The upsampling is performed with trainable filters. Skip
connections concatenate high-resolution features from the
encoding path to the decoding path, so that fast convergence
is ensured and a fine-grained segmentation output can be
achieved. We modified the original U-Net to include batch
normalization after every convolutional filter, and added
zero-padding to the sides so that the output resolution is
equivalent to the input resolution.

The output of the network is computed by a pixel-wise
softmax over the final feature maps

exp(a;r)

M b
Zm:l exp(a’b}m)
where a; j denotes the activation in feature map % at pixel
i, and M is the number of classes. Then, pixel 7 is assigned
a label by l; = argmaxy p; . Since the number of road
marking pixels is much lower than non-road marking pixels,
a weighted cross entropy loss is implemented to cope with
the class imbalance

Pik = )

N
E=-=> w,log(pis,), ®)
=1

where [, is the ground-truth class for that pixel and w;, is the
weight associated with the ground-truth class of that pixel.

Weights for the two classes are calculated by median
frequency balancing w,,, = f / fm [34], where f,, is the total
number of pixels of class m divided by the total number
of pixels in images where class m is present. The scalar f
denotes the median of f,,.

B. Network Training

The parameters that were used during training against the
created RobotCar annotations are shown in Table I. We use
dropout as a supplementary regularization tool besides batch
normalization to prevent overfitting. Training is done from
scratch with weight initialization as described in [35].

For the quantitative results, we split up the CamVid dataset
into 490 train, 105 validation, and 105 test frames. We select
the epoch for testing in which the accuracy is highest among
the evaluations on the validation set.

At run time, the TensorFlow implementation of our net-
work in Python performs inference on an input image in
16 ms (=62.5 Hz) using an NVIDIA TITAN Xp GPU.
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Fig. 6. The U-Net [9] architecture consisting of an encoder and a decoder
path, which compresses the feature maps to increase the receptive field of
the filters before expanding to a full resolution per-pixel class prediction.

TABLE 1
NETWORK & TRAINING PARAMETERS

Network Value Training Value
loss function lesgsh;?ropy batch size 10
activation function ~ELU epochs 100
number of layers 5 optimizer Adam
filter size 3x3 learning rate  0.0001
max pool size 2 dropout 0.5
stride 1

image resolution 128 x 320

V. EXPERIMENTAL RESULTS

Due to the absence of a readily available dataset that
contains LiDAR data and pixel-wise ground-truth labels of
road markings, we employ the following approach to test our
system. We train the network using the weakly-supervised
annotations created on the RobotCar (RC) dataset, and then
fine-tune with manually created labels on the CamVid (CV)
dataset to adapt to the different domain. This process allows
for pixel-wise evaluation of our approach against the CamVid
labels, which will be used as ground truth. Additionally, we
show qualitative performance of the network when trained
using only the annotations created on the RobotCar dataset,
in a variety of traffic, lighting, and weather conditions.

A. Quantitative Evaluation

We performed five experiments, all tested against the 105
selected ground-truth CamVid labels (see Table II).

The first two experiments depict baseline results on
CamVid by training against a small set of, and all avail-
able ground-truth labels, respectively. For the remaining
experiments, the network was trained using 24238 weakly-
supervised RobotCar annotations. Herein, the third experi-
ment was tested directly against the CamVid labels, whereas
for the fourth and fifth experiments, the network was fine-
tuned on a varying number of CamVid labels. Evaluating the
results, the following three key observations can be made:

1) The third experiment clearly illustrates that fine-tuning
is necessary. Interestingly, the result demonstrates also that
training against a large dataset of another domain outper-
forms training against a small dataset of the actual test

Fig. 7.
test image. The predicted output reflects the ground truth better at several
places in the images such as the lower part of the bounding box around the
bicycle and the bicycle itself.

The CamVid label (middle) and the predicted output (right) for a

TABLE I
QUANTITATIVE PIXEL-WISE RESULTS ON ROBOTCAR (RC) AND
CAMVID (CV) DATASETS

Train Dataset ACC PRE REC IoU F1
25 CV 96.82 46.17 87.64 42.03 5833
490 CV 98.22 6396 86.33 57.17 71.10
24238 RC 9792 6292 6525 46.17 6252
24238 RC +25 CV ~ 98.20 6639 7839 5427 69.54
24238 RC + 490 CV  98.60 72.64 81.63 61.20 75.04

domain. This likely occurs because the network is trained
on a bigger variety of traffic and lighting conditions, which
improves generalization.

2) The fourth experiment shows that training using the
weakly-supervised annotations, while fine-tuning using only
25 manually created CamVid labels, achieves comparable
performance (in terms of IoU and F)) to the baseline result
trained on 490 manual labels. This significantly reduces the
required labelling effort.

3) The last experiment shows that we outperform the
baseline result, when we fine-tune using all available ground-
truth labels. This is not trivial, since adding more data from a
different domain potentially alters the data distribution. The
result indicates that more training data of another domain
(which requires no additional labelling effort in our case)
improves performance.

Note that the RobotCar annotations were uniquely gen-
erated without the use of data augmentation techniques.
The results further show that pre-training on the annotations
increases the precision but decreases the recall. This is
expected, since the annotations are created conservatively
(see Fig. 5).

Although the manually created CamVid road marking
labels are of high quality, there are instances where the
labels do not accurately represent the ground truth. As shown
in Fig. 7, the predicted output can then correspond better
to the actual ground truth than the label itself. Besides, it
is important to keep in mind that object-level performance
is more relevant than pixel-wise performance, when road
marking detection is performed for planning purposes (which
is our future goal).

B. Qualitative Evaluation

Fig. 8 shows qualitative results on a RobotCar test dataset.
The results demonstrate that the network segments the road
markings from the image without any preprocessing steps
when trained using the weakly-supervised annotations. Even
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Fig. 8. Network output on RobotCar images when trained against
weakly-supervised annotations. The network accurately detects all road
markings without limitations to shape, even when the road markings start
to degrade (fourth row). In case of over-exposure (fifth row), a conservative
segmentation is achieved.

in case of degradation, the network is able to sufficiently seg-
ment the road markings. The network achieves a conservative
segmentation in cases of over-exposure, where intensity-
based approaches most likely fail.

Additionally, we trained a network using annotations gen-
erated under different lighting and weather conditions. Fig. 9
shows the network output under these conditions at the same
location. Although the method performs best in overcast
conditions, the results under more difficult conditions appear
satisfactory considering the image quality.

C. Limitations

Under some conditions the quality of the annotation is
poor, as illustrated in Fig. 10. Bright parts of the pavement
can be mistaken for road marking, when the extraction algo-
rithm has difficulties finding the correct road surface border.
These failure cases could be addressed by more complex road
extraction algorithms, or a more discriminative (supervised)
feature set for the CRF potentials. These annotations were
not included in the training set.

Furthermore, the network output can be spurious at times
in the presence of parked cars or stark shadow lines, as
shown in Fig. 11. False detections occur, because object
edges introduce high-intensity gradients at the same place in
the image where road markings normally appear. This can
likely be resolved when the network is given annotations with
road marking types, so that it can learn improved spatial and
contextual coherence.

Fig. 9. Road marking detection under different conditions (overcast,
night, rain, and sun) at the same location. Despite significant changes in
appearance, the method achieves satisfactory results.

Fig. 10. Poor quality annotation due to insufficient road extraction, because
the pavement is approximately at road height. The result can be improved by
more accurate road extraction algorithms or a more discriminative feature
set for the CRF potentials.

Fig. 11.
cars and stark shadow lines, because edges introduce high-intensity gradients
at the same place in the image where road markings normally appear.

Examples of spurious network output in the presence of parked

VI. CONCLUSION

We have presented a weakly-supervised system for real-
time road marking detection using images of complex urban
environments obtained from a monocular camera. At run
time, the road markings in the scene are detected using
a deep segmentation network without relying on any pre-
processing step or predefined models. Crucially, by lever-
aging LiDAR reflectance values in a CRF approach, we
generated vast quantities of annotated road marking images
for training purposes in a weakly-supervised way, thereby
avoiding the need for expensive manual labelling. We have
demonstrated reliable qualitative performance under vary-
ing traffic, lighting, and weather conditions on the Oxford
RobotCar dataset. Furthermore, we showed quantitatively on
the CamVid dataset that weakly-supervised annotations of
another domain significantly reduce the required labelling
effort and improve performance.

In future work we will extend the current framework to



include semantic classification of the road markings in the
scene to retrieve the rules of the road. This information will
be exploited to aid high-level scene understanding, mapping,
and planning in complex urban environments.
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Push Broom Point Cloud

(d)

Figure 5.3: The substeps of the road surface extraction algorithm. A surface-normal
region-growing approach extracts the points of the road surface, (b), from a chunk of
push-broom LiDAR data (displayed in bird’s-eye view), (a). As the fields-of-view of
LiDAR L, and camera C' do not overlap at any given time, points of the extracted road
surface can be projected onto dynamic objects, (c). Therefore, LIDAR L, computes an
object mask, (d), which is combined with the road surface point cloud to extract the
road surface pixels.

5.2 Approximated Road Marking Labels

This section expands upon the material presented in Section III of the reproduced
publication by providing additional implementation details, further qualitative
results, and a discussion regarding the automatic generation of the approximated

road marking labels.

5.2.1 Further Details

This section contains further details regarding the road surface extraction and

the use of LiDAR reflectance values.
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Figure 5.4: Approximated labels can be of poor quality, as shown in the reproduced
publication, due to inaccurate road surface extraction when the pavement is approximately
at the road height, (a). Because of improvements in semantic segmentation, this issue is
now resolved by obtaining the road mask of a DNN trained on the Cityscapes dataset,

(b).

Road Surface Extraction

The various substeps of the road extraction algorithm are visualized in Figure
As shown in the publication, the current algorithm can lead to poor-quality
approximated labels in the presence of low curbs and bright pavements. These
failure cases can be addressed by employing a better performing method for the
road surface extraction. For instance, the image can be segmented semantically
by a DNN trained on Cityscapes data (similar to Section , thereby directly
obtaining a pixel-wise road surface mask while using less computational time. The

two approaches are compared for an example scene in Figure

LiDAR Reflectance

Figure demonstrates the advantage of using LiDAR reflectance values for the
unary potentials of two overexposed scenes. The CRF is able to classify only the
road markings pixels instead of all the bright pixels on the road surface because

the LiDAR reflectance is not affected by lighting.



5. Representations for Conduct I: Road Marking Segmentation 65

—

_ gy
/ r g
(b)

Figure 5.5: LiDAR reflectance is a suitable complimentary discriminating feature besides
the pixel values as it is not affected by lighting. The CRF optimization leads to drastic
errors for overexposed scenes when only pixel values are used for the features, (a), as
compared to the conservative classification achieved when the LiDAR reflectance values
are also taken into account, (b).

() (b)

~ N \

(c) (d)

Figure 5.6: Generated approximated road marking labels during nighttime, (a) & (b),
wet conditions, (c), and sunny conditions, (d). The LiDAR reflectance values are not
affected by lighting and thus allow for a conservatively generated label, which is sufficient
for training a DNN when adequate regularization is implemented.

5.2.2 Further Results

Qualitative results of the generated approximated road marking labels under different
conditions are shown in Figure[5.6, The LiDAR reflectance values are crucial in these

cases as large parts of the road surface are overexposed due to either the headlights
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of the ego vehicle, wetness, or sun. The labels are conservatively generated to favour
precision over recall. Nevertheless, they are sufficient for training a DNN for road
marking segmentation, as demonstrated in the reproduced publication.

The reader is referred to the Videcﬂ accompanying the publication for additional

qualitative results.

5.2.3 Further Discussion

Due to the unsupervised nature of the proposed approach, it is ultimately infeasible
to generate a perfect ground-truth label for every image as the lighting conditions
and reflectance values vary significantly across the dataset. The results might be
improved if kernel weights for the CRF are learned from a relatively small set of
manually-labelled images, but these were not available in our case.

Moreover, improvements in image-to-image translation [94] have made it possible
to model realistic appearance changes at high-resolution. These methods only
alter the appearance of the image while keeping the structure and geometry of
the scene intact. Therefore, an approximated label generated under overcast
conditions can be paired with a synthesized nighttime image. This exact principle
is leveraged in Chapter [3| and is a state-of-the-art solution for self-supervised scene
understanding under varying conditions. Such methods will likely outperform the
method presented in the paper when generating approximated labels in challenging
weather and lighting conditions.

Although various aspects could improve the quality of the approximated labels,
it is currently unclear how those will affect the end quality of the road marking
segmentation. As will become apparent throughout this thesis, there exists a
complex interaction between the quality of the approximated labels and the network
optimization, which determines the final segmentation performance. In Section
[b.3.1, we show that regularization prevents the network from overfitting to the

approximated labels.

’https://www.youtube.com/watch?v=2vR00jDYgTI
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Table 5.1: The effect of varying the percentage of dropout for road marking segmentation
when trained on approximated labels.

Dropout Scene A Scene B Scene C Scene D

75%

5.3 DNN Road Marking Segmentation

This section expands upon the material presented in Section IV and V of the repro-
duced publication by providing additional implementation details, further results,

and a discussion regarding road marking segmentation with approximated labels.

5.3.1 Further Details

As mentioned in the publication, including dropout in the DNN is crucial because
it allows for correct regularization. Concretely, it allows the network to extend its
prediction towards road marking pixels that were excluded from the approximated
labels since they share more similarities with the road marking class than the
background class. We investigate qualitatively how different dropout values affect
the quality of the road marking segmentation in Table 5.1l In the case of no
dropout (0%) the predictions are similar to the approximated labels (i.e. high
precision, but low recall), which is insufficient as input for scene understanding
frameworks. As the percentage of dropout is increased, the recall increases up
to the point at which all road marking pixels are segmented, but at the cost of
losing precision. An optimal point could be determined by tuning over a small

manually-labelled ground-truth dataset.
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5.3.2 Further Results

We expand upon the quantitative results presented in the reproduced publication
with two additional experiments. Phenomena such as domain adaptation, transfer
learning, and catastrophic forgetting [95] play a significant role in both of these
experiments. We would like to point out that these experiments are merely performed
to provide quantitative insights in the absence of Oxford RobotCar (RC) ground-
truth road marking labels; a more thorough investigation of these phenomena in
this context is outside the scope of this thesis.

The reader is referred to the Videdf] accompanying the publication for additional

qualitative results.

Experimental Setup

In the first experiment, we pretrain the network on a large number of approximated
labels from the RC dataset and then fine-tune and test with ground-truth labels from
either the CamVid (CV) dataset or the Rainy RobotCar (RR) dataset (Appendix
, only the clear images) to adapt to the new domain. This experiment is similar
to the one presented in the reproduced publication except that we have changed
the CamVid train/validation/test split according to [96] and set dropout to 0.75.
Furthermore, we perform an ablation study to compare pretraining on the Cityscapes
(CS) dataset with pretraining on the approximated labels. In the second experiment,
we add approximated labels directly to the Rainy RobotCar labels and train from
scratch on the combined dataset.

For the CV dataset, 376 train, 101 validation, and 232 test images are provided.
The RR dataset was split into 303 train, 100 validation, and 100 test (clear) images.
For the CS experiments, we pretrain using the provided training set of 2975 images.
For every experiment, we train until convergence with the parameters as listed
in the publication (except for dropout being set to 0.75) and select the epoch for

testing in which the Fy score is highest among the evaluations on the validation set.

3https://www.youtube.com/watch?v=2vR00jDYgTI
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Experiment 1: Pretraining on Approximated Road Marking Labels

We train five models for each domain, all of which are validated and tested against
the CV/RR ground-truth labels. Models 2 and 4 depict baseline results in which we
train either against a small set (i.e. 25) of CV/RR ground-truth labels or all available
ones, respectively. The other models are pretrained on a large set (i.e 24238) of the
approximated RC road marking labels. Model 1 is tested directly against the ground-
truth labels, whereas the network is fine-tuned on a varying number of ground-truth
labels for models 3 and 5. The following observations are made by evaluating the

results in Table (with IoU as the main metric for semantic segmentation):

e Model 1 clearly illustrates that there is an apparent domain gap between
the approximated labels and the two test datasets, making fine-tuning is

necessary.

e Model 3 shows that pretraining on the approximated labels captures valuable
knowledge about road markings within the network, which generalizes to
other domains and cannot be obtained when only a small number (i.e. 25)
of ground-truth labels are available in the domain of interest. Crucially, the

performance is boosted without additional manual labelling.

o Model 5 shows that the performance is also boosted by pretraining when we

fine-tune using all available ground-truth labels.

o Comparing the baseline and fine-tuned models, it is clear that pretraining
on the approximated labels increases the precision but decreases the recall.
This is expected as the approximated labels are created conservatively, often

favouring precision over recall, as mentioned in the publication.

o The RR models outperform the CV models likely due to two reasons. Firstly,
the CV road marking labels are of lesser quality. There are instances where
the manual labels do not accurately represent the ground truth. As shown in
the publication, the predicted output is then likely to correspond better to
the actual ground truth than the label itself. Secondly, the CV dataset has a
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Table 5.2: Pixel-wise road marking segmentation results when pretrained on RobotCar
approximated labels and fine-tuned on either CamVid or Rainy RobotCar ground-truth
labels before testing.

5

CamVid Rainy RobotCar (clear)
Model (Pre)Train Set Fine-Tune Set Pre Rec F, IoU Pre Rec F, IoU
(1) 24238 RC 62.46 60.55 59.16 43.22 62.44 52.47 55.29 39.78
(2) 25 CV/RR 54.81 79.17 62.77 46.72 64.93 80.35 70.21 55.73
(3) 24238 RC 25 CV/RR 61.65 76.96 66.18 50.65 64.85 81.97 70.82 56.40
(4) 376 CV/303 RR 64.98 83.82 71.10 57.09 68.85 90.78 77.29 64.31
(5)

24238 RC 376 CV/303 RR 66.08 83.42 72.33 57.82 74.61 8550 78.75 66.28

Table 5.3: Pixel-wise road marking segmentation results when pretrained on either
approximated RobotCar labels or Cityscapes labels and fine-tuned on CamVid ground-
truth labels before testing.

CamVid

Model (Pre)Train Set Fine-Tune Set Pre Rec F, IoU
(6) 2074 RC 64.25 42.96 48.80 34.64

(7) 2974 RC 25 CV  59.09 78.22 65.32 49.55

(3) 24238 RC 25 CV  61.65 76.96 66.18 50.65

9) 2975 CS 25 CV  50.83 79.77 59.51 43.71
(10) 2974 RC 376 CV 60.94 86.30 70.01 55.00
(5) 24238 RC 376 CV  66.08 8342 72.33 57.82
(11) 2975 CS 376 CV  62.14 8440 70.03 55.20

more extensive domain shift within the dataset itself because it consists of
sequences collected under different lighting conditions and camera orientation,

whereas the RR dataset is captured under much more consistent conditions.

Furthermore, we have performed an ablation study to investigate the effect of
pretraining on the approximated labels by comparing it against pretraining on
the urban semantic segmentation labels of Cityscapes. We have pretrained with
approximately the same number of labels and with equivalent settings to ensure
a fair comparison. As the number of classes in Cityscapes is different from the
binary road marking segmentation, the final layer was initialized randomly, and
the network cannot be tested directly (i.e. without fine-tuning). The following

insights are observed from the results in Table [5.3;
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e Models 7 and 9 show that it is beneficial to pretrain with the approximated
labels instead of CS labels whenever only a small number of manual labels
are available for fine-tuning. Intuitively this makes sense as the features
of the network are optimized to segment larger objects, which are visually
and geometrically different from road markings, in the case of pretraining
on Cityscapes, and there are not enough manual labels available to fine-tune

these features accordingly.

e Models 10 and 11 show that the difference between pretraining on CS or
an equivalent number of approximated labels is negligible whenever a larger
number of manual labels are available for fine-tuning. However, neither
experiment achieves better performance than model 4, where we train on the
full CamVid dataset from scratch. Although this is not trivially explainable, it
may indicate that the knowledge captured in pretraining is actually available
in the full dataset itself and some negative transfer [95] may be occurring due

to the domain differences.

e Models 5 and 11 show that it is beneficial compared to pretraining on CS
whenever we pretrain on a larger number of approximated labels. This is
still a fair comparison as the approximated labels are generated automatically
without requiring additional manual labelling. Similarly, models 1 and 6
show that training on a larger number of approximated labels captures more

valuable domain knowledge.

Experiment 2: Adding Approximated Road Marking Labels to the Train-
ing Set

In the second experiment, we add approximated labels directly to the RR dataset
and train from scratch. We choose to add a relatively small number of approxi-
mated labels as we empirically observed that adding a larger number deteriorates
performance due to the domain differences and the approximated labels having
lower recall than the ground-truth labels. A potential workaround for this problem

was recently published [97]. However, that, as well as finding the optimal number of



72 5.8. DNN Road Marking Segmentation

Table 5.4: Pixel-wise road marking segmentation results when approximated RobotCar
labels are added to the ground-truth Rainy RobotCar labels.

Rainy RobotCar (clear)
Model Dataset Pre Rec F; IoU
24238 RC  62.44 52.47 55.29 39.78

)

) 25 RR 6493 80.35 70.21 55.73
(12) 25 RR + 25 RC 6742 80.57 7147 57.13

)

)

303 RR  68.85 90.78 77.29 64.31
303 RR + 100 RR  72.87 88.98 79.24 66.67

approximated labels to add, is outside the scope of this thesis. It is clear from the
results in Table[5.4]that the performance of both model 2 and model 4 can be boosted
by adding approximated labels to the dataset. We again observe that model 13 has

increased precision but decreased recall, as is the case for most approximated labels.

5.3.3 Further Discussion

Although the presented experiments show that performance boosts are achieved in
domains where only a limited number of ground-truth labels are available, these
approaches are no longer favoured due to recent improvements in high-resolution
image synthesis [68]. As demonstrated in Section [6.2] directly synthesizing data
for the domain of interest achieves significantly higher performance gains (for road
marking classification) while avoiding the influence of complex learning phenomena
due to domain differences. However, there is still a need for binary road marking
labels, which the framework presented in this chapter provides at a low cost, since
these images are synthesized from semantic maps.

The segmentation quality under adverse conditions could be boosted further by
improving the network architecture. For instance, the framework demonstrated in
Chapter [3| for semantic segmentation can be applied directly for road marking
segmentation as well.

Nevertheless, the required performance of the segmentation network and ab-
straction level of the output remain an open question in regard to high-level scene

understanding. Intuitively, one might think that it is not strictly necessary to detect
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every single pixel of a particular road marking to infer its underlying meaning.
Alternative approaches [86], [98] draw bounding boxes around road markings,
providing a class and an approximate location, which might be sufficient. Although
this works well for alphanumerics and signs, it does not suffice for lane structures.
Therefore, it is reasonable to assume that pixel-wise segmentation remains relevant

in the future as a first step towards semantic understanding.

5.4 DNN Road Marking Segmentation under Rainy
Conditions

This section extends our investigation of road marking segmentation under challeng-
ing weather conditions, as presented in the publication in Section [5.1] by evaluating
and demonstrating an approach that reduces the effect of camera lens distortions,
which are caused by adherent raindrops and water streaks.

In contrast to the environmental conditions shown in the publication, lens
distortions such as adherent raindrops [22] or soil [99] deteriorate the view and
consequently the segmentation performance more drastically. In order to correctly
segment the road markings under these circumstances, the image is preprocessed
(i.e. de-rained) so that the input to the segmentation network is almost equivalent
to an overcast image [22]. An example is given in Figure 5.7} This process is
summarized in Section [5.4.1] and described in full detail in the publication in
Appendix [Bl Qualitative and quantitative results presented in the publication show
that the introduced framework restores the road marking segmentation under

the examined conditions.

5.4.1 De-Raining Images

The framework presented in the publication in Appendix [B] works as an image
preprocessor, taking an image with adherent raindrops and streaks of water as input
and outputting a clear de-rained image. The output is visually and computationally
almost indistinguishable from real clear images. Therefore, accurate road marking

segmentation can be achieved using a simple deep semantic segmentation network
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Figure 5.7: Raindrops and water streaks adherent to the lens significantly distort the
view and consequently the segmentation performance, (a). The image is de-rained by
an image-to-image translation network and the road marking segmentation is thereby
restored, (b).

trained on overcast conditions, similar to the one described in the publication
in Section Bl

More concretely, the state-of-the-art image-to-image translation framework
Pix2PixHD [68] is trained to learn a mapping from rainy to clear images. The
motivation behind this method is that raindrops bend and attenuate the light field
in a structured but non-linear way. The DNN learns to model this behaviour
and reverses it accordingly.

A stereo rain dataset, consisting of rainy images and their clear counterparts,
was recorded by a custom-designed and constructed narrow-baseline camera setup
for training and evaluation. Ground-truth road marking labels were manually

annotated and made publicly availabld’] for 500 images of this dataset.

5.4.2 Summary of the Results

In order to evaluate to what extent road marking segmentation is affected by
adherent raindrops and improved by de-raining the images, the publication provides

results on the two datasets used in the previous sections. As the CamVid dataset

4with thanks to Valentina-Nicoleta Musat
Shttps://ciumonk.github.io/RobotCar-rainy/
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does not contain any images in rainy conditions, computer-generated raindrops
were added to the images. For the Rainy RobotCar dataset, we test against
computer-generated rainy images as well as the recorded rainy dataset.

All of the evaluated models were trained similarly to the publication in Section

.1} Their performance was evaluated for four different cases:

o The clear case represents a model trained on only clear images, which are not
affected by rain or preprocessing, and tested against clear images. This serves

as a baseline and an upper bound.

o The rainy case represents the same model but now tested against images

containing adherent raindrops and water streaks.

o The augmented case represents a model trained on a combination of rainy

and clear images, tested against the rainy images.

e The de-rained case represents the clear model again but now tested against

rainy images that have been preprocessed by the presented approach.

The following observations are made from the quantitative results presented in

the publication:

o The performance severely degrades when a model trained on clear images is

tasked to segment road markings in rainy images.

o Retraining the road marking segmentation models against a dataset augmented

with rainy images leads to an improvement over the previous case.

e De-raining the images using the presented method before segmenting them
performs best among all cases and restores the performance of the segmentation

to levels that are close to the baseline.

Re-training the segmentation model with a dataset augmented with rainy
images improves performance, as expected. However, using a specialized de-raining

preprocessing step significantly outperforms this approach. This is the expected
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advantage of having a model dedicated to a specific image-to-image mapping
task (i.e. de-raining) in its entirety, as this narrows the variety of images fed

to the segmentation task.

5.5 Conclusion

This chapter presented an approach for efficient and scalable road marking seg-
mentation in complex urban environments using images from a monocular camera.
The road markings are paramount in representations that allow for navigation and
decision making, such as the scene graph demonstrated in Chapter [4]

Crucially, to avoid the need for expensive pixel-wise manual labelling, we
learn a binary road marking segmentation first, which opens up the possibility
of self-supervised learning. This decision was strengthened by the assumption
that the binary segmentation can later be extended towards semantic classification
by leveraging additional domain knowledge, as shown in Section [6.1} We have
employed LiDAR reflectance values and exploited the fact that road markings are
highly reflective to generate vast quantities of approximated road marking labels
automatically by optimizing a CRF. However, these approximated labels are not
guaranteed to be equivalent to the ground truth because of the automatic nature
of this approach. Although there exist methods for improving these approximated
labels, two important things should be kept in mind. Firstly, image-to-image
translation frameworks have made substantial progress over time. Consequently,
the reverse process (i.e. generating an image for a pregenerated label) is now
feasible. This approach, presented in Section combines segmentation and
classification into a single self-supervised learning process. Secondly, the eventual
segmentation performance is influenced by a complex interaction of the quality of
the approximated labels and the network optimization. Performance gains might
be achieved with less effort by improving the latter.

We have qualitatively demonstrated that the approximated labels can be

employed to train DNNs for road marking segmentation under different weather and
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lighting conditions in various urban traffic situations without relying on preprocess-
ing steps or predefined models. Additionally, we have investigated the performance
of the road marking segmentation when adherent raindrops and streaks of water
on the camera lens significantly distort the view. An image-to-image translation
network was implemented as an image preprocessor, which de-rains the image before
segmenting it, thereby restoring the segmentation performance. Moreover, it was
shown empirically that dropout functions as a hyperparameter that determines to
what extent the network extends its predictions beyond the approximated labels
towards segmenting the full set of road marking pixels. Furthermore, we have
proven quantitatively that (pre)training on the approximated labels improves the
segmentation in different domains where only a limited number of ground-truth
labels are available. Notably, all trained networks only require input from a
monocular camera during deployment and run online, ensuring that the presented

framework is universally deployable.
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Semantic understanding of the road markings in a traffic scene is a prerequisite
for the scene graph as it conveys the road rules and thereby provides guidance for
decision making. We obtained a binary road marking segmentation in the previous
chapter, but it only provides limited information in these scenarios. This chapter
extends upon that work by comparing a model-driven and a data-driven approach for
semantic road marking classification, which both employ the binary segmentation.

In Chapter |5} we argued that state-of-the-art DNNs have several advantages over
traditional heuristic or shallow-learning pipelines for road marking segmentation and

classification. They are able to leverage the global scene context [100] to distinguish

79
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Figure 6.1: The road markings indicating the parking space, encircled in red (a), are
visually and geometrically similar to the ones indicating a junction, encircled in blue (b).
Traditional, rule-based systems for road marking classification may experience difficulties
correctly classifying the semantic type. However, DNNs leverage the scene context (i.e.
parked cars or side roads), which provides enough information for accurate classification.

road marking classes with a similar geometric shape, which is difficult for rule-based
systems (see Figure , and are robust to spatial deformations, degradation, and
partial occlusion when adequate training data is available. However, pixel-wise
ground-truth labels are often unavailable for the domain of interest, and generating
these without extensive manual effort was impossible until recently.

In order to circumvent expensive manual efforts, we first demonstrate a model-
driven approach that leverages domain knowledge in Section We define a road
marking as a semantic instance, which dictates particular driving behaviour given
by its class and is formed by a collection of linear road marking segments, following
Section [£.2.1] These linear segments are extracted directly from the binary pixels-
wise segmentation by employing CORAL [101], an accurate multi-model line-fitting
approach. The advantage of this approach is that it performs the optimization
online and works satisfactorily in the presence of noise and an a priori unknown
number of linear models. A second optimization step is then performed, this time
jointly over the linear segments, to retrieve instances of road marking classes that are
defined by their respective spatial configurations (i.e. angles and distance between
the segments). We demonstrate that this approach classifies road marking instances
correctly under different conditions in the reproduced publication in Appendix [C]

Alternatively, road marking classification can be achieved by data-driven ap-
proaches. However, these suffer from two issues. Firstly, ground-truth labels

had to be created manually for every domain of interest until recently, which
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is extremely labour intensive. Secondly, simple data augmentation techniques
[102] (e.g. flipping, translating, or adjusting contrast) do not deliver the necessary
diversity to adapt to all encountered environments and conditions [103]. Even if more
efficient hand-labelling techniques become available in the future, the issue of edge
cases, which appear very infrequently in datasets captured during regular driving,
remains. Resampling or applying a class-weighted loss function are not viable
solutions for small hand-labelled datasets as these contain insufficient examples
of rare classes for proper generalization. Alternatively, creating a physics-based
virtual environment in which the desired road markings can be reproduced as many
times as necessary is costly and requires successful domain adaptation to bridge
the gap between the virtual and real world.

Fortunately, due to substantial progress in image-to-image translation [68], [104],
data-driven approaches have recently become feasible. These methods allow for the
reverse of the process presented in Chapter [5| (i.e. synthesizing a photo-realistic
image for a predefined label). The road markings in the labels are created by
following their construction guidelines. In contrast to the model-driven approach,
this method is not limited by predefined linear models,and therefore extends easily
to letters and symbols. This allows us to generate vast quantities of training pairs
for deep road marking classification without requiring additional manual labelling
effort. A new class-weighted loss function is introduced to balance the training on
datasets extended with large numbers of synthetic training pairs. We show that
these synthetically generated training pairs boost road marking classification for
rare road markings in the reproduced publication in Section [6.2.1]

We compare the disadvantages and advantages of both approaches qualitatively
in Section [6.3] The acquired semantic instances can be integrated into the scene
graph to aid decision making and navigation through complex urban environments.
This extension of the scene graph is not addressed in this thesis and left for
further research.

In summary, this chapter makes the following principal contributions:
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« A data-driven approach for road marking classification using the obtained
binary segmentation to synthesize photo-realistic training images for predefined

labels (T-2b). This significantly reduces the manual labelling effort (T-2¢).

o A new class-weighted loss function to balance the training on datasets extended

with large numbers of synthetic training pairs (T-1b).

o A real-time framework for improving the segmentation of rare road marking

classes during real-world deployment in complex urban environments (T-1b).

o A comparison of the model-driven and data-driven approach to provide insight
into a complete road marking classification system for real-world deployment

(T-1b).

Additionally, this chapter makes the following supporting contribution in collabora-

tion:

o A demonstration of a model-driven approach for road marking classifica-
tion from the obtained binary segmentation, leveraging additional domain

knowledge regarding road construction (T-1a and T-1b).

6.1 Model-Driven Road Marking Classification

This section demonstrates the model-driven approach which leverages domain
knowledge for road marking classification. It operates on the premise that most
painted road markings are formed by collections of simple geometric primitives
(i.e. lines), even though their scale and rotation differ significantly due to the
camera perspective. The spatial configuration (i.e. angles and distances) of these
primitives distinguishes the road marking classes.

The entire pipeline consists of three sequential stages and takes the road marking
segmentation of Chapteras an input. In the first step, linear models (i.e. geometric
primitives) are fitted to the segmented pixels with CORAL for several reasons.
Firstly, CORAL is superior to RANSAC when the binary segmentation is not entirely

accurate (i.e. contains noise). Secondly, CORAL is superior to the Hough transform
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Figure 6.2: The model-driven approach employs two sequential optimization steps
to retrieve road marking instances (coloured by their semantic classes) under various
conditions from the binary segmentation obtained in Chapter

because it depends less on correct initialization and is able to retrieve the optimal
number of models without knowing this a priori. Lastly, CORAL is parallelisable
and therefore runs online. In the second step, a subsequent optimization step clusters
these linear segments into semantically meaningful classes by two types of constraints:
the angles and distances between the linear segments according to the definitions
for road construction. In the final step, road markings are tracked from frame to
frame to improve temporal robustness and solve ambiguities in case of occlusions.

A reproduction of the publication with more details is provided in Appendix [C]
Therein, it was demonstrated that this approach is able to classify six selected types
of road markings under different weather conditions, as visualised in Figure (6.2

The presented approach is compared to the data-driven alternative in Section [6.3]

6.2 Data-Driven Road Marking Classification

This section presents our data-driven approach for boosting road marking classifi-
cation without requiring additional labelling effort. Training pairs are generated
by altering semantic maps of real-world scenes and subsequently synthesizing a
corresponding photo-realistic image with a GAN.

We place instances of desired road markings randomly onto a blank road surface
to avoid the difficult problem of composing natural scenes, which has become more
feasible after the publication of our work . Our approach is inspired by the
principles of domain randomization |[106], and we, therefore, refer to it as road
layout randomization. We specifically target road marking classes that appear
infrequently in datasets collected during regular driving and demonstrate that

the synthetic training pairs improve generalization during real-world deployment.
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Furthermore, we introduce a new class-weighted cost function, which ensures that
the performance for other road marking classes is retained in the presence of vast
quantities of synthetic training pairs of a rare class. This approach is presented
in full detail in the reproduced publication in Section [6.2.1 Moreover, we provide
further details regarding the newly-introduced cost function, additional qualitative
results, and a discussion regarding the quality of the generated synthetic images.

The presented approach is compared to the model-driven alternative in Section

6.2.1 Publication

This section contains a reproduction of the following publication:

[20] T. Bruls, H. Porav, L. Kunze, and P. Newman, "Generating all the roads
to Rome: Road layout randomization for improved road marking segmenta-

tion", in Proceedings of the Intelligent Transportation Systems Conference

(ITSC), Oct. 2019, pp. 831-838.



Tom Bruls, Horia Porav, Lars Kunze, and Paul Newman

Generating All the Roads to Rome: Road Layout Randomization for
Improved Road Marking Segmentation

Abstract— Road markings provide guidance to traffic par-
ticipants and enforce safe driving behaviour, understanding
their semantic meaning is therefore paramount in (automated)
driving. However, producing the vast quantities of road marking
labels required for training state-of-the-art deep networks is
costly, time-consuming, and simply infeasible for every domain
and condition. In addition, training data retrieved from virtual
worlds often lack the richness and complexity of the real world
and consequently cannot be used directly. In this paper, we
provide an alternative approach in which new road marking
training pairs are automatically generated. To this end, we
apply principles of domain randomization to the road layout
and synthesize new images from altered semantic labels. We
demonstrate that training on these synthetic pairs improves
mloU of the segmentation of rare road marking classes during
real-world deployment in complex urban environments by more
than 12 percentage points, while performance for other classes
is retained. This framework can easily be scaled to all domains
and conditions to generate large-scale road marking datasets,
while avoiding manual labelling effort.

I. INTRODUCTION

Safety-critical systems, such as automated vehicles, need
interpretable and explainable decision-making for real-world
deployment. An important aspect for improving interpretabil-
ity of such systems is the ability to explain scenes se-
mantically. More specifically, planning the behaviour of
an automated vehicle through an urban traffic environment
requires understanding of the road rules. These are conveyed
to the traffic participants by the markings painted on the road.

Although semantic reasoning about road markings is ide-
ally performed at an object and scene level [1], state-of-the-
art deep learning methods perform semantic segmentation
at the pixel level. This, however, requires thousands of
pixel-labelled images for different environments and con-
ditions, which is a problem for several reasons. Firstly,
it is impossible to label every pixel of every image for
every city in every condition manually. Secondly, simple
data augmentation techniques [2] (e.g. flipping, translating,
adjusting contrast, etc.) do not deliver the necessary diversity
to adapt to all encountered environments and conditions [3].

Even if more efficient hand-labelling techniques become
available in the future, we still face the issue of edge
cases that appear very infrequently in regular driving. In
the context of road marking segmentation, data collection
during regular driving creates extremely imbalanced datasets.
For example, zigzag markings (which indicate a pedestrian
crossing, Fig. 1) are encountered rarely, but their detection is

Authors are from the Oxford Robotics Institute, Dept. Engineer-
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Fig. 1. Road layout randomization for improved road marking segmen-
tation, while avoiding manual labelling. Offline: Firstly, new images for
training road marking segmentation networks are automatically generated
by synthesizing new road surfaces from altered semantic labels. Online:
Subsequently, mIoU of the segmentation of rare road markings (e.g. zigzags
shown in pink) is improved by more than 12 percentage points during real-
world deployment by the enhanced model trained on a hybrid dataset when
compared to a baseline model only trained on the real-world dataset.

critical for safe operation. Resampling or applying a class-
weighted loss function are not viable solutions for small,
hand-labelled datasets, since these simply contain insufficient
examples of rare classes for proper generalization. Retriev-
ing more examples is labour intensive in terms of driving
and labelling time. Consequently, trained classifiers show
decreased performance on infrequently-occurring classes [4].

The latter problem could be solved by creating a virtual
environment (i.e. simulator), in which the desired road mark-
ings can be reproduced as many times as necessary. However,
this introduces several new challenges. Firstly, even though
state-of-the-art simulators can appear realistic to the human-
eye, their fidelity lacks the richness and complexity of the
real world and consequently there is still an apparent domain
gap between simulated environments and their real-world
equivalent. As a result, domain adaptation techniques need
to be applied for real-world deployment [5], [6]. Secondly,
although we might be able to generate simulated environ-
ments from real-world data in the future [7], at present their
design remains a manual, costly, and time-consuming task.
Besides, since urban environments can vary substantially
between countries, there is a need for highly-configurable



virtual worlds, which increases the labour cost.

Recently, alternative methods have been developed [8] to
synthesize new, photo-realistic scenes for a domain of inter-
est by employing Generative Adversarial Networks (GANs).
These approaches require relatively little human effort and
can easily extend to all kinds of different conditions [9].
This provides the ability to generate large-scale datasets for
semantic scene understanding in a domain of interest at low
cost. Most of these frameworks take real-world scenes and
augment them by placing or removing objects (e.g. cars,
pedestrians, etc.). This can be done randomly [10] or more
naturally by learning from real-world examples [11], [12].

Similarly, we place instances of chosen road markings
into newly-synthesized, photo-realistic scenes, which are
then used to train a road marking segmentation network.
In this way, we generate sufficient examples of rare road
marking classes to achieve the generalization performance
required during real-world deployment, as visualized in Fig.
1. However, placing new road markings coherently into the
scene is difficult, since there are many dependencies such as
the type of road / intersection, traffic lights, parked cars, etc.
that need to be taken into account. We avoid solving this
hard problem by employing the principles of domain ran-
domization [13]. More concretely, we place road markings at
random places on the road surface, not necessarily coherent
with other elements in the scene. In this way, we perform
road layout randomization. Real-world scenes encountered
during deployment then appear as samples of the broadened
distribution on which the model was trained.

We demonstrate quantitatively that training on these syn-
thetic labels improves mloU of the segmentation of rare
road marking classes, for which it is expensive to attain
sufficient real-world examples, during real-world deployment
in complex urban environments by more than 12 percentage
points. To take full advantage of the synthetic labels we
introduce a new class-weighted cross-entropy loss which bal-
ances the training. Furthermore, we show qualitatively that
the segmentation performance for other classes is retained.

We make the following contributions in this paper:

o We present a method for generating large-scale road mark-
ing datasets for a domain of interest by leveraging prin-
ciples of domain randomization, while avoiding expensive
manual effort.

o We introduce a new class-weighted cross-entropy loss to
balance the training on synthetic datasets with large class-
wise imbalance in terms of their occurrence.

o We demonstrate a real-time framework for improving the
segmentation of (rare) road marking classes in real-world,
complex urban environments.

II. RELATED WORK

Road Marking Segmentation: Deep networks are increas-
ingly used to perform lane detection in highway scenarios
[14]-[16]. However, the urban environments and road mark-
ings targeted in this paper are substantially different and
more complex, and thus require a different approach. This
problem has seen significantly fewer deep learning solutions,

due to a lack of large-scale datasets containing road mark-
ings. The first large-scale semantic road marking dataset was
recently introduced in [17], however it is extremely expensive
to manually expand this to all environments and conditions.
Road marking segmentation as demonstrated in [4] is
closest to the application of this paper. The authors train
a network for semantic road marking segmentation and
improve their results by predicting the vanishing point simul-
taneously. In contrast to this paper, they require thousands
of hand-labelled images, which is very labour expensive.
Alternatively, the authors of [18] hand-label road markings
such as arrows and bicycle signs and train an object detection
network to predict bounding boxes instead of pixel seg-
mentations. In previous work [19] (includes more extensive
review), we have introduced a weakly-supervised approach
for binary road marking segmentation, which is used here to
acquire road marking labels for real-world scenes.
Synthetic Training for Automated Driving Tasks: To
prevent costly and time-consuming manual labelling of
training data, many approaches leverage synthetic datasets.
Early works trained on purely virtual data to perform object
detection [20], [21] or semantic segmentation [5], [6].
However, virtual data lacks the richness and complexity
of the real world. A possible alternative is to augment real-
world data. For the task of semantic segmentation this means
either generating new, photo-realistic images from semantic
labels [8], [22], [23] or enriching semantic labels with
virtually-generated information [24]. Both of these principles
are applied in this paper. For object detection tasks, the main
difficulty is to place the (dynamic) objects coherently into
the scene. The simplest solution is random object placement
(i.e domain randomization) [10]. Alternatively, the authors
of [25], [26] place photo-realistic, synthetic cars into real-
world images by taking into account the geometry of the
scene. The most recent approaches [11], [12], [27], [28]
learn context-aware object placement from real-world exam-
ples. However, placing dynamic objects, such as pedestrians,
seems less complex than road markings, because the space
of realistic solutions is less restrictive. Therefore, we place
road markings randomly onto the road surface in this paper.
Scene Manipulation: Recently, several approaches have
been introduced for more complex scene manipulation, be-
yond simple augmentation. Additional sensor modalities are
used in [29] to offer the flexibility (e.g. different view
points) of a virtual simulator, while generating data with
the fidelity and richness of real-world images. The authors
of [30] introduce a probabilistic programming language to
synthesize complex scenarios from existing domain knowl-
edge. Another system [31] offers similar levels of control,
while the camera sensor is modelled accurately at the same
time. These frameworks potentially offer a way to generate
improved training data for our approach.

III. GENERATING SYNTHETIC TRAINING PAIRS

In this section, we explain in detail how to generate syn-
thetic training pairs for road marking segmentation networks
to improve performance during real-time deployment, as
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Fig. 2. Road layout randomization: generating synthetic training data based
on real-world scenes. The process has the following steps (as described
in the respective subsections of Section III): (A) semantic segmentation
of the real-word scene is acquired, (B1) the road markings are removed
and replaced with road surface, (B2) instances of chosen road markings
(modelled according to the UK Highway Code) are placed randomly on
the road surface, and finally (C) the road surface of the original image
is replaced with a GAN-synthesized, photo-realistic alternative based on
the altered semantic label. The composite image is then paired with the
generated road marking label.

shown in Fig. 2. We demonstrate that this framework can
be employed on any driving dataset even when no ground-
truth semantic or road marking labels are available.

A. Retrieving Semantic Labels for Real-World Scenes

In order to generate synthetic training pairs for road mark-
ing segmentation, the road layout of semantic labels of real-
world scenes is altered and from these new, photo-realistic
images are synthesized. Ground-truth semantic labels are
not required for the domain of interest, since semantic
segmentation of reasonable (i.e. sufficient) quality can be
acquired from a model pretrained on the Cityscapes dataset'.
In this way, we retrieve semantic labels of real-world scenes
from the Oxford RobotCar dataset [32], as shown in Fig. 3.

Unfortunately, the available model is not trained to seg-
ment road markings (Cityscapes does not contain road
marking masks). However, semantic labels including road
markings and their corresponding real-world images are
necessary to train the GAN described in Section III-C. We
prevent manual labelling of road markings by employing
the techniques of [19] to generate large quantities of road
marking annotations automatically. Because these annota-
tions are generated automatically, they are not equivalent to
the ground-truth, however they have proven to be sufficient
for training purposes if regularization techniques are applied.
The road markings are added to the semantic labels acquired
from the Cityscapes model, as visualized in Fig. 3.

B. Road Layout Randomization
To form new road marking training pairs, we alter the road
layout (i.e. road markings) of the retrieved semantic labels

https://github.com/tensorflow/models/blob/
master/research/deeplab/g3doc/model_zoo.md

Fig. 3.
including road markings to train the CGAN described in Section III-C. The
semantic segmentation label is retrieved from inference with a pretrained
Cityscapes model and combined with automatically generated road marking
annotations from [19]. The resulting labels are not perfect ground-truth, but
they are sufficient for the task and can be acquired at low cost.

We augmented the Oxford Robotcar Dataset with semantic labels

and subsequently synthesize a new corresponding image. In
order to rebalance datasets collected during regular driving,
we create new semantic labels with road markings which
occur relatively infrequently in the real world (e.g. pedes-
trian crossing, arrows, etc.). By training the road marking
segmentation network on the rebalanced dataset, the goal is
to improve the performance for these respective rare classes,
while at the same time retaining the overall performance.

As mentioned before, the type and placement of road
markings is dependent on many factors of the scene such
as the type of road, traffic lights, and even the traffic partic-
ipants. Altering all of these coherently according to the real
world is difficult and seems similar in terms of complexity
to designing a simulator. Therefore, we choose to leverage
domain randomization principles [10]. We vary position (and
scale accordingly), rotation, quantity, and partial occlusion of
the road markings that are placed into the environment and
in that way perform road layout randomization to create vast
quantities of new training pairs automatically. For accurate
placement, we use the camera sensor calibration of the vehi-
cle and assume that the road surface is planar and horizontal.
Training the network on many randomly-generated pairs
improves generalization in newly-encountered, real-world
scenes, which then appear as variations of the distribution
on which the network was trained.

Concretely, we start by erasing the original road markings
from the real-world semantic labels and subsequently place
a new road marking instance onto the cleared road surface.
The classes are realistically modelled according to the UK
Highway Code so that their shape, size, colour and config-
uration (e.g. zigzags appear in dual or triple configurations)
resemble the real world. Some examples for different classes
of rare road markings are given in Fig. 4.

C. Synthesizing Photo-Realistic Images

In order to create a synthetic training pair, we train a
Conditional Generative Adversarial Network (CGAN), as
introduced in [8], to synthesize a photo-realistic RGB image
for the altered semantic label (from Section III-B). In this
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Fig. 4. Examples of newly-synthesized training images for several rare road marking classes (i.e. zigzag, diagonal stripes, bus stop, and small warning
triangles) by employing road layout randomization. The top two rows show images of real-world scenes of the Oxford RobotCar dataset together with the
corresponding (partial) semantic labels (Section III-A). The third row visualizes the altered semantic labels in which instances of chosen road markings
are placed randomly on the road surface (Section III-B). The last row presents the newly-synthesized road surfaces substituted into the real-world images.
The GAN is able to generate road surfaces with photo-realistic textures, lighting, and even degradation as exemplified on the letters of the bus stops.

framework the generator G aims to synthesize the RGB
images, while the discriminator D tries to distinguish synthe-
sized from real-world images. The CGAN is trained in a su-
pervised setting using real-world images and corresponding
semantic labels retrieved in Section III-A. After the training
is completed a photo-realistic image can be synthesized by
the generator from the altered semantic labels generated in
Section III-B, as shown in Fig. 4.

More specifically, the framework incorporates several ad-
vancements over previous works which make it possible
to generate higher-resolution images. Firstly, the generator
architecture follows a traditional downsample-bottleneck-
upsample model, but splits into a global generator and a
local enhancer, where the local component is forced to
learn high-resolution details for the stabilized features of
the global component. Secondly, to overcome discriminator
capacity limitations which arise from training with high-
resolution images, the framework incorporates three similar
discriminators that work on different scales. The discrim-
inators with bigger receptive field enforce more globally
consistent image generation, while the smaller receptive
fields steer the generator towards more realistic, fine-level
details. Lastly, the traditional GAN loss is augmented to
include a feature matching loss based on the discriminator.
Formally, following the architecture described in [8], given
K = 3 discriminators Dy, each operating on a different

scale, along with the input and label images IiSnF;Slt and I 1';%21,
respectively, the final objective to be minimized is:
Lot = mén((Dlr’%a;(Dg Z Laan(G, Dg))+
k=1,2,3
ey
Aem Y Len(G, Di) + AvaaLvac(G)).

k=1,2,3

Here, Loan(G, Dy) represents the usual GAN loss (see
[8]) defined over K scales, Lrnm (G, Dy) is the discriminator

feature loss defined over K scales:
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with [p defining the number of layers from the discriminator
used in the discriminator feature loss and Lygc(G) being
the perceptual loss:

lp
1
Lvaaa) = Z ;HVGG(IngEOi — VGG(GUIS))ill,
i=1 "
3)

with [p defining the number of layers from an ImageNet-
trained network (in this case VGG16) used in computing
the perceptual loss. The factors w; = 2!~ are utilized to
scale the weight of each network layer used in computing
the losses. We train the model on 3351 overcast training pairs
while using the settings as specified in [8] to generate images
with a resolution of 256 x 640.

Unfortunately, the RobotCar dataset does not contain
any boundary or instance labels (as used in [8]) necessary
to generate sharp, high-quality images. Consequently, the
generated images can be smudgy around object boundaries
(e.g. rows of parked cars are merged because of the image
perspective, as exemplified in [8]) and contain unnatural
artifacts. Therefore, we choose to substitute only the newly-
generated road surface and keep the rest of the original image
intact. The RobotCar dataset contains sufficient real-world
images so that no background duplicates have to exist in
the new road marking dataset. In this way, we are able
to generate a large-scale urban datasets for road marking
segmentation, while avoiding expensive manual labelling.

The above-described framework can easily be extended
to different (weather and lighting) conditions by training
condition-specific models. If it is not possible to retrieve se-
mantic labels of sufficient quality under difficult conditions,
a state-of-the-art invertible generator, that can transform the
images into the desired appearance similar to [9], [33], can be
employed. In this way the semantic label acquired from the



overcast image can be paired with an image which resembles
a different weather or lighting condition.

IV. TRAINING FOR ROAD MARKING SEGMENTATION

In this section, the network trained for road marking
segmentation is described in detail, along with some impor-
tant considerations that have to be taken into account when
rebalancing datasets.

A. Network Architecture

Deep networks for road marking segmentation have sev-
eral advantages over traditional heuristic or shallow-learning
pipelines. Firstly, they are more robust to spatial deforma-
tions, degradation, and partial occlusion. Secondly, the scene
context can be leveraged to improve semantic segmenta-
tion and thereby understand the road rules. For instance,
similarly-shaped road markings (e.g. lane separators and
separators that mark a parking spot) can be classified dif-
ferently based on their place in the scene and relationship
with other objects, whereas this is difficult to accomplish
with traditional rule-based systems.

We train a U-Net model [34], but include batch normal-
ization and dropout as regularization techniques. These are
paramount in our framework, since we train on partial labels
that are generated automatically. Dropout allows the network
to extend its prediction towards road marking pixels that were
wrongly assigned to the background in the partial labels,
because they share more similarities with the road marking
class than the background class. The architecture and training
settings used are similar to our previous work [19], with
the major exception that the output now predicts multiple
classes of road markings instead of a binary segmentation.
More specifically, the output of the network is computed
by applying a channel-wise softmax activation over the final
feature maps and assigning a class to each respective pixel by
taking the channel-wise argmax over the output channels,
yielding a one-channel discrete class activation map.

At run time, the Tensorflow implementation of the network
performs inference on an input image in real-time (~62.5 Hz)
on an NVIDIA TITAN Xp GPU.

B. Balancing of the Classes

As mentioned before, datasets collected during regular
driving are extremely imbalanced in terms of the occurrences
of particular road marking classes. For instance, zigzag
markings are only found in ~7% of the images, whereas lane
separators occur in ~70%. Solutions such as resampling the
dataset or applying a class-weighted loss function are not
viable for small, hand-labelled datasets, because they simply
contain an insufficient number of examples of the rare classes
to generalize well to unseen cases during deployment.

In this paper, we opt for a different approach in which we
synthesize new training pairs for rare classes automatically
and add them to an existing dataset. This ensures that there
are enough examples of these classes for the network to learn
from. However, it is not obvious how to produce a rebalanced
dataset including synthetic training pairs that is optimal for

training. To counteract the fact that we might add too many

synthesized training pairs, we experiment with three types

of class-weighted cross-entropy losses:

1) Equal weighting (EQ) of all classes irrespective of their
occurrence in the dataset.

2) Median frequency balancing (FB) [35], in which each
pixel is weighted by

median (F)

wC - 7)
Je

where ' = {f1,..., fc} with f. denoting the total
number of pixels of class ¢ divided by the total number of
pixels in labels where c is present and C' the total number
of classes.

3) Median total balancing (TB), in which each pixel is
weighted by

“4)

median (G)
fe+ne

where G = {f1+n1,..., fo+nc} with f. equivalent to
2) and n. denoting the number of labels in which class ¢
is present divided by the total number of training pairs.

) (&)
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It is important to note that median frequency balancing only
corrects for the fact that some classes naturally occupy less
pixels in the images. For instance, dotted lines indicating
a pedestrian crossing are smaller in accumulated area than
an alternative zebra crossing. However, median frequency
balancing does not account for imbalance in occurrences
across the dataset; whether ~7% of the images contain
zigzag markings or ~70%, the weight remains the same as
long as their pixel size remains equivalent. This is not ideal,
since we artificially create an imbalance in the number of
occurrences by adding labels of specific classes. The third
weighting function, introduced in this paper, is designed to
take this into account, balancing the average pixel area as
well as the imbalance in occurrences across the dataset.

V. EXPERIMENTAL RESULTS

In this section we describe the experimental setup and
the datasets that we have created, before we present the
quantitative and qualitative results.

A. Experimental Setup

We have selected four types of rare road markings for
evaluation: bus stops, diagonal stripes (must not enter), small
warning triangles, and zigzag markings. These classes func-
tion as a proof of concept, but the framework can be applied
to any class (i.e. model) of road markings. For quantitative
pixel-wise evaluation, we have hand-labelled 102, 102, 96,
and 102 real-world images containing bus stops, diagonal
structures, small warning triangles, and zigzag markings,
respectively. Note that in these images only these respective
classes were labelled and all other classes present were
ignored (see Fig. 7). While we train all models to pre-
dict the full set of 20 different road markings and show
these results qualitatively, we only evaluate the four se-
lected classes quantitatively. We define the pixel-wise metrics

PRE = 7555, REC = Fy =2« TREREC “and

TP
TP+FP> TP+FN~ PRE+4+REC”



Fig. 5.
the binary annotations of [19]. Although not perfect ground-truth, these
labels can be used to train a baseline model to predict the full set of road
markings.

Examples of the partial labels created by semantically classifying

ToU = % with TP, FP, and FN denoting the true
positive, false positive, and false negative pixels, respectively.
In contrast to binary classification, all metrics are evaluated
at the operating point defined by taking the channel-wise
arg max over the multi-class output on a per image basis
and averaged over the test set, without any further fine
tuning of the operating characteristics. Furthermore, we have
hand-labelled 25 real-world images for each respective class
for validation. We train until convergence and select the
epoch for testing in which the mloU is highest among the
evaluations on the validation set. It should be noted that road
marking segmentation is arguably a harder task than scene
segmentation, because road marking elements are fairly small
in general, often degraded, and the different types share many
visual and geometric similarities. State-of-the-art approaches
achieve a mloU of around 40%, however a benchmark has
only been established recently [17].

As a reasonable baseline, 1000 partial, binary labels gen-
erated by [19] collected during regular driving were hand-
labelled class-wise. Although not equivalent to the ground-
truth, we have proven in [19] and will demonstrate again in
Section V-C that these labels are sufficient to achieve full
segmentation, when regularization techniques are applied. A
few examples are given in Fig. 5. The labels contain the 20
different types of road markings, so that the network func-
tions as a full road marking segmentation system. However,
many classes occur too infrequently to achieve state-of-the-
art performance, because the network fails to generalize to
new scenarios during deployment. For instance, the baseline
dataset only contains 63, 109, 39, and 74 images with bus
stops, diagonal stripes, small warning triangles, and zigzag
markings, respectively. For the other experiments, we add
synthetic training pairs of the four classes to the baseline
dataset. In this way, the network still predicts all 20 classes,
but is given a sufficient number of labels of the rare classes
to improve generalization during real-world deployment.

B. Quantitative Evaluation

In order to understand how the number of added synthetic
images influences the performance, we have added different
numbers of synthetic zigzag pairs to the baseline dataset,
while keeping the other classes constant. The results for the
three different cross-entropy losses are presented in Fig. 6.
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Fig. 6. Pixel-wise performance of zigzag segmentation when training with
different cross-entropy losses for a variable number of synthetic images
added to the baseline dataset.

The following key observations can be made:

o Adding as little as 500 synthetic training pairs already
makes a substantial difference in terms of overall perfor-
mance.

¢ Adding more than 2000 synthetic training pairs does not
provide extra benefits in general. Further performance
increase beyond this level might require higher-quality,
more diverse, more coherent synthetic images.

« FB struggles to balance training as more synthetic pairs are
added, due to the fact that it does not account for occur-
rence imbalance across the dataset. The precision drops
significantly as the network learns from an abundance
of zigzag markings and starts classifying other classes
incorrectly as zigzag.

o TB alleviates the precision drop of FB, but does not
outperform EQ consistently among all metrics.

Assuming that these observations hold similarly for the other
classes, 1000 synthetic training pairs of each respective class
were added to the baseline dataset as a proof of concept to
train enhanced networks (with the different loss functions).
From the results, as presented in Table I, the following key
observations can be made:

o By adding synthetic training pairs, IoU performance sim-
ilar to the state-of-the-art can be achieved when only very
few real-world examples are available. mIoU is increased
by 12.4% (comparing the best baseline and enhanced
models) without using any manual labelling effort.

o The enhanced networks always achieve better overall
performance (i.e IoU) by a substantial margin for the
equivalent cost function. Segmentation performance can
thus be boosted cheaply by the presented framework.

o TB outperforms FB in terms of F; and IoU in general,
because it accounts for the class imbalance across the
dataset that was artificially created by adding synthetic
pairs. TB offers a good trade-off between high precision
achieved by EQ and high recall achieved by FB.



TABLE I
PIXEL-WISE PERFORMANCE FOR RARE CLASSES FOR THE BASELINE (B) AND ENHANCED (E) MODELS

BUS STOP DIAGONAL TRIANGLE ZIGZAG MEAN

Model Loss PRE REC F; IoU PRE REC F; IoU PRE REC F; IoU PRE REC F; IoU PRE REC F; mloU
B EQ 61.6 178 276 161  59.1 246 347 218 60.7 411 490 344 659 225 336 201 618 265 362 23.1
B FB 64.7 263 373 228 588 31.0 406 264  60.1 477 532 369 647 348 453 295 621 350 441 28.9
B TB 62.2 19.1 292 17.1 584 333 424 277 599 51.6 534 394 623 313 417 265 607 338 422 27.7
E EQ 748 285 412 263 73.0 409 524 358 614 469 532 384 694 498 580 407 697 415 512 35.3
E FB 54.8 629 58.6 40.1 458 674 546 39.1 469 738 573 379 510 66.6 57.8 403 496 677 57.1 394
E TB 58.5 553 568 392 514 59.1 550 402 5038 751 60.6 434 614 573 593 425 555 61.7 579 41.3

Fig. 7.
together with the corresponding ground-truth (GT) label of the rare class, which is used for quantitative evaluation. The bottom two rows of each scene
depict the segmentation results for the best performing baseline (B) and enhanced model (E), respectively. The enhanced model provides more consistent
and correct segmentation of the rare classes, while retaining reasonable and sometimes achieving improved performance for other classes (e.g. green double
boundaries, blue separators, yellow parking spot separators, etc.).

C. Qualitative Evaluation

In Fig. 7, the best baseline and enhanced models are com-
pared qualitatively for different traffic scenes. All networks
are trained to predict the full set of 20 different road marking
classes, however scenes with the respective rare classes are
selected for visualization.

It is clear that adding synthetic images to the training
set results in more consistent and correct segmentation of
the rare classes, while retaining reasonable and sometimes
achieving improved performance for other classes. The latter
could be caused by the general increase of the number
of training examples and/or better balancing of the cost
function. The enhanced model trained with TB offers more
satisfying (i.e. less noisy) visual results than the baseline
model trained with FB. Furthermore, it is clear that full
segmentation of the road marking elements is possible from
partial labels when regularization techniques are applied
correctly. Thus, this framework offers an effective and ef-

Road marking segmentation (full set of classes) in traffic environments with rare classes. The fop two rows of each scene show the input image

ficient step towards a road marking classification system for
automated driving pipelines.

VI. CONCLUSION

We have presented a weakly-supervised approach for
improving road marking segmentation in complex urban
environments. To this end, we alter semantic labels of
real-world scenes with instances of chosen road markings
using domain randomization principles and synthesized cor-
responding, photo-realistic images to generate vast quantities
of synthetic training pairs, thereby avoiding the need for
expensive manual labelling. During deployment, we predict
20 classes of road markings in real time and we have
demonstrated quantitatively that this framework improves
mloU of rare classes by more than 12 percentage points
and thus reaches state-of-the-art performance with very few
real-world labels. This is achieved by introducing a new
class-weighted cross-entropy loss to balance the training of



synthetic datasets. Furthermore, we have shown qualitatively
that the segmentation performance for other classes is re-
tained. The presented framework can easily be extended
to include other classes or work under different conditions
and results can be expected to improve as more advanced
synthesizing networks will emerge in the future. Hence, road
layout randomization is an effective and efficient technique
to enhance road marking classification systems in automated
driving pipelines.
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Table 6.1: A qualitative comparison of frequency and total balancing for the zig-zag
road markings. The top row of every testing point displays the output prediction, the
bottom row shows the false positive (red) and true positive (green) pixels. The number of
false positive pixels increases with the number of synthetic training pairs for frequency
balancing; total balancing alleviates this problem.

Scene A Scene B

Ground Truth

# Synthesized

Training Pairs Frequency Balancing Total Balancing Frequency Balancing Total Balancing

500

1000

2000

3500

5718

6.2.2 Further Details

The reproduced publication shows quantitatively that the newly-introduced cost
function, which we referred to as total balancing, alleviates the precision drop that
results from training with the frequency-balancing cost function. This problem

arises when a large number of synthetic training pairs of a particular class are added



94 6.2. Data-Driven Road Marking Classification

Table 6.2: Additional qualitative results for the bus stop road marking class, following
the reproduced publication.

Ground Truth
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Table 6.3: Additional qualitative results for the diagonal road marking class, following
the reproduced publication.

Ground Truth

Baseline

Enhanced

to a smaller (hand-labelled), more heterogeneous dataset as frequency balancing
does not take this occurrence imbalance into account. Consequently, other road
marking classes may be falsely classified as the synthesized class as they are now a
minority class during training. We visualize this effect for the zig-zag road markings
in Table [6.1] It is clear that frequency balancing leads to more false-positive
pixels as the number of synthetic training pairs increases, thereby decreasing
the precision. Total balancing appears to be more robust to this occurrence
imbalance, showing similar performance in terms of the precision irrespective of

the number of synthetic training pairs.
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Table 6.4: Additional qualitative results for the warning triangle road marking class,
following the reproduced publication.

Ground Truth
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Enhanced =
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6.2.3 Further Results

We provide additional qualitative results for the rare classes studied in the pub-
lication in Table - 6.5 It is clear that the enhanced model provides more

consistent and correct segmentation of the rare classes.

Moreover, these scenes illustrate the difficulty of the task compared to the road
scene segmentation investigated in Chapter [3| Road markings are much smaller
than most of the scene classes, and there exists a higher degree of visual and
geometrical similarity among the various road marking classes. Currently, state-
of-the-art solutions for road marking classification achieve 40-45% mloU, while
the best methods for scene segmentation generally surpass 80% mloU. In order
to reach similar performance levels for the former task, alternative improvements
are likely necessary besides better and more data. Possibilities include embedding
priors regarding road marking construction directly into the network or changing
the network architecture to handle smaller classes better. Furthermore, partial
occlusions can easily lead to misclassifications, as discussed in the publication
in Appendix [C] These issues can be mitigated by tracking road markings over

consecutive frames.
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Table 6.5: Additional qualitative results for the zig-zag road marking class, following
the reproduced publication.
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Table 6.6: A comparison of different image-to-image translation frameworks for
synthesizing bus stop road markings.
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Semantic Label

Pix2PixHD |68

SPADE [104

6.2.4 Further Discussion

As mentioned previously, synthesizing high-resolution images from semantic maps
only became feasible recently with the introduction of the Pix2PixHD framework
. However, the normalization layers within its network attenuate semantic
information [104]. It is, therefore, difficult for the network to synthesize road
markings at a distance accurately. Instead, they become connected and blurred,
losing their distinctive shape and size, which is crucial for correct classification.
The authors resolve this issue in the follow-up work named SPADE. The

semantic maps modulate the activations in the normalization layers through a
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Table 6.7: A comparison of different image-to-image translation frameworks for
synthesizing diagonal road markings.

Semantic Label

Pix2PixHD |68

SPADE [104

spatially-adaptive learned transformation. In this way, small semantic details are
consistently enforced throughout the layers of the generator resulting in more realistic
road markings, especially at a farther distance. We demonstrate this improvement
with bus stop and diagonal road markings in Table [6.6 and Table [6.7] respectively.

It is reasonable to expect that these results will improve further over time as

computer vision researchers develop better frameworks for synthesizing images.

6.3 Qualitative Comparison

This section compares the model-driven and data-driven approach on several key
aspects. We limit our comparison to qualitative examples as (1) the model-driven
approach did not provide a quantitative evaluation and (2) the output representation
of the two approaches differs substantially (i.e. a parametrised model versus a
pixel-wise mask). We also provide some insights for combining the two approaches
so that the acquired semantic road markings are accurate, complete, and can be
integrated directly into the scene graph.

An advantage of both approaches is that they operate in a self-supervised way,
requiring no hand-labelling (except for the initial semantic maps of the data-driven

method, which were obtained from a pretrained Cityscapes model). Both approaches
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(b)

Figure 6.3: When the conditions are favourable (i.e. bright, newly-painted road
markings on dark tarmac), the model-driven, (a), and the data-driven approach, (b),
both accurately classify all the pixels belonging to the zig-zag road marking instance of
interest.

(b)

Figure 6.4: Whereas the model-driven approach, (a), outputs complete road marking
instances (i.e. parametrised models), the data-driven approach, (b), provides pixel-wise
masks. For the latter, this might lead to spatial inconsistencies over a single road marking
segment. The right segments of the diagonal markings (top, yellow in (a) and pink in
(b)) are classified incorrectly, possibly because they are partially occluded by the traffic
island and the image border. The pixels of the left zig-zag marking (bottom) are also
classified inconsistently, possibly because it is slightly degraded and partially occluded by
leaves.

achieve satisfactory results in favourable conditions (i.e. bright and non-degraded
linear road markings on dark tarmac), as shown in Figure . However, the two

approaches differ significantly in other aspects, as discussed below.

Output Representation

One crucial difference between the two approaches is the output representation.
Whereas the model-driven approach outputs road marking instances (i.e. parametrised

models) consisting of the classified pixels, the data-driven approach outputs a pixel-
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Figure 6.5: The data-driven approach does not track road markings over time, which
decreases the performance. In the first frame, (a), the diagonal road marking instance
is classified almost entirely correctly. However, a few frames later, (b), some segments
have changed to an incorrect class. This issue can be resolved by changing the network
architecture to include memory components.

wise mask. As the pixels are classified independently by the data-driven approach,
this may lead to spatial inconsistencies (i.e. pixels of the same linear road marking
segment classified differently). Two examples of this are given in Figure .
The ultimate purpose of a road marking classification system is to retrieve
semantic instances distinguished by the road rules they convey. From a decision
making perspective, there is no need to classify every road marking pixel correctly —
as only the semantic meaning and location are relevant. With that in mind, the
pixel-wise masks provided by the data-driven approach need to be post-processed
[83] into semantic instances, which can be integrated efficiently and conveniently

into the scene graph.

Tracking

As discussed in the publication in Appendix [C] it is desirable to track road markings
over consecutive frames. This improves temporal robustness and solves class
ambiguity when road markings become partially occluded. The current data-driven
approach is implemented on a per-frame basis (similar to the original U-Net) and

thus does not exploit temporal cues. This decreases the performance, as exemplified
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(b)

Figure 6.6: The model-driven approach relies on the assumption that road markings are
formed by collections of linear segments; therefore, it cannot classify arrows and letters,
(a). In contrast, the data-driven approach does not distinguish between those classes
because it classifies pixels independently, (b). The non-linear classes should ideally be
classified by the network and combined with the linear road marking instances obtained
by the model-driven approach.

in Figure [6.5] Fortunately, this issue can be resolved by changing the network

architecture to incorporate memory components such as LSTMs.

Symbols & Letters

Certain road marking classes of interest are not formed by collections of linear
segments (e.g. arrows, symbols, or letters). As this is the primary underlying
assumption of the model-driven approach, it is not able to classify those classes
correctly. In contrast, the data-driven approach works on a per-pixel basis; therefore,
there is no distinction between letters and separators, for example. The difference
between the two approaches is exemplified in Figure [6.6, The non-linear road
marking pixels should ideally be classified by the network, clustered into instances,
and combined with the semantic road marking instances retrieved by the model-

driven approach.
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6.4 Conclusion

This chapter compared a model-driven and a data-driven approach for road marking
classification. Both approaches work in a self-supervised way by employing the binary
road marking segmentation to reduce the required amount of manual labelling.

The model-driven approach retrieves linear road marking segments in the binary
segmentation because most road marking classes are formed by collections of
linear segments. A subsequent optimization step, constrained by road construction
definitions, clusters the linear segments into their semantic road marking classes. It
was demonstrated that this approach performs well under different conditions.

The data-driven approach synthesizes a training image for a predefined road
marking label. More specifically, we alter the semantic map and use state-of-the-art
image-to-image translation techniques to generate photo-realistic images. We have
shown that this is an efficient method for generating large-scale datasets for different
environments and that the quality of the synthesized images improves significantly
as image-to-image translation frameworks progress. Furthermore, the synthesized
datasets can be efficiently extended to multiple conditions with the techniques
presented in Chapter [3] We have also introduced a new class-weighted loss function
to boost the segmentation performance of rare road marking classes towards the
state-of-the-art, although it converges after a certain number of synthetic training
pairs. The most likely reason for this is that GANs suffer from mode collapse; hence,
there is little additional information in the extra training pairs. Several works have
studied generating informative images to improve beyond the initial convergence
point. These future directions are discussed in Section [8.3.2]

We have compared the two approaches qualitatively to provide insights into
some critical aspects for the real-world deployment of road marking classification
systems. The ultimate goal is to retrieve the underlying meaning of the road
markings in the scene, which serve as a basis for decision making. Whereas the
data-driven approach outputs a pixel-wise mask that needs to be post-processed
for this purpose, the model-driven approach outputs parametrized instances of

semantic road marking classes, which can be integrated directly into the scene
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graph. An advantage of the data-driven approach over the model-driven one is
that it extends to symbols and letters because it does not rely on underlying linear
models. Furthermore, we have shown the importance of tracking road markings
over subsequent frames to improve temporal robustness and resolve ambiguity when
road marking instances become partially occluded.

In conclusion, a complete road marking classification system combines aspects
of the two presented approaches. Integrating the retrieved semantic road marking

instances into the scene graph is left for further research.
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This chapter focusses on improving Inverse Perspective Mapping (IPM), another
prerequisite for generating accurate scene graphs. As demonstrated in previous
chapters, scene graphs are constructed from pixel-wise segmented road markings in
the front-facing image to describe the road layout. These segmentations, together
with the images, are generally transformed into a more convenient coordinate system
(i.e. a view) in order to be utilized effectively [30], [80]. This transformation is
commonly referred to as IPM. IPM takes the frontal view as an input and applies a
homography transformation, which maps the pixels to a different 2D coordinate
frame, to produce a top-down view of the scene known as a bird’s-eye view. Many

tasks in the autonomous driving pipeline benefit from this transformation because it
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changes the image perspective so that an object should appear the same irrespective
of its position in the IPM image, making registration and reasoning easier.

Traditional homography-based IPM relies on three assumptions: (1) the camera
is in a fixed position with respect to the road, (2) the road surface is planar, and (3)
the road surface is free of obstacles. A violation of any one of these assumptions will
degrade the quality of the IPM image [89], [107], |[108]. Another significant drawback
arises from the fact that distant objects occupy smaller pixel regions in the front-
facing image. These pixels are interpolated in order to create a dense bird’s-eye-view
image, leading to an unnatural blurring and stretching of farther-away objects such
as road markings [91]. Hence, these objects are more difficult to segment and no
longer adhere to the spatial and relational properties defined by road construction
definitions. We have shown in Section that such (minor) inaccuracies can lead
to significant qualitative differences in the semantic interpretation of a scene.

We have published an alternative adversarial learning framework, which produces
a significantly improved IPM, called boosted IPM, online from a single front-facing
camera image to overcome these limitations. The case for a learning framework is
supported by the fact that although the IPM transformation may seem complex,
it is not random. It is, in fact, structured but non-linear, and therefore this
mapping can be learned with a DNN.

The authors of [109] proposed the first generative learning approach for IPM
simultaneously with the publication of our work. In contrast to our work, which
demonstrates benefits for real-world data, they use synthetic data and learn to
generate a bird’s-eye view only for a small region surrounding the ego vehicle,
which is not sufficient for the type of scene understanding we aim to achieve in this
thesis. The authors of [91] later extended the ideas presented in our publication to
directly improve the output task (in their case lane detection) instead of optimising
for the most realistic bird’s-eye view.

Our publication is reproduced in Section [7.1} It demonstrates the use of a
new type of network architecture, the Incremental Spatial Transformer GAN,

which learns the extensive appearance transformation between the front-facing
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and bird’s-eye view incrementally. The network is trained in a self-supervised
way as the training data is generated automatically from the sensor calibrations
and VO. Boosted IPM leads to sharper road elements and a more homogeneous
illumination during inference while it allows for reasoning about the road layout
of occluded areas. Therefore, it is beneficial for scene understanding tasks such
as scene graph generation, and we demonstrate in the publication that it resolves
some of the aforementioned limitations. We expand upon the publication in the
remaining sections of this chapter.

In summary, this chapter makes the following principal contributions:

e A learned, improved alternative to the commonly-used homography-based
IPM for autonomous vehicles, boosted IPM, and its derivative, boosted RL
(T-1c).

o A method for generating data for training boosted IPM in a self-supervised

way from sensor calibrations and VO (T-2a).

e An evaluation of various extensions of boosted IPM and road marking
segmentation therein by using the CARLA driving simulator (T-1b and
T-1c).

Additionally, this chapter makes the following supporting contributions in collabora-

tion:

o A new network architecture, the Incremental Spatial Transformer GAN, for
learning image-to-image transformations with large appearance changes. The
network generates boosted IPM online from a single front-facing image under

different conditions (T-1c and T-3b).

o A demonstration of the advantages of boosted IPM for road marking segmen-
tation and the semantic interpretation of real-world road scenes, possibly in

the presence of occlusions and extreme illumination (T-1a, T-1b, and T-1c).
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7.1 Publication

This section contains a reproduction of the following publication:

[21] T. Bruls*, H. Porav®, L. Kunze, and P. Newman, "The right (angled)
perspective: Improving the understanding of road scenes using boosted inverse
perspective mapping", in Proceedings of the Intelligent Vehicles Symposium

(1V), Jun. 2019, pp. 302-3097]

lvideo accompanying the publication with extensive explanations and results: https://www.
youtube.com/watch?v=JL0AayZe1Do
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The Right (Angled) Perspective: Improving the Understanding of Road
Scenes Using Boosted Inverse Perspective Mapping

Tom Bruls*, Horia Porav*, Lars Kunze, and Paul Newman

Abstract— Many tasks performed by autonomous vehicles
such as road marking detection, object tracking, and path plan-
ning are simpler in bird’s-eye view. Hence, Inverse Perspective
Mapping (IPM) is often applied to remove the perspective effect
from a vehicle’s front-facing camera and to remap its images
into a 2D domain, resulting in a top-down view. Unfortunately,
however, this leads to unnatural blurring and stretching of
objects at further distance, due to the resolution of the camera,
limiting applicability. In this paper, we present an adversarial
learning approach for generating a significantly improved IPM
from a single camera image in real time. The generated bird’s-
eye-view images contain sharper features (e.g. road markings)
and a more homogeneous illumination, while (dynamic) objects
are automatically removed from the scene, thus revealing the
underlying road layout in an improved fashion. We demonstrate
our framework using real-world data from the Oxford Robot-
Car Dataset and show that scene understanding tasks directly
benefit from our boosted IPM approach.

I. INTRODUCTION

Autonomous vehicles need to perceive and fully un-
derstand their environment to accomplish their navigation
tasks. Hence, scene understanding is a critical component
within their perception pipeline, not only for navigation and
planning, but also for safety purposes. While vehicles use
different types of sensors to interpret scenes, cameras are
one of the most popular sensing modalities in the field, due
to their low cost as well as the availability of well-established
image processing techniques.

In recent years, deep learning approaches based on images
have been very successful and significantly improved the per-
formance of autonomous vehicles in the context of semantic
scene understanding [1], [2]. Many of these approaches take
images from a front-facing camera as their input. However,
images as well as their interpretations (i.e. segmented pix-
els) in this perspective are often transformed into a local
and/or global coordinate system (or view) to be utilized
effectively within tasks such as lane detection [3], [4], road
marking detection [5], road topology detection [6], [7],
object detection/tracking [8]-[10], as well as path planning
and intersection prediction [11], [12]. This transformation
is commonly referred to as Inverse Perspective Mapping
(IPM) [13]. IPM takes the frontal view as input, applies a
homography, and produces a top-down view of the scene by
mapping the pixels to a different 2D-coordinate frame, which
is also known as bird’s-eye view.

* equal contribution
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Fig. 1.
understanding of road scenes. Left: Top-down view created by applying a
homography-based IPM to the front-facing image (fop), leading to unnatural
blurring and stretching of objects at further distance. Right: Improved
top-down view generated by our Incremental Spatial Transformer GAN,
containing sharper features and a homogeneous illumination, while dynamic
objects (i.e. the two cyclists) are automatically removed from the scene.

Boosted Inverse Perspective Mapping (IPM) to improve the

In practice, IPM works well in the immediate proximity
of the vehicle (assuming the road surface is planar). How-
ever, the geometric properties of objects in the distance are
affected unnaturally by this non-homogeneous mapping, as
shown in Fig. 1. This limits the performance of applications
in terms of their accuracy and the distance at which they can
be applied reliably. More crucial, however, is the effect of
inaccurate mappings on the semantic interpretation of scenes,
where small inaccuracies can lead to significant qualitative
differences. As we demonstrate in Section V-B (Table I),
these qualitative differences can manifest themselves in many
ways, including missing lanes and/or late detection of stop
lines (or other critical road markings).



To overcome these challenges, we present an adversarial
learning approach which produces a significantly improved
IPM in real time from a single front-facing camera image.
This is a difficult problem which is not solved by existing
methods, due to the large difference in appearance between
the frontal view and IPM. State-of-the-art approaches for
cross-domain image translation tasks train (conditional) Gen-
erative Adversarial Networks (GANs) to transform images
to a new domain [14], [15]. However, these methods are
designed to perform aligned appearance transformations and
struggle when views change drastically [16]. The latter work,
in which a synthetic dataset with perfect ground-truth labels
is used to learn IPM, is closest to ours.

We demonstrate in this paper that we are able to generate
reliable, improved IPM for larger scenes than in [16], which
are therefore able to directly aid scene understanding tasks.
We achieve this in real time using real-world data collected
under different conditions with a single front-facing camera.
Consequently, we must deal with imperfect training labels
(see Section IV) created from a sequence of images and
ego-motion. An Incremental Spatial Transformer GAN is
introduced to address the significant appearance change
between the frontal view and IPM. Compared to analytic
IPM approaches our learned model is (1) more realistic with
sharper contours at long distance, (2) invariant to extreme
illumination under different conditions, and (3) removes
dynamic objects from the scene to recover the underlying
road layout. We make the following contributions in this
paper:

« we introduce an Incremental Spatial Transformer GAN

for generating boosted IPM in real time;

« we explain how to create a dataset for training IPM
methods on real-world images under different condi-
tions; and

o we demonstrate that our boosted IPM approach im-
proves the detection of road markings as well as the
semantic interpretation of road scenes in the presence
of occlusions and/or extreme illumination.

II. RELATED WORK

Improved IPM As indicated in Section I, many applica-
tions can be found in the literature that apply IPM. They rely
on three assumptions: (1) the camera is in a fixed position
with respect to the road, (2) the road surface is planar, and (3)
the road surface is free of obstacles. Remarkably, relatively
few approaches exist that aim to improve inaccurate IPM, in
case one or more of these assumptions are not satisfied.

Several works have tried to adjust for inaccuracies caused
by invalidity of the first two assumptions. The authors of
[17], [18] used vanishing point detection, [19] estimated the
slope of the road according to the lane markings, and [20]
employed motion estimation obtained from SLAM. Invalidity
of the third assumption is tackled in [21] by using a laser
scanner to exclude obstacles from being transformed to IPM.
Another approach [22]-[24] creates a look up table for
all pixels, by taking into account the distance of objects
on the road surface, in order to reduce artefacts at further

distance. However, these methods generally assume simple
environments (i.e. highway). Contrarily, we learn a non-
linear mapping more suited for urban scenes.

Very recently, [16] proposed the first learning approach
for IPM using a synthetic dataset. The authors introduced
BridgeGAN which employs the homography IPM to bridge
the significant appearance gap between the frontal view and
bird’s-eye view. In contrast, we use real-world data and
consequently imperfect labels to generate boosted IPM for
larger scenes. Therefore, our learned mapping is directly
beneficial for scene understanding tasks (see Section V-B).

Semantic IPM Several methods use the semantic relations
between the two views for different tasks. In [25], [26]
conditional random fields in the frontal view and IPM are
optimized to retrieve a coarse semantic bird’s-eye-view map
from a sequence of camera images. A joint optimization net
is trained in [27], [28] to align the semantic cues of the two
views. The authors then train a GAN to synthesize a ground-
level panorama from the coarse semantic segmentation. How-
ever, because aerial images differ significantly in appearance
from the ground view, there is a lack of texture and detail in
the synthesized images. We generate a more detailed IPM by
learning a direct mapping of the pixels from the frontal view
which is more useful for autonomous driving applications.

GANs for Novel View Synthesis The rise of GANs has
made it possible to generate new, realistic images from a
learned distribution. In order to guide the generation process
towards a desired output, GANs can be conditioned on
an input image [14], [29]. Until now, these methods were
restricted to perform aligned appearance transformations.

In [30], the spatial transformer module was introduced to
learn transformations of the input to improve classification
tasks. The authors of [31], [32] used similar ideas to syn-
thesize new views of 3D objects or scenes. More recently,
these two fields were combined in [33], [34]. In the latter
work, realistic compositions of objects are generated for a
new viewpoint. However, these techniques are limited to toy
datasets or distort real-world scenes with dynamic objects.

III. BOOSTED IPM USING AN INCREMENTAL SPATIAL
TRANSFORMER GAN

A. Network Overview

As a starting point, we use a state-of-the-art architecture
similar to the global enhancer of [29], without employing
boundary or instance maps. Additionally, as we expect a
slight change in scale from the homography-based IPM
image to the stitched training labels (see Section IV), we
refrain from using any pixel-wise losses and instead use
multi-scale discriminator losses [29] combined with a per-
ceptual loss [35], [36] based on VGG16 [37]. While VGG16
is trained on the ImageNet [38] dataset, thus being more
suitable for frontal rather than bird’s-eye-view images of road
scenes, we still leverage the stability of its encoded features
in this study. Retraining VGG16 on bird’s-eye-view images
of road scenes or swapping it out for a more suitable model,
may improve the quality of the generated images, but this is
beyond the scope of this study.
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Fig. 2. The architecture of the generator of the network. The bottleneck of
the model contains a series of IV sequential blocks. Each block performs an
incremental perspective transformation of n degrees, so that the bottleneck
as a whole transforms the features from frontal to bird’s-eye view. After
every transformation, the features are sharpened by a ResNet block before
the next transformation is applied. This process is depicted in more detail
in Fig. 3.

Our model follows a largely traditional downsample-
bottleneck-upsample architecture, where we reformulate the
bottleneck portion of the model as a series of Ngrgres blocks
that perform incremental perspective transformations fol-
lowed by feature enhancement. Each block contains a Spatial
Transformer (ST) [30] followed by a ResNet layer [39]. The
structure of the generator is presented in Fig. 2. For an in-
depth description of the remaining architecture, the reader is
directed towards the paper and supplemental material of [29].

B. Spatial ResNet Transformer

Since far-away real-world features are represented by a
smaller pixel area as compared to identical close-by fea-
tures, a direct consequence of applying a full perspective
transformation to the input is increased unnatural blurring
and stretching of the features at further distance. To coun-
teract this effect, our model divides the full perspective
transformation into a series of NgTres Smaller incremental
perspective transformations, each followed by a refinement
of the transformed feature space using a ResNet block [39].
The intuition behind this is that the slight blurring that occurs
as a result of each perspective transformation is restored by
the ResNet block that follows it, as conceptually visualized
in Fig. 3. To maintain the ability to train our model end-
to-end, we apply these incremental transforms using Spatial
Transformers [30].

Intuitively, a Spatial Transformer is a mechanism, which
can be integrated in a deep-learning pipeline, that warps an
image using a parametrization (e.g. an affine or homography
transformation matrix) conditioned on a specific input signal.
Formally, each incremental spatial transformer is an end-to-
end differentiable sampler, represented in our case by two
major components:

« a convolutional network which receives an input I of
size Hy « Wy = C, where Hy, Wi and C represent
the height, width, and number of channels of the input
respectively, and outputs a parametrization M. of a
perspective transformation of size 3 * 3, and;

o a Grid Sampler which takes I and M, as inputs, cre-
ates a mapping matrix My,,p of size Ho* W *2, where
Ho and Wy represent the height and width of the out-
put O. My, maps homogeneous coordinates [z, y, 1]7

E
.

\

Fig. 3. Conceptual visualization of the sequential incremental transforma-
tions (i.e. N = 3, from 0° to 90° degrees down the rows) occurring in the
bottleneck of the generator. The left column shows the features immediately
after the transformation is applied, consequently they are stretched and
blurred (e.g. BUS STOP letters). The right column shows how the ResNet
blocks learns to sharpen these features to create the improved IPM before
the next transformation is applied. Note that in reality the bottleneck has 512
feature maps instead of the 3 RGB channels depicted here for demonstration
purposes.

to their new warped position given by M, * [z, 9, 1]T
Finally, Mpap, is used to construct O in the following
way: O(z,y) = I(Mmap (%, v, 1), Mmap(z,y,2)).

In practice, it is non-trivial to train a spatial transformer
(and even less trivial; a sequence of spatial transformers)
on inputs with a large degree of self-similarity, such as
road scenes. To stabilize the training procedure, for each
incremental spatial transformer, we decompose M, =
Miocret * Miocpert; Where Migerer is initialized with an ap-
proximate parametrization of the desired incremental homog-
raphy, and Mjcpert 18 the actual output of the convolutional
network and represents a learned perturbation or refinement
of Mlocref-

C. Losses

Our architecture stems from [29], but does not make use
of any instance maps. Due to the potential misalignment
between the output of the network and the labels (see
Section IV), we rely on a multi-scale discriminator loss and
a perceptual loss based on VGG16. With a generator G,



k" scale discriminator Dy, and Lgan(G, D) being the
traditional GAN loss defined over k = 3 scales as in [29],
the final objective thus becomes:

ﬁtot:mén((Dl%a;(Dg > Lean(G, D))+
k=1.2,3
Q)
Aem Y Lem(G, Di) + AveaLvaa(G)),

k=1,2,3
where Lpn (G, Dy) is the multi-scale discriminator loss:

Ip
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and Lyca(G) is the perceptual loss:

lp

1
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(3)
with {p denoting the number of discriminator layers used in
the discriminator loss, [ p denoting the number of layers from
VGG16 that are utilized in the perceptual loss, and Iinput
and I},p) being the input and label images, respectively. The
weights w; = 2!~% are used to scale the importance of each
layer used in the loss.

D. Implementation details

We choose NSTRes =6, Ndownsample =4, Nupsample =4
and lp = [p = 4. Furthermore, for training, we employ the
Adam solver using a base learning rate set at 0.0002, and a
batch size of 1, training for 200 epochs. For the loss trade-
off, we empirically set Apyy = 5 and Ayvgg = 2. We train
our network using 8416 overcast and 4894 nighttime labels.
At run time, the network performs inference in real time
(=~ 20Hz) using an NVIDIA TITAN X.

IV. CREATING TRAINING DATA FOR BOOSTED IPM

To evaluate our approach, we use the Oxford RobotCar
Dataset [40], which features a 10-km route through urban en-
vironments under different weather and lighting conditions.

In order to create training labels which are a better repre-
sentation of the real world than the standard, homography-
based IPM, we use a sequence of images from the front-
facing camera and corresponding visual odometry [41], and
merge them into a single bird’s-eye-view image.

From the sensor calibrations and the camera’s intrinsic
parameters, we compute the transformation which defines
the one-to-one mapping between the pixels of the front-
facing camera and the bird’s-eye view. Then, using the
relative transform obtained by visual odometry between the
current image frame of the sequence and the initial frame,
we stitch the respective pixels of the current frame into the
IPM image at the correct pixel positions. This operation is
performed iteratively, overwriting previous IPM pixels with
more accurate pixels of subsequent frames, until the vehicle
has reached the end of its field of view of the initial image.

Fig. 4. Examples of created training pairs (which show the difficulties of
using real-world data) by stitching IPM images generated from future front-
facing camera images using the ego-motion obtained from visual odometry.
The left example illustrates (1) movement of dynamic objects by the time the
images are stitched and (2) stretching of objects because they are assumed
to be on the road surface. The right example shows a significant change of
illumination conditions. Both show inaccuracies at further lateral distance
(e.g. wavy curb) because of sloping road surface and possibly imprecise
motion estimation.

As the training labels are created from real-world data (in
contrast to the synthetic data of [16]), their quality is limited
by several aspects (see examples in Fig. 4):

e Minor inaccuracies in the estimation of the rotation
of the vehicle and sloping road surface can lead to
imprecise stitching at further lateral distance.

o Consecutive image frames may vary significantly in
terms of lighting (e.g. due to overexposure), leading
to illumination differences in the label which do not
naturally occur in the real-world.

¢ Dynamic objects in the front-facing view will appear in
a different position in future frames. Consequently, they
will appear in unexpected places in the label.

« Objects above the road plane (e.g. vehicles, bicyclists,
intersection islands, etc.) undergo a large deformation
due to the view transformation. We cannot obtain accu-
rate labels for these in real-world scenarios.

Due to the aforementioned drawbacks, no direct relation
exists between the output (boosted IPM) of our network and
the stitched labels. Therefore, it is impossible to incorporate
a direct pixel-wise loss function, or employ super-resolution
generating networks such as [42]. On the other hand, since
we use a sequence of future images, regions that were
previously occluded by (dynamic) objects in the initial view
are potentially revealed later. This gives the network the



Fig. 5.

ability to learn the underlying road layout irrespective of
occlusions or extreme illumination.

V. EXPERIMENTAL RESULTS

In this section we present qualitative results generated
under different conditions. Due to the nature of the problem,
it is extremely hard to capture ground-truth labels in the
real world (see Section IV), and thus to present quantitative
results for our approach. Furthermore, the synthetic dataset
used in [16] is not publicly available. However, we demon-
strate that our boosted IPM has a significant qualitative effect
on the semantic interpretation of real-world scenes. Lastly,
we show some limitations of the presented framework.

A. Qualitative Evaluation

Fig. 5 shows qualitative results on a RobotCar test dataset.
The results demonstrate that the network has learned the
underlying road layout of various urban traffic scenarios.
Semantic road features such as parking boxes (i.e. small
separators) and stop lines are inferred correctly. Furthermore,
dynamic objects, which occlude parts of the scene, are
removed and replaced by the correct road/lane boundaries,
making the representation more suitable for scene under-
standing and planning. The boosted IPM contains sharper

Boosted IPM generated by the network (bottom) under different conditions compared to traditional IPM generated by applying a homography
(middle) to the front-facing camera image (top). The boosted birds-eye-view images contain sharper features (e.g. road markings), more homogeneous
illumination, and automatically remove (dynamic) objects from the scene. Consequently, we infer the underlying road layout, which is directly beneficial
for various tasks performed by autonomous vehicles.

road markings, which improves the performance of tasks
such as lane detection. Lastly, the new view offers a more
homogeneous illumination of the road surface, which is
beneficial for all tasks that require image processing.
Additionally, we show that our framework is not limited
to datasets recorded under overcast conditions. Although
artificial lighting during nighttime introduces artefacts in
the output, we are still able to significantly improve the
representation of the underlying layout of the scene.

B. Employing Boosted IPM for Scene Interpretation

We demonstrate the effectiveness of our improved IPM
approach for the application of road marking detection [43]
and scene interpretation [44] (cf. Table I). Table I shows
the original front-facing camera image, the bird’s-eye views
(homography-based as well as our boosted IPM) and their
corresponding road marking detections, and the generated
graph-based scene description.

The input to the scene interpretation process is the binary
image mask of the detected road markings. Within these
experiments this input is either provided by the homography-
based IPM or by our boosted [IPM. We then cluster the road
marking pixels into groups and compute a set of spatial



TABLE I
QUALITATIVE EFFECTS OF IPM METHODS ON ROADMARKING DETECTION AND SCENE INTERPRETATION

Original Road marking Detection [43]

Homography

Boosted IPM

Scene Interpretation [44]
(generated from detected road markings)

n
&)

properties and relations. Based on the spatial information
and a learned probabilistic grammar, which captures the
road layout of scenes, a hierarchical, graph-based scene
description is generated including information about roads,
lanes and road markings (which are grounded in image
space). The reader is directed towards [44] for more details.

As the overall scene interpretation is based on the seg-
mentation of road markings, the quality of the road marking
detection has a major impact on the generated scene graph,
as demonstrated later. Experimentally, we have verified that
boosted IPM allows us to more robustly detect road markings
(1) at greater distance and (2) in more detail, and (3)
infer road markings occluded by dynamic objects such as
cars and cyclists. These improvements are possible because
boosted IPM contains sharper features with more consistent
geometric properties (at further distance) and learns the
underlying road layout.

We have trained a road marking detection network for each
view separately (because we expect a difference in learned
features) with an equivalent setup according to [43]. Labels
(in the front-facing image) were generated automatically by
using the techniques of [43] and mapped down into IPM to
match the input images. In addition, the boosted IPM road
marking labels were stitched similarly to the camera images.
Although the labels are not equivalent to the ground-truth,
they have proven to be sufficient for training purposes if
regularization techniques are applied. The increase in per-
formance for road marking detection in the boosted IPM has
immediate consequences for the interpretation of scenes. In
general, all interpretations (scene graphs) benefit from more

accurate road marking detection. Table I depicts qualitative
differences in the scene graphs'. In the following we discuss
the individual scenes.

Scene (A) The vehicle approaches a pedestrian crossing
which is signaled by the upcoming zig-zag lines (visible
at the top of the image). While these road markings are
visible to the human eye in the homography-based IPM,
the trained road marking detection network was not able to
detect them because of the stretching and blurring at further
distance. However, our boosted IPM produced a bird’s-eye-
view image with sharper contours for the zig-zag lines
and correct reconstruction of the road markings occluded
by the vehicle. This resulted in an improved scene graph
which not only captured the right boundary of the ego lane,
but also a previously undetected second lane on the right.
Such qualitative differences have substantial impact on the
planning and decision making of the vehicle.

Scene (B) The vehicle drives on a road with four lanes
— two inner lanes for vehicles and two outer lanes for
cyclists — and experiences a sudden change in illumina-
tion (from a darker foreground to a brighter background).
This is clearly visible in the homography-based IPM and
consequently leads to a poor detection of road markings. In
contrast, our boosted approach produces a top-down view
which inpaints learned semantic cues (i.e. road markings)
directly over the overexposed area and also excludes the
two cyclists. Hence, the resulting scene graph captures more

!In the scene graphs, the qualitative differences resulting from our boosted
IPM method are indicated by filled nodes grouped in blue boxes.



detail as well as an extra lane which was missed in the
segmentation resulting from the standard approach.

Scene (C) The vehicle approaches a pedestrian crossing
which is indicated by both zig-zag and stop lines. Again, the
distorted and blurry image resulting from the homography-
based IPM leads to a poor detection of road markings. Our
boosted approach has generated a more detailed view which
led to better road marking detection including the successful
identification of the stop lines. The resulting scene graph
based on the homography-based IPM not only misses a lane,
but crucially also both stop lines.

Such qualitative differences clearly demonstrate the advan-
tage of our proposed method as they have a direct impact
on planning and decision making of autonomous vehicles.
While the detection and interpretation of road markings at a
greater distance will enable an autonomous vehicle to adapt
its behaviour earlier, the detection of road markings behind
moving objects will lead to performance that is more robust
and safer even when the scene is partly occluded.

C. Failure Cases

Under certain conditions, the boosted IPM does not accu-
rately depict all details of the bird’s-eye view of the scene.

As we cannot enforce a pixel-wise loss during training
(Section IV), the shape of certain road markings is not
accurately reflected (illustrated in Fig. 6). Improvement of
the representation of these structural elements will be inves-
tigated in future work.

Furthermore, the spatial transformer blocks assume that
the road surface is more or less planar (and perpendicular
to the z-axis of the vehicle). When this assumption is not
satisfied, the network is unable to accurately reflect the
top-down scene at further distance. This might be solved
by providing/learning the rotation of the road surface with
respect to the vehicle.

VI. CONCLUSION

We have presented an adversarial learning approach for
generating boosted IPM from a single front-facing camera
image in real time. The generated results show sharper fea-
tures and a more homogeneous illumination, while (dynamic)
objects are automatically removed from the scene. Overall,
we infer the underlying road layout, which is directly ben-
eficial for tasks performed by autonomous vehicles such as
road marking detection, object tracking, and path planning.

In contrast to existing approaches, we used real-world
data collected under different conditions, which introduced
additional issues due to varying illumination and (dynamic)
objects, making it impossible to employ a pixel-wise loss
during training. We have addressed the significant appearance
change between the views by introducing an Incremental
Spatial Transformer GAN.

We have demonstrated reliable, qualitative results in dif-
ferent environments and under varying lighting conditions.
Furthermore, we have shown that the boosted IPM view
allows for improved hierarchical scene understanding.

§

Fig. 6. Two cases in which the output of the network does not accurately
depict the top-down view of the scene. In the left image, the road marking
arrow is deformed, because we cannot employ a pixel-wise loss. In the
right image, the road surface is not flat (sloping upwards), consequently
the spatial transformer blocks attempt to map parts of the scene above the
horizon, for which the features are not learned.

Consequently, our boosted IPM approach can have a
significant impact on a wide range of applications in the
context of autonomous driving including scene understand-
ing, navigation, and planning.
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(b)

Figure 7.1: Generating a label for self-supervised boosted IPM training. From left to
right, an increasing number of front-facing images, (a), is mapped into IPM with the
homography transformation. As this transformation is fairly accurate close to the vehicle,
it is possible to generate a detailed bird’s-eye view by stitching the nearby pixels into the
label at the pixel locations according to the ego motion obtained from VO, (b). The red
line indicates the boundary up to which the label is stitched in every instance. The label
becomes increasingly less distorted and better corresponding to the real world until the
vehicle reaches the end of the field of view of the first image and the label is completed.

7.2 Further Details

Figure [7.1] visualizes the way a boosted IPM label is generated incrementally from
VO and front-facing camera images, as explained in the publication (Section IV).
Boosted IPM is learned in a self-supervised way and therefore does not require any
human effort. The reader is referred to the videdﬂ accompanying our publication

for a more detailed visualization of this process.

7.3 Further Results

This section presents further qualitative and quantitative results for several variants

of boosted IPM and road marking segmentation therein.

’https://www.youtube.com/watch?v=JL0AayZe1Do
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Figure 7.2: We evaluate three extensions of the standard boosted IPM framework,
consisting of a generator G and a discriminator D with losses following [68]: (1) adding
an ¢1-loss to boosted IPM, (2) adding a road marking task with a segmentation network
S, and (3) a combination of the two aforementioned extensions. The CARLA driving
simulator allows for pixel-wise evaluation as it provides a precise bird’s-eye-view ground
truth.

It is extremely difficult to acquire ground-truth labels in the real world due to
the nature of the problem; therefore, we captured the required data in the CARLA
driving simulator . Since CARLA is a virtual environment, the viewpoint of
the camera can be changed into a bird’s-eye view to retrieve precise ground truth
for training and testing the presented framework. We trained all variants on a
sequence of 3000 images using the settings listed in the publication and tested

on a different sequence of 1498 images.

7.3.1 Boosted IPM

The precise ground truth allows for evaluating three additional variants of boosted

IPM, as visualized in Figure[7.2] Overall, we compare five different types of IPM:

1. Traditional homography-based IPM, estimated from manually-selected point

correspondences.

2. Boosted IPM.
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3. Boosted IPM (+ ¢;) with an additional ¢;-loss (with A, = 10 as in [110]).

4. Boosted IPM (4+ RM) with a second output task to segment the road markings,
which acts as an additional regularizer to the regularization achieved by the
discriminator. This specifically enforces correct road markings in the boosted
IPM, which are crucial for generating the scene graph. The segmentation

network is equivalent to Chapter |5 and Agy = 10.

5. Boosted IPM (+ ¢; + RM) with both the additional ¢;-loss and the road

marking segmentation task.

Qualitative Evaluation

Table presents qualitative results for boosted IPM in the CARLA environment.
It includes results for (2) boosted IPM and (5) boosted IPM (+ ¢; + RM) as the
latter variant performs the best in the quantitative evaluation presented in Table
[7.2] For all of the scenes, the learned IPM versions represent the geometry of the
scene more accurately and contain sharper and more consistent road markings
than (1) homography-based IPM. More specifically, the following observations

are made for the various scenes:

e Scene A. The pedestrian crossing farther away is geometrically represented
best by (5) boosted IPM (4 ¢; + RM). This makes segmentation and
registration easier and, in turn, allows the vehicle to adjust its behavior

accordingly at an earlier time.

» Scene B-D. All but (5) boosted IPM (4 ¢; + RM) fail to accurately generate

the horizontal stop lines, which are critical for safe driving, at farther distances.

» Scene E-F. (1) Homography-based IPM blurs and stretches the road markings
significantly due to the road cornering and pitching. The boosted IPM versions
are not perfect but provide a more accurate representation of the actual road

layout.
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Table 7.1: A qualitative comparison of various types of IPM in the CARLA simulator.

Scene Ground Truth (1) Homography IPM (2) Boosted IPM (5) Boosted IPM (+ (; + RM)
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Scene Ground Truth (1) Homography IPM (2) Boosted IPM (5) Boosted IPM (+ (; + RM)
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Table 7.2: A quantitative comparison of various types of IPM in the CARLA simulator.

FULL IMAGE ROAD SURFACE

SSIM+ PSNR{ VGG-loss| SSIM+ PSNR

(1) Homography IPM 0.8606  20.5530 0.5622 0.9266  23.7386
(2) Boosted IPM 0.9096  26.1032 0.3669 0.9580  30.3472
(3) Boosted IPM (+ £,) 0.9100  27.3554 0.3689 0.9583  31.9367
(4) Boosted IPM (+ RM) 0.9099  26.1366 0.3633 0.9584  30.4551
(5) Boosted IPM (+ ¢, + RM) 0.9134 27.8057  0.3632  0.9595  32.1687

e Scene G-H. There is relatively little difference between the two boosted
IPM variants. However, compared to (1) homography-based IPM, the lane
geometries are easier to distinguish and more accurately resemble the ground
truth. It is worth noting that (5) boosted IPM (4 ¢; + RM) does extend the

lane markings farther into the distance than (2) boosted IPM in scene H.

The reader is referred to the Vide(ﬂ accompanying our publication for additional

qualitative results on real-world data of the Oxford RobotCar dataset.

Quantitative Evaluation

Table presents quantitative results for the various IPM types in the CARLA
environment. Following [109], we evaluate three metrics: SSIM, PSNR, and
a perceptual loss based on the VGG-network [68]. SSIM measures structural
differences in the generated image, PSNR detects low-level differences, and the
perceptual loss is calculated using learned features and designed to correlate well
with human vision. We test on the full image as well as only on the road surface as
the other parts of the IPM image are irrelevant for understanding the road layout.

The following observations are made from the results presented in the table:

« All boosted IPM versions perform better than (1) homography-based IPM
across all metrics. Although homography-based IPM requires less computa-

tional effort, boosted IPM can also be generated online.

3https://www.youtube.com/watch?v=JL0AayZe1Do
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Figure 7.3: We evaluate the PSNR of the various types of IPM for four longitudinal
quarters of the full image. The PSNR of (1) homography-based IPM decreases with
distance, whereas it remains relatively constant for the boosted IPM variants.
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Figure 7.4: We evaluate the PSNR of the various types of IPM for four longitudinal
quarters of the road surface. The PSNR of (1) homography-based IPM decreases with
distance, whereas it remains relatively constant for the boosted IPM variants.

« (5) Boosted IPM (+ ¢; + RM) outperforms all other methods. This is
expected as the transformation to a perfect bird’s-eye view can be seen as

shape-altering and de-blurring.

» (3) Boosted IPM (+ ¢;) slightly outperforms (4) boosted IPM (4+ RM),
likely because we evaluate the full image/road surface and not just the road

markings.
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We also evaluate the differences between the IPM variants as a function of the
distance for the full image and only the road surface in Figure and Figure [7.4]
respectively. We compare the PSNR for every quarter of the IPM image, where
the first quarter is closest to the vehicle and the fourth quarter farthest away. It
is clear that as the distance increases, the PSNR of (1) homography-based IPM
starts to decrease, which is expected as the front-facing image contains fewer pixels
in these regions resulting in blurred and stretched objects. The PSNR of the
boosted IPM variants remains relatively constant across the quarters, and thus
the most significant performance increase is achieved at farther distances. This
aligns with the original motivation behind boosted IPM (and with [91]) to improve

scene understanding at farther distances specifically.

7.3.2 Road Marking Segmentation in Bird’s-Eye View

As demonstrated in the reproduced publication, the quality of the road marking
segmentation impacts the quality of the generated scene graph directly. We
have shown using real-world data that boosted IPM allows for more robust road
marking segmentation (1) at greater distances and (2) in more detail, and (3)
infers road markings occluded by dynamic objects. Here, we evaluate the benefits
of boosted IPM for road marking segmentation qualitatively and quantitatively
in the CARLA environment.

Following the methodology of [91] for high-way scenarios, we introduce another
variant of boosted IPM, which we refer to as boosted RL (Road Layout). This
variant generates a bird’s-eye-view image that only represents the road layout (i.e.
lane geometries and symbols) instead of the full image and is thus not tasked with
modelling appearance, as visualized in Figure [7.5] This information is ultimately
sufficient for generating the scene graphs studied in Chapter [df We compare road

marking segmentation in four variants of IPM split into two different cases:

e Training a road marking segmentation network equal to the one described in
Chapter |5 on the generated (1) homography-based IPM, (2) boosted IPM, or
(6) boosted RL (4 ¢1).
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Figure 7.5: Instead of generating a full boosted IPM image, we adjust the framework to
generate only the road layout (i.e. lane geometries and symbols) and refer to this variant
as boosted RL. This allows the generator to focus on generating correct road markings
instead of appearance, which in our case is sufficient for generating the scene graphs.

o Training a road marking segmentation network end-to-end in the boosted

IPM framework (5) boosted IPM (4 ¢; + RM).

For the first case, we only train the road marking segmentation network on the
bottom half of the image (closest to the vehicle) but test on the full image. This
prevents overfitting to the blurred and stretched road markings at a farther distance
that do not accurately represent the true lane geometries. The network only achieves
satisfactory performance during testing if the road markings are consistent in shape
and size across the bird’s-eye view, which is the distinguishing factor between

homography-based and boosted IPM.

Qualitative Evaluation

Table presents qualitative results for road marking segmentation in the various
I[PM variants in the CARLA environment. It is clear that the road markings become

increasingly blurred and stretched as the distance increases in (1) homography-based
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Table 7.3: A qualitative comparison of road marking segmentation in the various types
of IPM in the CARLA simulator.

Scene Ground Truth (1) Homography IPM (5) Boosted IPM (+ ¢; + RM) (6) Boosted RL (+ ¢;)
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Table 7.4: A quantitative comparison of road marking segmentation in the various types
of IPM in the CARLA simulator.

Pre Rec F; IoU

(1) Homography IPM 64.15 43.07 50.63 35.69
(2) Boosted IPM 58.49 56.92 57.19 44.16
(5) Boosted IPM (+ £, + RM) 67.37 5492 59.35 46.43
(6) Boosted RL (+ ¢1) 67.05 57.30 61.00 48.26

IPM; consequently, they are difficult to segment. In contrast, the boosted IPM
variants provide sharper road markings that are better segmented and are therefore
beneficial for generating scene graphs. (6) Boosted RL slightly outperforms (5)
boosted IPM (+ ¢; + RM), likely because the generator is forced to focus on
generating only the road layout. Nevertheless, it remains challenging to generate
symbols and letters accurately from the small number of pixels in the front-facing

image with the current methods.

Quantitative Evaluation

Table [7.4] presents quantitative results for road marking segmentation for the

various types of IPM. The following observations are made:

o All types of boosted IPM improve road marking segmentation substantially
compared to (1) homography-based IPM. This is expected as boosted IPM

provides sharper and more consistent road markings at farther distances.

e (4) Boosted IPM (+ ¢; + RM) and (6) Boosted RL (4 ¢;) both perform
better than (2) Boosted IPM. This indicates that it is beneficial to incorporate
additional losses that directly enforce the correct generation of the road

markings instead of only an image discriminator.

e (6) Boosted RL (+ ;) outperforms (4) Boosted IPM (+ ¢; + RM), likely
because the generator is able to focus entirely on generating correct road

layouts instead of a full IPM image and its appearance.
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7.4 Further Discussion

As illustrated in the publication, boosted IPM is able to predict the underlying
road layout of areas that are occluded by either dynamic objects or overexposure.
The main reason for this is that the stitching method potentially reveals previously
occluded areas in the training label. We have demonstrated in the publication that
the removal of dynamic objects is beneficial for interpreting the scene. However,
not all cars are removed in boosted IPM, which is expected as some (parked)
cars still appear in the stitched labels. An alternative approach for dealing
with dynamic objects was recently published [32]. The bird’s-eye view clearly
indicates which areas cannot be observed from the front-facing images and are
therefore predicted. This is vital information for safety-critical applications such
as autonomous vehicles. Furthermore, we did not observe any noticeable problems
related to severe illumination shifts within the labels. The most likely reason for
this is that these labels occur relatively infrequently in the dataset. The CARLA
simulator provides a reproducible environment for a thorough investigation of
the influence of lighting, weather, and other traffic participants on boosted IPM.
This is left for future research.

The presented framework currently has two main limitations. Firstly, the
assumption of a planar road surface does not always hold. This gives rise to minor
inaccuracies in the training labels or incorrect regions in the boosted IPM, as
visualized in the publication. A straightforward way to improve the labels is to
estimate the roll and pitch of the road surface from 3D information [111]. The
network input can also be extended with such information, for instance, a height
map of the road surface to improve the generated boosted IPM. Secondly, although
boosted IPM generates more consistent road markings and thereby improves road
marking segmentation, not all road layouts are generated accurately. The newly-
introduced variant called boosted RL seems promising, but it might be beneficial
to include domain knowledge regarding road construction to further restrict the

generator towards realistic road markings and road layouts.
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7.5 Conclusion

This chapter improved IPM, an important prerequisite for generating accurate
scene graphs. Traditional homography-based IPM introduces (minor) inaccuracies
that may lead to significant differences in the semantic interpretation of the scene.
We have introduced boosted IPM, which is learned in an adversarial framework,
to resolve these limitations.

Boosted IPM is generated by a new architecture called the Incremental Spatial
Transformer GAN. It consists of a sequence of spatial transformers and ResNet
blocks which incrementally map the front-facing image towards a bird’s-eye view.
We have introduced a way to generate training pairs automatically from front-
facing images by leveraging VO and thereby facilitate self-supervised learning.
Boosted IPM contains sharper road markings and more homogeneous illumination
while dynamic objects are potentially removed from the scene, thus revealing the
underlying road layout in an improved fashion.

We have demonstrated the positive effect of boosted IPM on the generation
of scene graph qualitatively with real-world data. Since the performance of
road marking segmentation improves in boosted IPM, it is beneficial for the
interpretation of scenes and consequently can lead to safer planning and decision
making. Furthermore, we evaluated various extensions of boosted IPM quantitatively
in the CARLA simulator. This showed that including specific losses or tasks that
focus on generating accurate road markings leads to improvements over the standard
boosted TPM. More specifically, the newly-introduced boosted RL, which only

generates the road layout, seems promising for future research.
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In this chapter, we review the work and research contributions presented in

this thesis.

We further present a discussion on the broader impact of the work

and future directions of the three main themes.

8.1 Summary

This thesis devised effective representations for road scene understanding from

in-situ perception, which can be employed directly for planning and decision making

in various complex urban environments and under wide-ranging environmental

conditions.

Pixel-wise semantic segmentation is a common representation for

road scene understanding in autonomous driving pipelines due to its versatility in

describing a

wide variety of scenes. However, it is limited in its direct usefulness

133
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for decision making for several reasons, which we aimed to resolve in this thesis.
In the process of achieving this, we have designed scalable learning techniques and
improved robustness under adverse environmental conditions.

Chapter [3| extended semantic segmentation towards a wide range of adverse
weather and lighting conditions. The segmentation performance decreases drastically
in these cases because the input condition differs significantly from the overcast data
on which the DNN was trained. This issue was resolved by implementing a framework
of lightweight input adapters to map the different conditions to an appearance-
invariant representation, which is the optimal input for the pretrained segmentation
network. It was demonstrated that explicitly splitting these two tasks leads to better
performance than training separate networks for each respective condition. Moreover,
we employed image-to-image translation techniques to alter the appearance of an
image while maintaining consistency with the semantic label, thereby generating
vast quantities of training pairs for different conditions automatically.

Nevertheless, the resulting pixel-wise output representation (1) does not naturally
support the high-level reasoning required for complex driving manoeuvres, (2) lacks
a semantic understanding of the road rules (i.e road markings), and (3) is performed
in the front-facing perspective, which does not align with the vehicle’s action space.
Chapter [ resolved the first limitation by demonstrating a hybrid framework, which
combines pixel-wise segmentations and object-centric perception to generate a graph-
based scene description, the scene graph, that can be linked to the vehicle’s action
space and prior domain knowledge regarding road construction. This description
requires various prerequisites such as curbs, a semantic understanding of the road
markings, and an accurate IPM, which are challenging to obtain. We overcame
some of these challenges in Chapter [f - [7]

Chapter 5| presented a first step towards a semantic understanding of the road
markings by training a DNN for binary segmentation. We limited the required
labelling effort by leveraging LiDAR reflectance values and domain knowledge to
generate vast quantities of training pairs automatically. Although these pairs might

be approximations, we have demonstrated qualitatively that they are sufficient for
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road marking segmentation if dropout is employed correctly. Furthermore, it was
shown quantitatively that (pre)training on these pairs improves the performance in
other domains where LiDAR and labelled data are unavailable. Even though this
framework extends to different conditions, severe lens distortions due to raindrops
significantly degrade the road marking segmentation performance. We demonstrated
an image-to-image translation network that de-rains the images in order to resolve
this issue. This method restored the segmentation performance and outperformed
a network trained on rainy images and their corresponding labels.

However, the binary segmentation does not capture the road rules required
for decision making, as conveyed by the semantic meaning of the road markings.
Chapter [6] compared a model-driven and data-driven approach for road marking
classification; both are implemented in a self-supervised way and employ the binary
segmentation. The model-driven approach uses CORAL to fit linear models to
the segmentation output and groups these models into semantic road marking
instances by following road construction definitions. We showed qualitatively that
this approach achieves an understanding of the road rules under various conditions.
The data-driven approach employs image-to-image translation to synthesize a photo-
realistic image for a predefined label, thereby generating vast quantities of the
desired training pairs automatically. We showed quantitatively that these training
pairs boost performance for rare road marking classes. Furthermore, we have
introduced a new class-weighted cost function to retain performance in the presence
of a large number of synthetic training pairs of a particular class.

Another essential prerequisite for generating the scene graph is accurate IPM.
Traditional homography-based IPM deforms the shape of the road markings, which
can lead to substantial errors in the semantic interpretation of scenes. Chapter
[7 introduced a learned mapping from the front-facing image to a bird’s-eye view,
called boosted IPM. This view is generated by a new network architecture, called the
Incremental Spatial Transformer GAN. The network is trained in a self-supervised
way using VO and the sensor calibrations of the ego vehicle. Boosted IPM provides

sharper road markings and a more homogeneous illumination while it allows for
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reasoning about the road layout in occluded regions. We demonstrated qualitatively
that this is beneficial for scene graph generation in real-world scenarios. We
showed quantitatively in a physics-based simulator that our method outperforms
homography-based IPM and is improved by adding losses and output tasks that

act as additional regularizers.

8.2 Broader Impact

A long-standing debate that divides the Al community centres around whether
we can solve any problem with more data and computational power or if there
is still a need for exploiting human domain knowledge. Advancements such as
AlphaGo (Zero) [112] seem to indicate the former; however, one should realise that
the entire distribution of possibilities in simulated environments is narrow and
therefore can be feasibly learned with finite resources.

In contrast, autonomous driving has an extremely long tail of different traffic
situations and environmental conditions. One can quickly encounter scenarios that
were not covered sufficiently during training. It seems inconvenient and most likely
impossible (at least in the near future) to solve this problem by employing more
data and computational power. The current solution encodes domain knowledge
manually in order to work around these exceptions.

Although we have opted for a different approach in this thesis, HD-maps are a
way of manually inserting domain knowledge into the system to make autonomous
driving possible in geofenced areas. Another example of this is designing network
architectures that explicitly learn or leverage mid-level representations, which
humans envision to be valuable for learning the task of interest. This has proven
to be beneficial in several recent works |113], [114].

We adopted the latter paradigm for autonomous driving in several chapters
of this thesis by exploiting the fact that driving decisions are not influenced by
environmental conditions (when accurate vehicle control is possible). This means
that there must exist an appearance-invariant mid-level representation that encodes

all necessary information. In Chapter [3| we introduced a framework that optimizes
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explicitly for such a representation by "stripping" the appearance from the image.
Similarly, we de-rained (i.e. stripped the appearance) images before segmenting
the road markings in Section [5.4]

Lastly, we also demonstrated appearance-invariant and task-oriented (i.e. Boosted
RL) representations in Chapter E] These representations emerged from two similar
realisations: (1) the scene graph is the same under all environmental conditions and
(2) all of the required information for generating the scene graph is contained in
the road markings and layout. It is, therefore, not necessary to model the image
appearance accurately in the Boosted IPM. Some recent works [115], [116] have
optimised this even further by representing road layouts with vectors.

Although devising the optimal representation for decision making in autonomous
driving is still active research, we predict that the line of thinking demonstrated

in this thesis will dominate the field for the foreseeable future.

8.3 Future Directions

This section discusses future directions for each of the underlying themes of this the-

Sis.

8.3.1 Effective Representations for Road Scene Understand-
ing

In Chapter [l we demonstrated the scene graph, a hierarchical representation from
in-situ perception that can be employed for decision making. However, the semantics
of the scene (including the road markings) are currently not integrated into the
scene graph as it is constructed from the binary segmentation. Integrating the
semantics of the road markings is a crucial step towards real-world deployment as
it will provide a planning algorithm with the information necessary to determine
the appropriate driving behaviour.

This means that the following engineering and research steps are required in prac-

tice:
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o The pixel-wise masks of the data-driven road marking classification system
must be grouped into semantic instances, potentially by leveraging road
construction definitions. It may also be interesting to investigate the level of
detail required for accurate decision making. As discussed previously, it seems
unnecessary to classify every pixel correctly. The class and approximate shape

and location are most likely sufficient [117].

e These semantic instances could be combined with those from the model-driven

approach and tracked over time.

e These instances and their semantic meaning need to be integrated into
the scene graph. This will allow for a more detailed scene taxonomy and
grammar, which increases the distinctiveness of particular configurations of
road markings, similar to [79]. It will then be less challenging to determine

the most likely scene graph from the probability distributions.

Another interesting research topic is the merging of the demonstrated represen-
tations built from in-situ perception with the ones stored in HD-maps (e.g. the ones
provided by mapping services such as HERE and TomTom). This may seem merely
an engineering task, but it is not trivial. Specific applications where maps are already
used as priors to improve in-situ perception are object detection [118], behaviour
prediction |115], [116], [119], and semantic segmentation [120], [121]. Similarly,

maps could be used as prior information to determine the most likely scene graph.

8.3.2 Scalable Learning for Road Scene Understanding

Road scene understanding has become intrinsically linked with state-of-the-art
computer vision solutions. Developments in data synthesis have opened up new
possibilities for scalable learning during the course of this thesis. This is exemplified
by our work on road layout randomization [20], which requires high-resolution image
synthesis techniques that were infeasible when this work began. We expect that
progress in learning techniques, especially in data generation, will lead to further

improvements and new possibilities for road scene understanding tasks.
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Several interesting questions have emerged recently around generative models
for data synthesis. As we discussed in Chapter [5] and [6] there exists a complex
interaction between the quality of the generated data and the network optimization.
Inferring the optimal network architecture has received a substantial amount of
interest [122]. A similar search to understand dataset optimality has recently
sparked the interest of the computer vision community. This raises questions such
as: "What kind of data does the learning process require?", "Does the optimal
type of data change during the learning process?", and "How much data is actually
required?" [123]-[125]. The ultimate goal is to generate the optimal dataset for
the specific task as cheaply as possible. This has been explored as a toy problem
by the authors of [126] but has not been applied yet for road scene understanding
tasks. A better understanding of dataset optimality might break the performance
plateau for road marking segmentation when trained on synthetic training data,
which was hit in the reproduced publication in Section [6.2] In an ideal situation,
we would continuously generate new data to bolster the performance of the current
segmentation network without forgetting what was learned previously.

Another exciting direction is an extension of the cycle-consistency framework
used in Chapter [3| which generated training data for multiple conditions. The
current framework is only able to synthesize training pairs for conditions encountered
in the captured data. However, not all real-world conditions will be present in the
available datasets. This raises the following question: "Is it possible to synthesize
unavailable conditions by combining various available conditions?”". A concrete
example of this is combining rainy daytime images and clear nighttime images to
synthesize rainy nighttime images. Preliminary results for this are shown in Figure
B.1I] This idea can be extended towards the continuous case, where the aim is to
produce data along a weather condition and time-of-day (i.e. lighting) axis. In
practice, this means disentangling the weather and lighting conditions from images in
an unsupervised way, which is not trivial. Disentanglement is commonly performed
for pose and appearance [127]-|129], but rarely for more complex road scenes [130].

One recently-published, concrete approach [131] disentangles lens occlusions (i.e.
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Figure 8.1: Preliminary results for combining separately-available weather and lighting
conditions to synthesize new variations, which might not be available in the datasets. A
mask of raindrops is added to four images of the same scene, (b), after which we apply
the appearance (i.e. lighting) of other images in the dataset, (a). This process allows
us to synthesize combinations of conditions such as rainy nighttime (top left and bottom
right in (b)) that might not be available in the original dataset.

raindrops) from images. Alternatively, the problem can be considered as attribute
control [132], [133], which generally requires labels. However, it remains challenging
to disentangle complex weather and lighting conditions based on high-level image

labels such as "rainy" and "nighttime".

8.3.3 Appearance Invariance for Road Scene Understand-
ing
We showed in Chapter [3] and Chapter [7] that learning appearance-invariant rep-
resentations and image restoration improves reasoning in occluded image regions.
Nevertheless, for safety-critical applications such as autonomous vehicles, it is
important to keep in mind that these outputs are predictions. They indicate what
is likely to be found behind the occlusions but should be employed with caution
and in combination with other sensor modalities. The image or particular image
regions may be distorted to such an extent that it is impossible to reason about
the scene accurately. Examples of these are dark unlit scenes during nighttime
or images where large snowflakes/dirt cover most of the lens. It makes sense
to incorporate some measure of uncertainty in the semantic segmentation for

these cases in particular [134].
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8.4 Closing Remarks

This thesis sought to contribute to road scene understanding for autonomous vehicles
based on in-situ perception in complex urban environments. Our primary contri-
butions are bridging the gap between the pixel-wise semantic scene segmentation
and effective representations for decision making during real-world deployment, and
we introduced scalable learning techniques in the process.

Learning generalized representations currently requires delicate supervision.
Consequently, the role of self-supervised learning is becoming increasingly important
in order to circumvent labelling costs. The presented approaches for that purpose
can contribute to the development of safer transport in an autonomous world.
Nevertheless, the task of road scene understanding from images remains challenging,
and safe deployment anywhere and at any time will undoubtedly require more

work, more thoughts, and more theses.
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Reading between the Lanes:
Road Layout Reconstruction from Partially Segmented Scenes

Lars Kunze, Tom Bruls, Tarlan Suleymanov, and Paul Newman

Abstract— Autonomous vehicles require an accurate and
adequate representation of their environment for decision
making and planning in real-world driving scenarios. While
deep learning methods have come a long way providing accurate
semantic segmentation of scenes, they are still limited to pixel-
wise outputs and do not naturally support high-level reasoning
and planning methods that are required for complex road
manoeuvres. In contrast, we introduce a hierarchical, graph-
based representation, called scene graph, which is reconstructed
from a partial, pixel-wise segmentation of an image, and
which can be linked to domain knowledge and Al reasoning
techniques.

In this work, we use an adapted version of the Earley
parser and a learnt probabilistic grammar to generate scene
graphs from a set of segmented entities. Scene graphs model the
structure of the road using an abstract, logical representation
which allows us to link them with background knowledge.
As a proof-of-concept we demonstrate how parts of a parsed
scene can be inferred and classified beyond labelled examples
by using domain knowledge specified in the Highway Code.
By generating an interpretable representation of road scenes
and linking it to background knowledge, we believe that
this approach provides a vital step towards explainable and
auditable models for planning and decision making in the
context of autonomous driving.

I. INTRODUCTION

Autonomous vehicles need to perceive their surroundings
accurately for safe decision making and navigation in com-
plex urban environments. These highly-structured environ-
ments can be described by hierarchical graphs containing se-
mantic and spatial constraints. Such graphical representations
can be employed for (cost-based) planning, inferring object
classes, or reasoning about missing or occluded parts. More
importantly, they provide a way to explain the behaviour
and decision making of the vehicle which is paramount
for real-world deployment and adoption. In this paper, we
introduce such a representation, which is generated from
partially segmented scenes and allows us to reason about
the environment.

Recently, deep semantic segmentation networks have
achieved impressive results for pixel-wise scene understand-
ing of images [1], [2]. However, these methods suffer from
interpretation and debugging difficulties and often fail to
include prior information or dependencies/constraints (in
the output space). More importantly, they do not naturally
support high-level reasoning which is required for planning
and navigation.

Authors are from the Oxford Robotics Institute, Dept. Engineer-
ing Science, University of Oxford, UK. {lars, tombruls, tarlan,
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Fig. 1. Hierarchical scene graph representation (top) that was reconstructed
from a partially segmented image (bottom). In this work we present a
probabilistic scene parser that reconstructs the layout of road scenes from
partial segmentations of road markings and curbs.

In contrast, all important (static or dynamic) objects in-
fluencing the decision making are detected separately in the
mediated approach [3], [4]. This produces a world represen-
tation which can be employed more directly for planning and
navigation. Interestingly, most approaches focus on detecting
a single type of object or perform detection of several types
of objects independently. Thereby they neglect that urban
traffic scenes are highly structured and that there exist spatial
and semantic constraints between objects, since these scenes
are built and function according to specified rules.

Therefore, we introduce scene graphs, a hierarchical,
graph-based representation, to model road layouts (i.e. lane
geometries). Fig. 1 shows an example scene graph for a
segmented road scene. We focus on the reconstruction of
scene graphs from partial, pixel-wise segmentation. In par-



ticular, we consider segmented entities of road markings and
curbs to reconstruct the semantic structure of road scenes.
The road layout is reconstructed from these entities using
both a learnt probabilistic context-free grammar and a learnt
spatial, relational model. A road layout is chosen from a
set of competing hypotheses by estimating the maximum a
posteriori probability (MAP) of each model. Furthermore, we
show that scene graphs can be refined by linking them with
domain knowledge about the road construction, e.g. from the
Highway Code.

In this paper, we make the following contributions:

« we introduce scene graph, a formal logic-based descrip-

tion of road scenes using a graph-based representation;

o we present an approach based on dynamic programming

for parsing road scenes and reconstructing scene graphs
from partial, segmentations and a learnt probabilistic
grammar; and

« we demonstrate how scene graphs can be further refined

and used for reasoning when linked to domain knowl-
edge.

The remainder of the paper is structured as follows. We
first discuss related work in Sec. II. In Sec. III, we provide
and overview of the approach and explain how scene graphs
are generated from both object segmentations and learnt prior
models. In Sec. IV, we explain how scenes are partially
segmented using deep networks for road markings and curbs.
In Sec. V we explain how we represent a scene, learn both
a probabilistic context-free grammar and a spatial relational
model to describe scenes, and how scenes are parsed and
interpreted using an adapted version of the probabilistic
Earley parser. In Sec. VI, we showcase and discuss several
examples of scene graphs and explain how they can be
further refined. Lastly, we discuss possible application in
Sec. VII before we conclude in Sec. VIIIL.

II. RELATED WORK

In this section, we review different approaches for scene
understanding in the context of autonomous vehicles. We
mainly focus on graph based methods, since these are closest
to the scene graph.

1) Graph-based Approaches: Representing the contents
of scenes using graph-based approaches is not novel. In the
context of urban traffic scenes, however, there exist only a
few papers that take the spatial and semantic constraints into
account by introducing graphs.

In [5], different sensor modalities and hierarchical graphs
containing relational knowledge are fused to model traffic
scenes. The output is still a pixel-wise segmented image not
directly employable for automated driving.

Several other papers implement more high-level reasoning
to infer the lane geometries. The authors of [6] introduce a
theoretical, hierarchical framework including uncertainties to
reason about multiple hypotheses for the lane geometry. Sim-
ilar methods that work on real-world data are introduced in
[7], [8]. From linear patches of lane markings a graph is built
including their spatial relationship represented by continuous
distributions and non-parametric belief propagation is used to

infer the different lanes in the scene. However, these methods
are not guaranteed to work in urban environments.

In [9], the lane separators are modelled as latent variables
without linear constraints so that the framework becomes
applicable to more complex scenes. By encoding geometric
relationships at different levels (i.e. lane markings, lane sep-
arators, lanes, and road), the authors show that they improve
inference of the lane geometries even in case of many false
detections at the root nodes. This work is similar to our
approach as we also represent the geometric relationships
of different entities according to the hierarchy.

The driving rules of a traffic scene are given by the type
of road markings that often appear in similar configurations.
Therefore, [10] connects them as a graph and optimises a
CRF with handcrafted spatial features of the road markings
to predict their class. Similarly, we learn a distribution of
geometric and relation features to predict and evaluate the
type and the role of an entity within the hierarchy.

Work by [11] is most similar to our approach. In their
work, they learn a probabilistic grammar based on a set
of features and use a dynamic programming approach to
generate a scene graphs which describe the furniture layout
of synthetic indoor scenes. Whereas their approach considers
full object knowledge from CAD models, our approach
reconstructs scenes from partial observations of real-world
environments.

2) Mediated Approaches: Proposed solutions differ
widely in terms of the objects that are taken into account,
used sensors, required computation time, usage of prior in-
formation, and abstraction level of the output. In general, our
approach is flexible to consider different kinds of information
from various resources. In this work, we consider segments
of road markings and curbs as input.

In [12] a coarse road geometry/scene analysis is estimated
from the acquired semantic segmentation. This framework is
significantly extended in [3] where the precise intersection
geometry is inferred from vanishing points, semantic labels,
and tracklets of traffic participants. However, these methods
cannot be used for navigation directly as they do not map
to precise lane geometries and do not include the road rules.
The former is solved in [13] by looking more closely into the
tracks of the surrounding vehicles. Our also approach models
the geometry of high-level concepts based on the low-level
image segmentations. Thereby, information about lanes and
boundaries can potentially be used for navigation planning.
Through advancements in deep learning we have now come
to a point where even reasoning of the space behind occluded
parts of the images is possible for inferring road geometries
[14]. In future work, we also plan to extent our work in this
direction.

3) Deep Networks: All of above mentioned methods
require handcrafted features/probabilities in some way to
optimise the graph. It has been shown by now that deep
networks with learned feature maps achieve much better
semantic (instance) segmentation [1], [2] and thus under-
standing of the scene. Besides, they are able to generalise
better when auxiliary output tasks are employed [15]. How-
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Fig. 2. Scene parsing approach based on road marking and curb detections. The approach has two main steps: (1) given an image, road marking and curb
segments are detected by deep networks, and (2) given a set of detected segments, the scene is parsed using an adapted version of the Earley algorithm
and a learnt probabilistic grammar. The resulting scene graph is integrated with domain knowledge and can used for planning and decision making.

ever, these networks suffer from interpretation and debug-
ging difficulties and often fail to include prior information,
high-level reasoning, or constraints (in the output space).
Recently, some works have tried to improve some of these
disadvantages by introducing spatial and semantic reasoning
frameworks that can be trained in an end-to-end way [16]-
[18]. In this work, we simply use deep networks as an
effective way for segmenting an input image. However, our
future goal is to extend this approach and to feed geometric,
spatial, and semantic constraints back to the deep networks
during learning.

III. APPROACH OVERVIEW

Our approach constructs a symbolic, graph-based descrip-
tion of the road layout given an image of a road scene (see
Fig. 1). When interpreting the image, our approach considers
two types of information: object detections and common road
configurations based on learnt prior models.

Fig. 2 depicts the overall pipeline of our approach. We first
segment the image by detecting curbs and road markings
using trained deep networks (Sec. IV). These pixel-wise
segmented images are clustered and the resulting entities are
considered as input for a parsing process which generates
a hierarchical scene representation (scene graph) (Sec. V).
The parser takes object detections (and their uncertainty)
and prior information of road scenes into account. Our
probabilistic approach is in particular suitable for integrating
incomplete and uncertain information from object detection
pipelines. Each valid parse tree is scored by a probability
which allows us to disambiguate between alternative repre-
sentations. Intuitively, the score captures three aspects: (1)
hierarchy (2) geometric features of detected entities, and (3)
spatial relations between entities in the hierarchy. As we
represent scene graphs using logical representations they can
be linked to background knowledge and used for auditable
planning and decision making.

IV. SCENE PERCEPTION

This section describes how road markings and curbs are
detected in a given image of a road scene. The resulting
pixel-based images are clustered and segmented entities
are obtained which are considered as input for the scene
interpretation process described in Sec. V.

A. Road Marking Detection

Road markings are a critical component for (autonomous)
driving especially in urban environments. The road rules
are captured by their underlying meaning and they guide
all traffic participants through potentially dangerous situa-
tions. Therefore, real-time detection and interpretation of
road markings is an important cue for high-level scene
understanding and aids planning and decision making.

Detecting all painted road markings (not just lane sepa-
rators) on the road surface, which dictate the traffic rules
for that particular urban setting, is a challenging problem
for several reasons. Firstly, there are visual challenges such
as occlusions, varying lighting, and changing weather condi-
tions. Secondly, road markings vary from country to country
and are often degraded. Lastly, there are no large datasets
available for training with accurate ground-truth labels for
road markings.

Road marking detection in images can be seen as a
semantic segmentation problem. State-of-the-art methods for
these tasks implement deep networks, which are able to learn
specific scene context and thereby cope with the challenges
stated above, as long as sufficient training data is available.
Manually generating training data is extremely labour expen-
sive, because of the required pixel-level detail in combination
with the aforementioned visual issues. Therefore, we create
road marking annotations in a weakly-supervised way, by
leveraging complementary sensor modalities (i.e. LIDAR).

For generating the annotations, we exploit the property that
road markings are highly reflective and must lie on the road
surface. Firstly, we utilise the LiDAR point cloud to coarsely
segment the road surface from the image. A dense CRF is
then optimised to identify the road marking image pixels by
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Fig. 3. Road marking detection performed by a deep semantic segmentation
network in real-time. Before the detections are employed to generate the
scene graph, they are mapped to top-down view.

corresponding them with the high-reflectance LiDAR points,
which are not affected by varying lighting.

We employ these annotations to train a deep semantic
segmentation network (inspired by U-net [19]) for road
marking detection using only a monocular camera. The
results demonstrate that the network segments the road
markings from the image without any preprocessing steps,
as shown in Fig. 3.

We direct the reader to [20] for a more detailed description
of this method.

B. Curb Detection

Curbs (road boundaries) play an important role for au-
tonomous cars as they intentionally and legally delimit
driveable space. Curb detection using monocular images is
a challenging problem. Road boundaries have narrow and
long shapes which are not easily detectable. Deep networks
often require large amounts of training data to obtain high-
performance, well-generalised models. Due to colour, ap-
pearance, shape, perspective, illumination and background
clutter, the training data should incorporate great variability
changes. However, image by image hand labelling of the
ground truth data is a time-consuming process. To avoid this
problem and obtain a large amount of training samples, we
generated 3D points cloud from 2D laser data and annotated
points in the point cloud corresponding to road boundaries.
Note that the 2D laser is attached vertically to the rear of a
test car, which makes road boundaries easy to spot and anno-
tate in the point cloud. The annotated points are projected to
images of forward facing camera of the car. Lines are drawn
between consecutive points to annotate road boundaries in-
between the points. This way, hundreds of labelled images
are obtained within an hour (approximately 750 images). A
10 kilometres dataset from the Oxford RobotCar Dataset in-
troduced by [21] was annotated to generate several thousand
semi-annotated masks. A vision based localiser was used to
boost the number of training images by projecting labels
from the annotated dataset to other traversals. However,
some of the generated curbs masks contain annotations for
occluded areas of curbs, such as over parked cars. To remove

Fig. 4. Curbs are detected by a fully convolutional network. The network
can detect visible curbs without making any assumptions about their 3D
structure, shape or appearance.

those redundant annotations, we trained U-net [19] with the
raw masks and then run the inference with RGB images from
the training data to generated output of detected curbs. The
trained U-Net model can segment visible areas of curbs, but
produces blurry outputs over occluding obstacles. Applying
a threshold to the outputs gives us masks for detected visible
curbs. We obtain labels for visible curbs by applying an AND
operation between the thresholded outputs and raw labels.
Finally, we train the U-net with visible curbs only (Fig. 4).
A detailed description of our work on curb detection is given
in [22].

V. SCENE INTERPRETATION

In the previous section, we explained how an input image
is segmented into two classes: road markings and curbs.
Before we describe how we learn a probabilistic grammar
to parse these segmentations and construct a scene graph
from them, we first introduce scene graphs formally.

A. Representation

Our motivation with this work is to support autonomous
vehicles in their decision making, planning, and explanation
generation. In particular, we aim at a representation that is
interpretable (by machines and humans alike), extendable,
and suitable for different inference tasks. To this end, we
introduce scene graphs as a way to represent road scenes
semantically using well-defined concepts and relations which
are grounded in the vehicle’s perception system.

Formally, scene graphs are represented in Description
Logic; an overview is given in [23]. A scene is described by
a set of instances of meaningful classes and their relations.
For example, a scene is composed of a road which has
two curbs and several lanes which in turn are bounded by
several road markings. This hierarchical decomposition of a
scene is important as we will explain later in Sec. V-C. In
general, however, scene graphs can be linked flexibly to other
information resources due to its underlying logical represen-
tation as we have shown in previous work [24]. For example,
they can be linked to the outcome of detection and tracking
algorithms of traffic participants and/or domain knowledge



TABLE 1
SCENE GRAPH TAXONOMY

Class Description

Scene Root node of a scene graph. A Scene has at least one road
(Road), but can have multiple.

Road A road is delimited by at most two curbs (Curb) and has
one or more lanes (Lane).

Curb A curb is composed of one or multiple curb segments
(CurbSeg).

Lane A lane is bounded by road markings along the carriage
way (RMAlong). Additionally, lanes can have road mark-
ings that are across the carriage way (RMAcross), and
other road markings such as symbols and text (RMOther).

RMAlong Road marking along the carriage way.

RMAcross Road marking across the carriage way.

RMOther Road marking of a symbol or text.

RMSeg A road marking segment is a set of clustered pixels
detected by the network described in Sec. IV-A. It can be
one of three types: RMALong, RMAcross, or RMOther.

CurbSeg A curb segment is a set of clustered pixels detected by

the network described in Sec. IV-B.

defined by the Highway Code. This kind of knowledge can
be encoded as logical rules within Description Logic.

A brief description of the most important concepts is
given in Tab. I. It is important to note that entities that
represent road marking segments (RMSeg) and curb segments
(CurbSeg) are both linked to the output of the segmen-
tation networks described in the previous section. Hence,
instances of these types are grounded in image space. This
is important as it allows us to reconstruct concepts higher-
up in the hierarchy (e.g. Lanes) based on those low-level
segmentations. In particular, we represent detected segments
using axis-aligned and minimal area bounding boxes. More
high-level concepts are represented as the bounding box of
their children. Note that all other concepts are assigned based
on the learnt grammar.

In the next section, we explain how we learn a probabilistic
grammar for road scenes based on the introduced concepts.

B. Probabilistic Grammar

We adopt the approach by [11] and learn a probabilistic
context-free grammar for road scenes from a set of annotated
examples. To this end, we consider a set of scene graphs
that have been manually annotated according to the concepts
introduced in the previous section and based on the detec-
tions of road markings and curbs (Sec. IV). We learn the
structure of the production rules and their probability from
the frequency observed in the annotated set. The production
rules are shown in Tab. II'

For each annotated scene graph we compute a set of
geometric properties and spatial relations between instances
that share the same parent node. We start the computation
at the leaf nodes and propagate the results up the hierar-
chy. In our implementation, we consider several geometric

INote, that we have omitted the learnt probabilities as we have learn
different rules for different cardinalities.

TABLE II
LEARNT PROBABILISTIC CONTEXT-FREE GRAMMAR

Production rule

Scene — Road

Road — Curb Lane

Lane — RMAlong RMAcross RMOther
RMAlongCW — RMSeg

RMAcrossCW — RMSeg

RMOther — RMSeg

Curb — CurbSeg

properties including: length, width, and area for both axis-
aligned and minimal bounding boxes. Furthermore, we con-
sider the ratios between these properties to compute scores
for the axis-alignedness, alongness, and acrossness of an
instance. We also consider spatial relations between instances
that share the same parent node (e.g. two boundaries of
a lane). For these instances, we compute several relations
including: the connectivity of the bounding boxes based
on the Region Connection Calculus [25] and their relative
angle and distance based on the Ternary Point Calculus
[26]. In total we consider 18 geometric properties and 14
spatial relations. However, the details of how these properties
and relations are not described here for brevity. Overall,
the individual features are not critically important (and can
be replaced). However, they provide us with the ability to
assess the overall probability of the scene by considering all
instances of a tree ¢ given its geometric description and its
relations. For each geometric property and relation we learn a
probability distribution, namely Pgye,(2z) and P (), based
on the annotated data using Kernel Density Estimation (based
on Gaussian kernels). By computing the probability of each
individual property and relation we can compute the overall
probability of a tree based on the grounded representation as
follows:

P(slt,g) = [ [ Poeo(x) Prer(2) (1)

zet

whereby s denotes a scene, ¢ a tree, and g a grammar.

C. Scene Parsing

To reconstruct the layout of a road scene we use an
extended version of a probabilistic Earley parser [27]. In
general, the Earley algorithm is a dynamic programming
approach that is able to handle ambiguous grammars. It
combines top-down predictions and bottom-up recognitions
to effectively parse its input. The algorithm has three main
steps: predict, scan, and complete. In the predict step, rules
are expanded according to the grammar. This step guides the
overall search in a top-down way (initially the root node is
expanded). In the scan step, the next input symbol is read and
compared to the next one that was predicted. If a production
rule is completed, the complete step has found a valid parse
of a subtree and overall search is advanced. This type of



hybrid search using top-down down reasoning and bottom-
up perception for scene understanding can be very effective
in real-world scenarios as we have shown earlier [28].

Our adapted version of the parser takes the learnt proba-
bilistic grammar and a sequence of curb and road marking
segments as input. The segments form the lexicon of our
grammar and their probabilities are determined according to
Pyeo(X) as defined in the previous section.

After the parser has recognised the input, a forest of parse
trees can be retrieved. In our implementation we use a shared
packed parse forest (SPPF) to store the ambiguous parse trees
[29]. Parse trees are evaluated according their probabilities
computed as follows:

P(t|s,g) = P(t|g)P(s|t, g) (2)

whereby ¢ denotes a parse tree, s the scene, and g the
grammar. P(t|g) is the product of all probabilities according
to the production rules and P(s|t, g) represents the data like-
lihood of seeing this scene given the tree and the grammar.
Eventually, the best parse tree t* can be chosen according to
the overall probability:.

t* = arg max P(t|s, g) 3)
teT

whereby ¢ denotes a parse tree in the parse forest 7, s the
scene, and ¢ the grammar.

VI. EXPERIMENTS

In this section we present the experimental setup and
discuss qualitative results of our approach.

A. Experimental Setup

In this work, we evaluated the overall pipeline as depicted
in Fig. 2. A given input image is processed by the road
marking and the curb detection networks. The output of
these networks is a probability distribution of segments in
the image space. Using Inverse Perspective Mapping (IPM),
we transform each of the segmented images into a birds eye
view (see Tab. III). For each class, we then find clusters
that represent these entities by their bounding boxes and
compute a set of geometric features. Based on their visual
and geometric probability these segmented entities are added
to the lexicon of the grammar.

The Earley algorithm predicts the structure of the scene
based on the learnt grammar and parses the segments from
left to right in image space. We evaluated the generated parse
trees according to their probability. However, given the high
ambiguity of rules in the learnt grammar, we have selected
a few examples manually (Tab. III). In the next section
we discuss several theses examples and point to interesting
and/or problematic aspects.

B. Qualitative Results

Tab. III depicts the qualitative results for several scenes.
The table shows the input image; the different segments
produced by the networks and the clustering step (road
markings in green; curbs in orange); and the generated scene
graphs (or parts of it).

Scene (a) In this scene (see Fig. 1), the segmentation
captures curbs on both sides of the road as well as road
markings along the carriage way. However, a stop line as
well as the bicycle symbol are not detected. By integrating
some domain knowledge from the Highway Code in form of
rules, we can refine the scene graph by inferring that there
is a bicycle lane on the left-hand side as the lane’s width is
too narrow for a standard car lane. These rules are encoded
within Description Logic and can infer classes which were
not labelled in any of the examples. However, we are not
able to infer the same on the right-hand side as we do not
have any meaningful segment that describes the boundary
of the bicycle lane on the right-hand side. The detection of
road markings and curbs in roads other than the main road is
typically more challenging as they are perceived at the edge
of the camera’s field of view.

Scene (b) In this scene the parser detects two road
markings on a lane. Given their size and spatial relation we
can infer that these entities are road markings that introduce
speed humps on the road.

Scene (c¢) This scene is interesting as there are curb
structures in the middle of the road. Furthermore, the left
lane has two stop-lines. However, it is important for an
autonomous vehicle to infer that is has to stop in front
of the first one. Note, that such an inference can only be
drawn when local context of the scene is considered, but not
from the single segment alone. These are situations in which
we believe that background knowledge and Al reasoning
techniques can have a great impact when interpreting scenes.

Scene (d) In this scene both curbs and road markings are
well detected (except for the degraded dotted line across the
road). However, this scene provides an interesting and rare
case as the road markings for the car (zig-zag line) and the
bicycle lane overlap. Momentarily this cannot be represented
by our grammar as we made the assumption that lanes are
next to each other.

In future work we will also perform a quantitative analysis
of our approach, in particular with respects to its real-time
capabilities. In general the Early algorithm is well-suited for
real-time applications as its worst time complexity is O(n?).
However, retrieving and processing a potential exponential
number of parse trees might be challenging.

VII. DISCUSSION

In this section we would like to provide a brief overview
of the application space of the scene graph.

1) Urban traffic scenes are highly structured since they
are built consistently according to specified road rules. By
incorporating these rules, certain nodes in the scene graph
can be classified. For instance, a bicycle lane is easily
distinguished from a car lane by comparing the width. In
this way, the scene graph allows for classification of road
objects/segments without requiring expensive manual labels.

2) The segmented scenes given by the scene graph can
be employed to bootstrap deep learning models. As stated
above classification labels which can be used for training
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purposes can be acquired without expensive manual anno-
tation. Furthermore, the scene graph provides an informed
indication about the likely location of road objects (e.g.
curbs, road markings). This could be used when training
deep networks for instance to guide attention or to adjust the
loss and thereby improve performance. In this way, important
prior information about the environment is included in a deep
learning approach (which is non-trivial).

3) Scene graphs can be used for (cost-based) planning for
autonomous vehicles as they reason about the lane geometry
and can infer road marking classes based on contextual
spatial relations. For instance, a solid boundary of a bicycle
lane should only be crossed in case of emergency. Besides,
actions are now interpretable because we can review the

representation inferred from the segmentation.

4) The scene graph is able to predict/hallucinate miss-
ing objects because of the learned spatial and semantic
constraints. For example, two-way roads with missing lane
markings in the middle will not fit the learned representations
(nor the road rules). The scene graph can predict the most
likely lane geometry in that case.

We think that these examples are interesting uses cases
with exciting technological challenges for applications of
scene graphs.

VIII. CONCLUSION

In this paper we presented an approach for scene under-
standing of complex urban environments. To this end, we



proposed scene graph, a hierarchical, graph-based represen-
tation, and a parsing pipeline that generates and evaluates
scenes graphs based on partially segmented images, a learnt
probabilistic grammar, as well as geometric and relational
models. Furthermore, we have presented and discussed sev-
eral example scenarios in which scene graphs can provide
meaningful insights in the overall structure of the environ-
ment. The construction and interpretation of interpretable
and auditable scene graphs can play essential role in many
tasks of autonomous vehicles including planning, decision
making, and explanation generation. Hence we believe that
this functionality can have wide impact in the context of
autonomous driving and mobile robotics in general.
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I Can See Clearly Now : Image Restoration via De-Raining

Horia Porav, Tom Bruls and Paul Newman

Abstract— We present a method for improving segmentation
tasks on images affected by adherent rain drops and streaks. We
introduce a novel stereo dataset recorded using a system that al-
lows one lens to be affected by real water droplets while keeping
the other lens clear. We train a denoising generator using this
dataset and show that it is effective at removing the effect of real
water droplets, in the context of image reconstruction and road
marking segmentation. To further test our de-noising approach,
we describe a method of adding computer-generated adherent
water droplets and streaks to any images, and use this technique
as a proxy to demonstrate the effectiveness of our model in the
context of general semantic segmentation. We benchmark our
results using the CamVid road marking segmentation dataset,
Cityscapes semantic segmentation datasets and our own real-
rain dataset, and show significant improvement on all tasks.

I. INTRODUCTION

If we want machines to work outdoors and see while
doing so, they have to work in the rain. When rain and
lenses interact, computer vision becomes harder - wild local
distortions of the image appear which dramatically impede
image understanding tasks. However the distortions are not
noise, they are structured, the light field is simply bent and
attenuated, and accordingly can be modelled and reversed.

In this work we develop a filter which as a pre-processing
step removes the effect of raindrops on lenses. Several tasks
are affected by the presence of adherent water droplets on
camera lenses or enclosures, such as semantic segmentation
[1], localisation using segmentation [2], [3] or road marking
segmentation [4]. In this paper we choose to use segmenta-
tion as an example task by which to test the effectiveness
of our method. Many approaches so far have reached for
multi-modal data [5], domain adaptation [6], [7] or training
on synthetic data [8], however this can become awkward as:

1) Acquiring rainy images is time-consuming, expensive

or impossible for many tasks or setups, especially in
the case of supervised training, where ground truth data
is needed.

2) Training, domain-adapting or fine-tuning each individ-

ual task with augmented data is intractable.

We take a different approach and build a system as an
image preprocessor, the output of which is a cleaned, de-
rained image that improves the performance of many tasks
performed on the image.

We begin by creating a bespoke real-world small baseline
stereo dataset where one lens is affected by real water
droplets and the other is kept dry. The methodology and
apparatus for doing so is presented in section IV-A. Using
this dataset, we train a de-raining generator and show that it

Authors are from the Oxford Robotics Institute, University of Oxford,
UK. {horia, tombruls, pnewman}@ robots.ox.ac.uk

Fig. 1. We learn a de-noising generator that can remove noise and artefacts
induced by the presence of adherent rain droplets and streaks. On the top
left,input images that are affected by real rain drops. On the top right, the
cleaned, de-rained images. On the bottom left, input images that are affected
by computer-generated rain drops. On the bottom right, the cleaned, de-
rained images.

is able to both drastically improve the visual quality of im-
ages and restore performance on road marking segmentation
tasks.

Secondly, we describe a way of efficiently adding
computer-generated adherent rain droplets and adherent
streaks to any image using GPU shaders. This system is
presented in section III-A. As the Cityscapes dataset provides
a good groundtruth for segmentation but does not contain
images with significant rain on the lens, we modify it using
this technique and use it as a proxy to study the effects
of rain on general semantic segmentation. Additionally, we
create a synthetic rain dataset by adding computer-generated
rain drops to a full Oxford RobotCar dataset [9] and to the
CamVid [10] dataset.

Our main contributions include:

o a de-raining model that produces state of the art results;

o using computer-generated water drops as a proxy to

study the effects of rain on segmentation for datasets
that provide a ground truth but do not normally contain
rainy images; and

o a real-world very-narrow-baseline stereo dataset with

rainy & clear images covering a wide array of dynamic
scenes.

Our aim is to show that pre-processing the image leads
to better performance as compared to training, retraining or
fine-tuning a task-specific model with rain-augmented data.
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Fig. 2. The internal architecture of our generator. We motivate the addition
of additive skip connections by observing that much of the structure of the
input image should be kept, along with illumination levels and fine details.

We benchmark our de-raining model on the following tasks:
o Road marking segmentation and image restoration on a
real-world small baseline stereo dataset where one lens
is affected by real water droplets and the other is kept
dry and clear.
« Image reconstruction on the real-world dataset of [11].
« Road marking segmentation and image restoration on
CamVid [10] and RobotCar [9] imagery with computer-
generated droplets added.
« Semantic segmentation on Cityscapes [1] imagery with
computer-generated droplets added.
The quantitative and qualitative results are presented in
section V.

II. RELATED WORK

Generally speaking, the quality of an image can be
affected in two ways by bad weather conditions. Firstly,
contaminants in the atmosphere, such as falling rain, fog,
smog or snow will hinder visibility or partially occlude a
scene but do not significantly distort the image. Secondly,
adherent contaminants such as water droplets, which stick
to transparent surfaces or lenses, tend to heavily distort the
image, essentially acting as a secondary lens with various
degrees of blurring. Several techniques are employed to
clean the first type of images, such as those used by [12],
[13], [14], [15], [16], however these techniques cannot be
used to restore images affected by adherent rain, as the
optics involved differ significantly from those of atmospheric
droplets. The remainder of this section outlines some of the
techniques used to tackle the effects of adherent rain droplets
and adherent streaks.

Rain Modelling and Simulation: In the context of com-
puter vision, several studies have attempted to model the
structure and optical properties of adherent water droplets.
The authors of RIGSEC [17], [18] model raindrops first as
sections of a sphere and later account for the effect of gravity
using 2D Bezier curves, and confirm experimentally that
a physically correct droplet shape can be computed using
this method. [19] additionally study and model the dark
band around the edges of adherent drops, and show that a
simplified model is enough to correctly undistort the image
on the surface of the droplet.

We base our simple synthetic droplet model on the works

of [17], [18] and [19], by storing proto-droplet normal maps

which are subsequently warped and combined at run time

using an approach similar to meta-balls [20].
Additionally, several small datasets have been created to

benchmark the accuracy of de-raining techniques. In [21],
water is sprayed on a glass pane fitted in front of a camera,
but no ground truth is provided due to temporal illumination
and scene changes. A video sequence where the lens is
affected by real rain droplets is also provided, again without
ground truth. The authors of [22] again use a glass pane
sprayed with water to study the performance of their droplet
detection and removal pipeline, but only offer ground truth
for the position of the droplets. The first attempt to provide
accurate ground truth is made by [11], in which images of
static scenes are captured both with and without a glass pane
sprayed with water in front of the camera. This process is,
however, very difficult to scale to the number of images
required by modern deep-learning approaches. To our best
knowledge, we are the first to record a real-world large
dataset of sequential dynamic scenes with an accurate, clear

ground truth and a large variation in raindrop type and size.
Raindrop Detection and Removal: In [17] and [18],

raindrops are detected by attempting to match a template
of a synthetic raindrop at locations where the presence of a
real drop is hypothesized. This approach breaks down when
the shape of the real droplets differs significantly from that
of the template. The authors of [22] take a different approach
by observing that the motion inside droplets is between
1/30 and 1/20 slower than that in the scene. They use this
information to detect raindrops and then attempt to restore
the image by using a combination between image inpainting
and recovering data from within the distorted image formed
on the droplet. Both techniques use multi-frame information
for image reconstruction, and are not applicable to single-
images.

Multi-camera and pan-tilt setups are exploited by [23],
[24], [25] and [26]. These techniques use disparities to detect
droplets and subsequently attempt to replace the affected
regions in one lens with information from the other lens.
This approach does not work on single images and assumes

that the same regions are not covered by rain in both frames.
Convolutional neural networks were used by [21] to re-

store images affected by dirt and rain. They use a simple
3-layer architecture, each with 512 units, which works well
on small drops but breaks down with much larger con-
taminants. A much larger Generative Adversarial Network
(GAN) model [27] is used by [11], along with attention [28].
They leverage their static dataset to provide a ground truth
for the droplet attention mask and train a recurrent model
that outputs a heatmap of the location of the droplets. This
heatmap is then concatenated with the input image and run
through the GAN. They produce state-of-the-art results and
made their dataset publicly available, which has allowed us
to directly compare our method with theirs.

ITII. LEARNING TO CLEAN IMAGES
A. Computer-Generated Synthetic Rain
We base our simple synthetic droplet model on the works
of [17], [18] and [19], generate the locations of raindrops
using a simple statistical approach, model the interactions
between raindrops using metaballs [20] and implement its
rendering efficiently using GPU shaders.



A proto-raindrop is created using a simple refractive model
that assumes a pinhole camera. The refraction angle is
encoded following a scheme similar to normal mapping [29]
by using a 2D look-up table represented by the RED and
GREEN channels of a texture 7', with the thickness of the
drop encoded in the BLUE channel of the same texture. This
texture 7" is then masked using an alpha layer that allows
blending of the water drops with the background image and
other drops, as shown in Figure 3a. With the drop acting as
a simple lens, the coordinate (z,,y,) of the world point that
is rendered at the location (u,v) on the surface of a drop is
given by the following simplified distortion model:

z, =u+ (RxB) (1)
yr =v+ (G * B). (2)

Each image location (u, v) has a probability P, of becomin
the center of a proto-raindrop whose dimensions are scale

along the horizontal and vertical directions by a tuple of

random values .S, and .S;,. For each timestep, the center of a

droplet may undergo a slip of D, pixels along the horizontal

and D, pixels along the vertical direction as a function of
the droplet diameter d:
0,0

D, Dy = { x ~N(0,3),P;*5

where P, represents the probability of slip along the vertical
direction and x denotes the random deviation of the slip
along the horizontal direction. We empirically choose a
maximum of 5 pixels of vertical displacement.

For each timestep, droplets that are close to each other
are merged using the metaballs approach [20], as shown in
Figure 3b. By default, each texture location T'(u,v) that
does not fall under a droplet encodes a normal that is
perpendicular to the background image. Finally, the image is
sampled using the normal map defined by the texture T to
produce a result similar to the one in the top-left corner of
Fig 1. Using this technique we have created three synthetic
rain datasets:

o synthetic rain added to CamVid, complete with road

marking ground truth;

« synthetic rain added to Cityscapes, complete with se-

mantic segmentation ground truth; and

« synthetic rain added to the dry images from our stereo

dataset, complete with road marking ground truth.

e

Fig. 3.

d < 4mm
d > 4mm,

Metaballs.

B. The de-raining network
The de-raining network architecture is

based on
Pix2PixHD [30]. The architecture is shown in Fig. 2. We
employ 4 down-convolutional layers with stride 2, followed
by 9 ResNet [31] blocks and 4 up-convolutional layers. We

motivate the addition of skip connections by observing that
most of the structure of the input image should be kept, along
with illumination levels and fine details.

To promote better generalization and inpainting, we refrain
from using any direct pixel-wise loss and instead use a
combination of adversarial, perceptual, and multi-scale dis-
criminator feature losses. The discriminator architecture is a
CNN with 5 layers, similar to PatchGAN [32]. We present
the full structure of the losses in the next section.

C. Losses

Similar to [33], we apply an adversarial loss through a
discriminator on the output of the generator. This loss is
formulated as:

Ladv = (D(G(Irainy)) - 1)2 (3)

The discriminator is trained to minimize the following
loss:

Edisc - (D(Iclear) - 1)2 + (D(Ide—rained))27 (4)

where Ijerained 18 sampled from a pool of previously de-
rained images.

The perceptual loss [34] is applied between the label and
reconstructed image:

nvaGeae 1

Z WHVGG(ICIear)i - VGG(G(Irainy))in

i=1 i
&)
where nygg represents the number of VGG layers that are
used to compute the loss and w!"¢ = 2("v6a =) weighs the
importance of each layer.
Additionally, a multi-scale discriminator feature loss [30]
is applied between the label and reconstructed image:

Cperc =

MADV

1
§ mllD(Iclcar)i
we

i=1 i

Emsadv = - D(G(Irainy))i”l: (6)

where n 4py represents the number of discriminator layers
that are used to compute the loss and w¢? = 2(napv—7)

weighs the importance of each layer.
The complete generator objective Lgcn, becomes:

['gen = )\adv * ['adv + )\perc * ﬁperc + )\msadv * ['msad\w
@)
Each A term is a hyperparameter that weights the impor-
tance of each term of the loss equation. We wish to estimate
the generator GG and discriminator D functions such that:

G,D = arg min‘cgen + Ldisc- (®)
G,D

In the following section we describe how the network is
trained to minimise the above losses.

IV. EXPERIMENTAL SETUP

A. Stereo rain dataset

In this section we present the hardware used to record
our narrow-baseline stereo dataset that allows one lens to be
affected by real water droplets while keeping the other lens
clear. The camera setup is shown in Figure 8. A 3D-printed
bi-partite chamber is sandwiched between two acrylic clear
panels and placed in front of the two lenses, with the left-
hand section of the chamber being kept dry at all times, while



Fig. 4. CamVid road marking segmentation results. From left to right: rainy input image, segmentation result on rainy image, derained input image,
segmentation result on derained image.

- .
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Fig. 5. RobotCar road marking segmentation results.First column shows a RobotCar(R) real rain image and segmentatlon result. Second column shows
the derained real rain image and segmentation result. Third column shows a RobotCar(S) computer-generated rain image and segmentation result. Fourth

column shows the derained compute generated rain image and segmentatlon result.
‘p 5

Fig. 6. Cityscapes semantic segmentation results. The first row shows a rainy image on the left and its corresponding semantic segmentation on the right.
The second row shows the derained i image on the left and its correspondmg semantic segmentation on the right.

v o

Fig. 7. An example from our stereo dataset. The image on the left is produced by the left lens, which is affected by water drops. The image in the middle
is produced by the dry right hand lens. The image on the right is the road marking segmentation ground truth.



the right-hand section is sprayed with water droplets using an
internal nozzle fitted at the top of the chamber. The angle of
this chamber with respect to the axes of the cameras can be
modified to simulate a slanted windscreen or enclosure, and
the distance from the lenses can be increased or decreased
accordingly to replicate different levels of focus or blur on
the droplets.

The nozzle spans the entire width of the right chamber
and is capable of producing water droplets with a diameter
between Imm and 8mm, as well as streaks of water. This
variability is achieved by modulating the water pressure
using a number of pulse width modulation regimes. The
water is drained from the bottom of the chamber and is
returned to a storage tank for recirculation. The cameras
used are Point Grey Grasshopper 2 with 4.5 mm F/1.4 lenses,
a baseline of 29 mm and automatic synchronisation. The
system is fully portable and the water is completely contained
within the circuit formed by the right chamber, pump and
tank.

We have collected approximately 50000 pairs of images
by driving in and around the city of Oxford. The image pairs
are undistorted, cropped and aligned. We have selected 4818
image pairs to form a training, validation and testing dataset.
From the testing partition, we have created ground truth road
marking segmentations for 500 images. An example from our
dataset is shown in Figure 7.

Compared to the painstakingly-collected dataset of [11],
our setup is a set-and-forget approach: once the stereo
camera has been mounted on a vehicle, it is trivial to collect
large amounts of well-synchronised and well-aligned pairs
of images.

Fig. 8. Our small-baseline stereo camera setup. A bi-partite chamber with
acrylic clear panels is placed in front of the lenses, with the left-hand section
being kept dry at all times, while the right-hand section is sprayed with water
droplets using an internal nozzle.

B. Training

We used a network training regimen similar to [30]. For
each iteration we first trained the discriminator on a clear
image and a de-rained image from a previous iteration with
the goal of minimizing Lgisc, and then trained the generator
on rainy input images to minimize Lgcn. We used the Adam
solver [35] with an initial learning rate set at 0.0002, a batch
size of 1, Aagv = 1, Aperc = 1 and Apgaay = 1.

C. Segmentation Tasks

We used the trained generator G' to de-rain all of the
rainy input images. To benchmark both the images with
computer-generated water drops and the images with real
water drops, in the context of road marking segmentation,
we used the approach of [4] which trains a U-Net to segment
road markings in a binary way. To benchmark the computer-
generated water drop images in the context of semantic
segmentation, we used DeepLab v3 [36] which has achieved
state-of-the-art performance on the Cityscapes dataset.

The generator runs at approximately 1 Hz for images with
a resolution of 1280 x 960, and at approximately 3 Hz for
images with a resolution of 640 x 480 on an Nvidia Titan X
GPU.

V. RESULTS

We benchmark our results taking into consideration several
metrics across several tasks, and also present results on the
quality of the image reconstruction.

A. Quantitative results

Table I presents results for road marking segmentation,
in the case of RobotCar with real water drops (R), Robot-
Car with computer-generated water drops (S) and CamVid
with computer-generated water drops (S). Our baseline is
represented by the performance of clear images tested on
models that were trained using clear images (REFERENCE).
For both RobotCar (R), Robotcar (S), and the CamVid (S)
datasets, the results show a severely degraded performance
when testing rainy images on models that were trained
using clear images (RAINY). Retraining the road mark-
ing segmentation models with a dataset augmented with
rainy images will lead to an improvement in performance
(AUGM). However, de-raining the images using our method
and testing them on a model trained using clear images
(DERAINED) restores the performance of the segmentation
to levels that are close to the baseline recorded on clear
images. Figure 4 shows road marking segmentation results
on CamVid, before and after deraining. Figure 5 shows road
marking segmentation results on RobotCar(R)&(S), before
and after deraining.
As expected, re-training the segmentation model with
a dataset that is augmented with rainy images helps to
improve performance, however using a specialised de-raining
preprocessing step significantly outperforms this approach,
even when tested on a model trained exclusively with clear
images. This is the expected advantage of having a model
dedicated, in its entirety, to a specific image-to-image map-
ping task (de-raining), which narrows the variety of images
fed to the segmentation task.
Table II presents results for semantic segmentation on the
Cityscapes dataset. We benchmark 4 different combinations
of models and datasets:
« Cityscapes-clear images tested on a model trained using
Cityscapes-clear images;

« Cityscapes-rainy images tested on a model trained using
Cityscapes-clear images;

« Cityscapes-rainy images tested on a model trained using
Cityscapes-clear and Cityscapes-rainy images; and



TABLE I
ROAD MARKING SEGMENTATION RESULTS

REFERENCE(CLEAR) RAINY AUGM. DERAINED
Dataset Prec. Rec. Fl1 10U Prec. Rec. F1 10U Prec. Rec. F1 10U Prec. Rec. F1 10U
RobotCar(R) | 0.627 0918 0.734 0.594 | 0.512 0.628 0.550 0.396 | 0.486 0.807 0.593 0.434 | 0.603 0.841 0.689 0.544
RobotCar(S) | 0.627 0.918 0.734 0.594 | 0.364 0.595 0.437 0.287 | 0.654 0.770 0.690 0.541 0.661 0.816 0.715 0.569
CamVid(S) 0.576 0.927 0.699 0.551 0.353 0.576 0.425 0.279 | 0.457 0.771 0.563 0.405 | 0.520 0.755 0.603 0.444
TABLE 11 TABLE IV

CITYSCAPES SEMANTIC SEGMENTATION RESULTS

Cityscapes Img. vs. Segm. Model | mIOU

CLEAR on CLEAR 0.692

RAINY on CLEAR 0.405

RAINY on AUGMENTED 0.611

DERAINED on CLEAR 0.651

TABLE III
RECONSTRUCTION RESULTS

RAW DERAINED
Dataset PSNR SSIM PSNR SSIM
RobotCar-Rainy(R) | 13.02  0.5574 | 22.82 0.8188
RobotCar-Rainy(S) | 16.80 0.6134 | 25.17 0.8699
CamVid-Rainy(S) 16.89 0.6064 | 22.11 0.7524
Qian et al.[11](R) 24.09 0.8518 | 31.55 0.9020

« Cityscapes-derained(Cityscapes-rainy preprocessed us-
ing our deraining model) images tested on a model
trained using Cityscapes-clear images.

Similar to the case of road marking segmentation, we notice
the same severe degradation of performance when testing
with rainy images (RAINY on CLEAR) as compared to
the baseline (CLEAR on CLEAR). Again, the performance
of derained images tested on a model trained using clear
images (DERAINED on CLEAR) is significantly better
than the performance of rainy images tested on a model
trained using a dataset augmented with rainy images (RAINY
on AUGMENTED). Figure 6 shows semantic segmentation
results on Cityscapes, before and after deraining.

B. Reconstruction results

Table III presents results on the quality of the image
reconstruction using two widely used image-quality metrics,
Peak signal-to-noise ratio (PSNR), and Structural similar-
ity (SSIM). We benchmark our model on our real-world
RobotCar-Rainy (R) dataset, RobotCar-Rainy with computer-
generated rain (S), CamVid-Rainy with computer-generated
rain (S), and on the dataset provided by [11]. The RAW
column shows the quality of the rainy images, while the
DERAINED column shows the quality of the de-rained
images, all relative to their clear ground truth. We show that
in all cases, de-raining the rain-affected images using our
preprocessor significantly increases the quality of the images,
as compared to the reference case where raw rainy images
are used. Both the real-world rainy dataset images and the
images with computer-generated rain are significantly more
degraded than the rainy images provided by [11], as seen in
column RAW.

Table IV presents reconstruction results on the reference
rainy dataset provided by [11]. We show that we achieve
state-of-the-art PSNR reconstruction results on images af-
fected by real water drops and only slightly lower SSIM,

RECONSTRUCTION QUALITY COMPARISON TO STATE OF THE ART

Dataset from [11]

Model vs. Dataset PSNR  SSIM
Original 24.09 0.8518
Eigen13[21] 28.59 0.6726
Pix2Pix[37] 30.14 0.8299
Qian et al.(no att.)[11] 30.88 0.8670
Qian et al.(full att.)[11] 31.51 0.9213
Ours(no att.) 31.55 0.9020

while, in contrast to [11], not requiring an attention [28]
mechanism, which simplifies and speeds up inference and
training.
VI. CONCLUSIONS

We have presented a system that restores performance of
images affected by adherent raindrops on important segmen-
tation tasks. Our results show that road marking segmenta-
tion, an important task for autonomous driving systems, is
severely affected by adherent rain and that performance can
be restored by first running the images through a de-raining
preprocessor. Similarly, we show the same reduction and
restoration of performance in the case of semantic segmen-
tation, a task that is important in many fields. Additionally,
we produce state-of-the-art results in terms of the quality
of image restoration, while being able to run in real time.
Finally, our system processes the image streams outside
of the segmentation pipeline, either offline or online, and
hence can be used naturally as a front end to many existing
systems. The dataset will be made available at https://
ciumonk.github.io/RobotCar-rainy/, along with
a video describing our results at https://ciumonk.
github.io/RobotCar-rainy/video.html.

VII. FUTURE WORK

Future work may involve designing a mechanism for
producing computer-generated rain that is indistinguishable
from real rain in terms of its usefulness in training models
that quantitatively rather than qualitatively improve perfor-
mance on image-based tasks.
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Semantic Classification of Road Markings from Geometric Primitives

Paul Amayo, Tom Bruls, and Paul Newman

Abstract— The classification of semantically meaningful road
markings in images is an important and safety critical task for
autonomous and semi-autonomous vehicles. However, beyond
simple lane markings, real-time detection and interpretation
of road markings is challenging as images are subject to
occlusions, partial observations, lighting changes and differing
weather conditions. Additionally, there is high variation in the
road markings between countries and regions, which makes
interpretation difficult. In this work we present a three-fold
approach to the semantic classification. Firstly, we employ a
weakly supervised neural network to detect pixels belonging to
road markings under different conditions. Subsequently, these
pixels are classified into geometric primitives, from which we
retrieve the semantic classes through a fast and parallel model-
fitting algorithm that offers real-time performance. Unlike other
methods in the literature that perform road marking classifica-
tion independently, our proposed approach performs a joint
classification leveraging the highly structured configurations
that characterise urban traffic scenes. Consequently, we retrieve
the underlying semantic classes under a variety of weather and
lighting conditions as we demonstrate in our results.

I. INTRODUCTION

The safe operation and deployment of a robot is intrinsi-
cally tied to its understanding of the work-space it operates
in. In the case of an autonomous vehicles this extends from
the knowledge of its location and its surroundings to the
allowable behaviour at that particular location. The latter is
mainly encoded into painted markings on the road surface
which guide vehicles into acceptable behaviour and serve as
warning for different hazards.

Offline mapping services such as Google Maps, HERE
maps, and OpenStreetMap nowadays attempt to include these
kind of details to aid autonomous driving. However, these
offline systems do not fully negate the need for autonomous
vehicles to be able to directly detect and interpret road
markings in real-time through their live sensors for several
reasons (i.e. roads are constantly changing, increasing, or
undergoing maintenance). These off-line methods cannot
directly compensate for this, leading to safety concerns for
autonomous operation especially as regions that receive less
traffic are considered.

Therefore, we focus on scene understanding for au-
tonomous vehicles from live perception. More specifically,
we present a method for the classification of a collection
of road markings (i.e. not just lane markings) from a front-
facing monocular camera. We operate on the premise that the
majority of the painted road markings originate from simple
geometric primitives (i.e. lines), even though their scale and
rotation differ greatly due to the camera perspective. The

The authors are with the Oxford Robotics Institute, Dept. Engineer-
ing Science, University of Oxford, UK. {pamayo, tombruls,
pnewman}@robots.ox.ac.uk

Fig. 1. Semantic classification of road markings in an urban environment as
implemented in this paper. From an image taken by the front-facing camera
of an autonomous vehicle (top left), pixels of potential road markings can
be identified by a trained deep neural network (fop right) under various
lighting conditions. A fast and real-time two-step global energy optimisation
approach then retrieves the road marking classes. The first optimisation step
reveals geometric primitives (lines) which encode road marking segments
(bottom left), before a further optimisation step classifies these primitives
into semantically meaningful road markings as seen in the bottom right
image.

spatial configuration of these primitives distinguishes the
road marking classes.

Early approaches for road marking classification [1], [2]
proposed the matching of features/shapes to obtain the road
marking classes from geometric primitives, but generally
struggle with changes in orientation and scale. Additionally,
these approaches performed shape classification indepen-
dently, neglecting the fact that combinations of road mark-
ings are often found in the same spatial configuration. Fur-
thermore, there is a decrease of performances in scenes with
occlusions or changes in lighting and weather conditions.
End-to-end deep learning approaches [3] offer solutions to
some of these problems. However, creating pixel-wise road
marking classification labels is extremely labour expensive
and cannot be done automatically as in [4]. Besides, no
techniques currently exist for including domain knowledge
(e.g. structure of the road scene or geometric primitives of
road markings) directly into these deep learning frameworks.

In this paper, we propose an integrated framework for the
detection and semantic classification of road markings. As
demonstrated in Figure 1, pixels that belong to road markings
are first identified by a trained deep neural network [4].



This allows for accurate detection of road marking pixels
under varying lighting and weather conditions. From these
pixels a two-step method retrieves the semantic road marking
classes. This method is based on a fast, robust, real-time,
global energy optimisation implemented through a COnvex
Relaxation Algorithm (CORAL) [5]. Unlike most geometric
multi-model fitting approaches, global energy approaches
inherently consider the overall classification of data points
to underlying models, in this case considering the spatial
proximity of road marking classes. In the first optimisation
step, geometric primitives (i.e. lines) from the identified
pixels are extracted. These are then clustered through a
subsequent optimisation, due to their specific configurations,
to the different semantic classes through a further energy
optimisation revealing a joint classification of road markings
in a scene as shown in the bottom right of Figure 1. This
removes the need for expensive and time-consuming manual
annotations used for training purposes in proposed learning
techniques [3], while still retaining strong and real-time
classification performance.

In particular this work offers the following contributions:

e A robust, accurate method for extracting geometric
primitives from road marking pixels.

o A fast, global labelling for the semantic classification
of road markings using a combination of the geometric
primitives and the road marking pixels.

o A method to track road marking classes from frame to
frame.

The rest of the paper is organised as follows. In Section
IT related work in the area of road marking detection is
summarised. In Section III the process for obtaining the
road marking pixels is explained, followed by Section III-
B wherein the details of the geometric primitive extraction
technique are described, before presenting the subsequent
segmentation in Section III-C. In Section IV we introduce
the road marking tracking pipeline before showing qualita-
tive and quantitative results in Section V. Conclusions and
discussion follow in Section VL.

II. RELATED WORK

Early work on the classification and interpretation of
road markings was majorly concerned with the detection of
lane markings, which form a subset of the road markings
but are important for semi-autonomous vehicles as lane-
following and lane departure warning systems are popular
Advanced Driver Assistance Systems (ADAS). The survey
by Hillel et al. [6] presents the common pipeline imple-
mented by most lane marking detection algorithms using
images. This pipeline includes a feature detection step to
extract the outlines of the lane separators through edge or
gradient detection, followed by a model fitting algorithm,
usually a Hough transform for straight roads and a spline
or polynomial model for curved roads. However, the feature
detection is prone to occlusions and changes in illumination
and weather conditions, while the model-fitting is dependent
on correct parametrization and model choice. This limits the
usability of these techniques to simple scenes (e.g. highway
environments), not alike the urban environments studied in
this paper.

To improve on the aforementioned problems, several ap-
proaches introduced an extra filtering step that attempts to
extract regions of the viewed scene which contain road
markings, as presented in the survey by Veit et al. [7].
While these are able to improve the baseline performance,
they still suffer under varying illumination forcing the use
of additional heuristics for practical functionality [8], [9].
Additionally as more complex road markings are sought the
extracted features evolve from simple edges to retrieve lanes
to more complex shape contours to detect arrows and spatial
configurations for zebra crossings. Examples of these are
descriptor-based approaches such as Histogram of Gradients
(HOG) used in [10] and Fourier approaches used in [11],
[12]. Classification of these features can then be performed
by template matching as seen in [13], [14] or by heuristic
shape-based rules. These techniques, while showing good
performance on their evaluated datasets, do not generalise
well and are sensitive to occlusions and partial observations
limiting their practical use.

Supervised learning approaches offered a way to improve
generalisation and thus several flavours of these appeared
in the literature, ranging from KNN classification [15] and
Support Vector Machines [16], [17] to shallow neural net-
works [18], [19]. It must be noted that these techniques
each focus on a different specific subset of road markings,
which are then independently detected and classified and
hence generalisation to new features is limited. A divergence
from this approach is presented by Bonolo et al. [20], who
exploited the spatial relationship between road markings to
improve classification using a Conditional Random Field
(CRF). This however requires perfect detection of road
markings and with the optimisation taking a few seconds
per image it is not suited for online use.

More recently, deep networks have been successfully
trained for road marking recognition [21], [22] or purely for
classification [23]. However, these approaches either imple-
ment additional preprocessing algorithms or require detected
road markings as an input, because of a lack of ground-truth
road marking labels in large-scale urban datasets. The authors
of [3] are the first to train a network on a large-scale (hand-
labelled) dataset and perform coarse road marking detection
under challenging conditions.

In comparison to all of the aforementioned work, our
approach leverages the power of deep learning to perform
robust pixel-accurate road marking detection under difficult
conditions and occlusions without the need for expensive
road marking class labels, while still integrating domain
knowledge to semantically classify road markings jointly in
real time.

III. SYSTEM OVERVIEW

In this work, we take a three-fold approach to the semantic
classification of road markings. Firstly, we deploy a deep
semantic segmentation network to detect road marking pixels
u € {ui, - ,uy,}, where n, is the number of detected
pixels, in a monocular image. This non-trivial operation
removes artefacts from the image such as cars, buildings,
and other objects with line features, which introduce noise
to the subsequent steps.



Secondly, a global energy optimisation retrieves an a
priori unknown number of geometric primitives A €
{A1, -+, Ay, }, where n; is the number of extracted prim-
itives, from the road marking pixels which encode the road
marking segments.

Lastly, we cluster these road marking segments into se-
mantically meaningful classes ¥ € {1, 1, }, with
two types of constraints followed by a subsequent energy
optimisation. This pipeline is described in more detail in the
following subsections.

A. Road Marking Detection

We deploy a deep semantic segmentation network to
identify image pixels that belong to the road markings. It
can be seen [4] that in the presence of adequate training
data, such a network will outperform existing techniques as
it is able to exploit the global scene context, making it more
robust to lighting changes, spatial deformations, degradation,
and partial occlusions.

Creating adequate training data, in this case pixel-wise
road marking labels, is extremely labour expensive. To
bootstrap this, the monocular image is combined with a
LiDAR reflectance point cloud to create road marking an-
notations in a weakly supervised way using several domain
assumptions. We exploit the property that road markings are
highly reflective and optimise a dense CRF over the image
to detect the road marking pixels by relating them to high-
reflectance LiDAR points, which are not affected by lighting
changes. This allows for the automatic generation of a large
set of road marking annotations under various conditions,
which are used for training purposes.

After the network is trained with these annotations, a road
marking mask can be retrieved in real-time from a monocular
image. Figure 2 shows that the network is robust to both
appearance and lighting changes in the scene, providing a
strong set of pixels from which individual road markings can
be obtained. Due to space constraints we direct the reader to
[4] for further details and the utilised network architecture.

B. Road Marking Geometric Primitive Extraction

After the identification of the road marking pixels by the
trained deep segmentation network, we extract geometric
primitives. linear segments, that encapsulate road marking
segments. The number of road marking segments in a specific
scene is a priori unknown, and apart from the trivial case
of lane markings, they occur in different orientations and
lengths with various levels of occlusion. Additionally, the
network output also contains some level of noise, as objects
of high reflectance (i.e. curbs) not corresponding to road
markings can sometimes be wrongly segmented.

Several techniques for multi-line fitting in images such
as vanishing point detection [3], RANSAC [24] and the
Hough transform have been employed to obtain road marking
segments. However, when moving away from the simple
lane detection scenario performance of these techniques
deteriorates. The Hough transform is highly dependent on
parametrisation, while sequential RANSAC techniques strug-
gle in scenes with noise and clutter, which cascades inaccu-
racy leading to poor outputs. In contrast, robust energy based

Fig. 2.
cast, night, rainy, and sunny). Despite the large changes in the prevailing
conditions the trained deep segmentation network [4] is able to accurately
identify the pixels belonging to the road markings from the monocular
image.

Road marking detection under different lighting conditions (over-

multi-model fitting approaches [25], [S] have been shown to
outperform greedy approaches in the presence of noise. This
is as energy based approaches take into consideration the
overall classification of the data points to all the models.
Firstly, by promoting locality through a smoothness prior
that ensures that points that are close together have a similar
model. In addition, these techniques are able to converge to
the correct number of geometric models present in the data
through a compactness prior.

With this in mind, we adopt the formulation given by
CORAL [5] to perform the multi-line fitting. We define a
global energy function:

D> UD(ALw)[)i(w) +A Z D IVadi(u)ls
=1 i=1 =1 i=1

Geometric Error Energy Smoothness Energy

+ D

BIIL
——
Compactness Energy

The data term in Equation 1 accounts for the distance
between a point and the geometric primitive. Here A is the
line equation A; = (az,b;,¢;) and we refer to D as the
Euclidean distance between a point u; = (z;,y;) and the
line A;. Membership of data points to their respective model
is encapsulated through the indicator function

¢l(u):{1 uc A

0 otherwise ’

2

which is self-constrained, Y, | ¢;(u) = 1, such that a point
can only be a member to one model. To account for outliers —
as not all data points might be explained by a linear segment—
a special label (), representing the outlier model is added. In
this way a constant cost ~y is assigned to points that cannot
be explained by any geometric model.
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Fig. 3.

A sample of the results from road marking geometric primitive extraction under different prevailing conditions. It can be seen that our proposed

energy optimisation approach is able to accurately extract linear segments in a diversity of scenes. Revealing the underlying primitives for a large number

of road markings present in the urban scene.

The smoothness term in Equation 1 promotes a homo-
geneous assignment of models to neighbouring points, intro-
ducing a spatial smoothness prior. By calculating the gradient
Vv of the indicator function over the neighbourhood N of
a point given by its k-nearest neighbours, points that belong
to the same neighbourhood but do not share the same model
are penalised. The trade-off between the smoothness and
data terms is controlled by the parameter A. Finally, the
compactness term in Equation 1 penalises the number of
models by adding a constant cost 3 per model. This penalises
redundant models resulting in a more compact solution.

Minimisation of the energy in Equation 1 reveals the
underlying geometric models. In CORAL a continuous opti-
misation approach leveraging a primal dual optimisation [26]
is employed. This approach is inherently parallelisable allow-
ing for easy implementation on General Purpose Graphical
Processing Unit (GPGPU) hardware and real-time line model
detection. Due to space constraints we refer the reader to [5]
for further implementation details.

To reduce the search space for models in the CORAL
optimisation, a finite number of models is usually proposed.
In this work we use the Hough Transform for the model
initialisation which generally proposes more models with low
accuracy than are present in the scene. This is followed by
an iterative process of primal dual optimisation for energy
optimisation and model re-estimation up until the energy
converges. Thus converging on n; road marking segments.
A sample of the results can be seen in Figure 3, where this
approach is able to extract the underlying primitives for a
large number of road markings in a diversity of scenes.

C. Road Marking Geometric Primitive Clustering

The approach described in the previous section is able
to accurately extract the road marking geometric primitives
under different conditions. However, it is the underlying
meaning encoded in these primitives that is actually interest-
ing for autonomous driving. Therefore, we seek a clustering
of the geometric primitives to perform classification. For the
clustering, we utilise the idea that a collection of geometric
primitives, however complicated, is still a geometric model
albeit with more intra-class constraints 6(-). Additionally, a
set of fixed rules governs the spatial relationships between

road marking classes which can be encoded into inter-class
constraints ().

Before the clustering can be performed, the effect of the
camera perspective must be removed as it distorts the length,
orientation and position of the road marking segments. By
positioning a virtual camera above the observed scene this
effect can be removed providing consistency not only in
the detected road marking segments but also in their spatial
configurations. This is performed through a homography
warping of the scene, referred to as the Inverse Perspective
Mapping (IPM) [20], which despite assuming that the road
surface is planar works well in practice as seen in Figure 4.

We focus on the detection of six classes of road mark-
ings: single lane boundaries, double lane boundaries, lane
separators, intersection markings, zig-zag, and junction road
markings. Detection of these classes informs an autonomous
vehicle about an upcoming road situation (e.g. a pedestrian
crossing or a junction) or the allowable drivable area, both
are crucial functions for autonomous driving.

Double lane boundaries, zig-zag and junction road mark-
ings all originate from a collection of geometric primitives
and thus introduce intra-class constraints. These constraints
are the angle and the distance between two road marking
segments. Given the equation of a geometric primitive A; =
(ar, by, c1), we introduce two simple constraints as follows

With these classes in mind two constraints were intro-
duced, the angle between road marking segments and the
corresponding distance between them. While simple these
constraints encompass the possible configurations of the road
marking classes and can be defined as:

Oangie(Ai, Aj) = |arctan(a; /b;) — arctan(a; /b;)|  (3)

edist(Aia A-ja u;ma u_;n) = (D(Al7 u:n) + D(Ala u_;n))/27
“4)
where A; = (a;,b;,¢;) is the equation of the road marking
segment ¢ and u}" is the midpoint of the pixels assigned to
it.

By observing the classes it can be seen that the lane
boundaries, lane separators and intersection road markings
all consist of singular infinite line models. There is however,
a strong prior that these classes appear parallel to each other
allowing for the definition of an inter-class constraint that



Fig. 4.

Manually annotated road markings after inverse perspective
mapping. These show a junction (fop left), lane markings (fop right), zig-
zag lines (bottom left), and a road intersection (bottom right) scene. As the
semantic classes are encoded through a specific configuration of geometric
primitives a subsequent CORAL optimisation reveals the underlying road
marking classes.

penalises a collection of these if they are not parallel through
the angle constraint. Similarly the double lane boundary con-
sists of two parallel singular infinite line models within close
proximity of each other, providing a inter-class constraints
based on the angle and distance. Lastly, the angle is preserved
in the zig-zag and junction crossings classes, producing a
similar inter-class constraint.

We can thus propose several instances of these semantic
classes through a targeted search that aims to find collection
of lines that are parallel as well as those that fulfil the
angle constraints of the zig-zag and junction classes. These
instances form an initial set of “models” that are fed into
the CORAL. The iterative optimisation of which reveals a
compact set of semantic class instances as but additionally
optimises for spatial smoothness, in essence performing a
Jjoint optimisation.

A sample of results of these is given in Figure 5, showing
that this approach achieves high classification accuracy even
in the presence of occlusions. To differentiate between the
three classes of singular infinite line models in these results,
the contiguity of their associated pixel inliers is used.

IV. ROAD MARKING TRACKING

The previous section has described a framework for re-
trieving the road marking classes in a single image frame.
Tracking of the road markings through consecutive frames
improves the robustness of the classification, because, in
most cases, road markings are seldom only seen in one
frame, and persist from frame to frame. By exploiting
this persistence our confidence of correct classification is
increased when a road marking is detected over multiple
frames. Additionally, some road markings are not fully
observable in the current image (e.g. when traversing a road
junction), making their classification ambiguous. By tracking
classes, we can ensure that the correct assignment is made
even when the road markings become partially observed.

Algorithm 1: Multi-Frame Road Marking Tracking

if First Frame then

Propose @0 models with HT;
else

Calculate homography;

Warp lines ©,_; to 6;:

Remove inliers;

Propose Oyr models from outliers using HT;
0; = {@i, @HT};

end

while not converged do

Primal Dual Optimisation;

Merge lines;

Re-estimate lines;

end
N road marking segments O;;
Semantic road markings;

In this work, the selected road marking classes are collec-
tions of geometric primitives. These primitives can be tracked
between subsequent frames if the motion T = {R,t}
between the frames is known. We use the homography
transformation between the subsequent frames to project a
line model into the next frame

tn!
H=R+ plane
dplane
Aiiy = HA,. 5)

These give an initial set of projected models for the subse-
quent frame, obtained from the initial frame. However, this
set does not include all possible models, as road marking
segments can appear for the first time in a particular frame.
To cope with this, road marking pixels that are inliers to
the projected models are first removed before a further
Hough Transform (HT) initialisation is performed to the
outliers availing new road marking geometric primitives as
summarised in Algorithm 1. We implement a sliding-window
approach to track road marking classes when they become
fully occluded or the image becomes over-exposed. This
allows detected semantic classes to persist further in time
more accurately.

V. EXPERIMENTAL RESULTS

To evaluate the presented approach, the Oxford RobotCar
dataset [27] is used. This dataset consists of 100 repetitions
of a 10-km route in central Oxford under different prevailing
weather and lighting conditions. Using the pre-trained deep
segmentation network [4], we deploy our approach on three
runs that were captured under vastly different conditions
(overcast, rain, and night-time). It can be seen that our
approach is able to retrieve the underlying semantic classes
of the road markings in a variety of scenes even despite
significant changes in appearance, as shown in Figure 5.

In Figure 6, we demonstrate the benefit of our road
marking tracking algorithm. In this sequence, the junction
markings become partially observable, leading to wrong



Fig. 5. Sample of results from the semantic classification of road marking pixels under different weather and lighting conditions (overcast/rain/night). By
using a global energy approach, our proposed approach is able to detect multiple road marking segments in images from detected road marking pixels.
These segments are aggregated through another energy minimisation into their semantic classes. Thereby, we reveal the underlying meaning of the road
markings in complex urban environments, providing important cues for autonomous vehicles. These include indication for upcoming road situation, which
could require specific behaviour. For instance, the zig-zag markers (purple) indicate an upcoming pedestrian crossing and the give-way dashes (cyan)
indicate a junction.

Fig. 6. Given the fully observed junction road marking (left), our approach is able to correctly detect the underlying semantic class. However, when the
junction becomes partially observed (middle), the interaction of the underlying geometric primitives with others in the scene can cause mis-classification.
In this case, the junction was labelled as a zig-zag line. By introducing road marking tracking (right), the correct class is retrieved even under partial
observation, making the classification more robust.



classification when only the current image frame is taken
into account. By tracking the road markings, our approach
memorises the scene and correctly initialises a new semantic
road marking, increasing the robustness of the system.

The CORAL global energy optimisation is implemented
using CUDA and deployed on an NVIDIA TITAN GPU. To
obtain the running times, we averaged the computational time
of 100 different images from the dataset. The timing results
are presented in Table I. The results show that this method
can be performed in real time (~6 Hz), allowing online road
marking classification.

TABLE I
TIMING RESULTS FOR THE ROAD MARKING SEGMENTATION

Module Time (ms)
Road marking pixel detection 16
Energy minimisation (line models) 110.8
Energy minimisation (semantic classes) 38.4

VI. CONCLUSION

In this paper we have presented a framework for the
classification and interpretation of road markings in complex
urban environments under varying weather conditions. From
detected road marking pixels, this approach describes the
semantic classes as different configurations of primitive geo-
metric models and then employs a fast energy minimisation
to extract the respective class in real time. By detecting
certain classes we are able to reason about upcoming road sit-
uations, which could require specific behaviour. Unlike most
of the contemporary approaches, we classify road markings
jointly without requiring expensive manual annotations and
are able to perform well in the presences of occlusions and
degradation. Furthermore, the method is easily extendable to
more classes and is thus able to provide an important cue
for planning and navigation in urban scenes.
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