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Summary

Where we started An autonomous vehicle or robot left to roam in the wild needs
to know where it can go, and what to avoid. This is especially challenging when
navigating outdoors and exclusively relying on images captured by on-board sen-
sors to interpret the robot's surroundings. We speci�cally tackle two challenging
aspects of vision-based scene understanding for outdoor navigation:

First, the robot may cover vast areas, and encounter unfamiliar territory with
diverse terrain or previously unseen obstacles. With this in mind, for the purpose
of navigation, we argue that learning to detect speci�c scene elements based on
what the robot is expected to encounter - such as cars, pedestrians, or roads - is
overly restrictive and does not scale well outside of controlled, predictable envi-
ronments. Thus, we propose to parse scenes in functional rather than descriptive
terms, directly learning a general notion of driveability which can be broadly ap-
plied to any type of scene or application.

Secondly, the robot may operate at different times of day or year, thus fac-
ing unfavourable lighting or weather conditions which degrade its view. In this
case, relying on a single type of sensor is not suf�cient: visible spectrum cameras
are easily blinded and depth or infrared images, while more reliable, may lack
useful appearance-based cues for scene understanding. Thus, we explore fusion
approaches for leveraging complementary features from these different modalities.

Where we wandered This work takes a fully supervised image segmentation ap-
proach, leveraging existing multi-modal datasets for training and evaluation. We
train a SegNet-based architecture to classify pixels into three driveability levels,
distinguishing between areas which are preferable, possible, and impossibleto drive
on, and employ a soft labelling scheme which incorporates inter-class distances
during training. Additionally, rather than giving each pixel equal contribution
during learning, we present a loss weighting scheme which assigns less impor-
tance to pixels located along object boundaries or in the distance, as they bear less
relevance for driving decisions.

After training SegNet to predict driveability in visible spectrum images, we
explore the potential of infrared and depth modalities as complementary predic-
tors by integrating the network into a deep multi-branch fusion architecture, each
branch specializing in a particular modality. Modality-speci�c features are fused
across branches either in the middle of the network where spatial resolution is the
coarsest (mid fusion), after the decoding stage where a full-resolution prediction is



recovered (late), or both (dual). Fusion is performed by a small convolutional sub-
network which weighs each input modality at the feature-level before producing a
combined feature map: the network learns to selectively emphasize the most infor-
mative features from each modality. We compare deep fusion architecture variants
to an early fusion baseline which simply concatenates modalities at the input.

These methods are �rst developed and evaluated in isolation on two public
datasets: Freiburg Forest, which features RGB, pseudo depth, and near-infared
(NIR) images of unstructured forested environments, and Cityscapes, an urban
driving dataset with RGB and real stereo depth data. We then jointly validate our
soft labelling and loss weighting scheme by learning pixel-wise driveability across
a diverse combination of visible spectrum images from 8 datasets. Lastly, we show
that these learning strategies can be successfully applied to the proposed multi-
modal architecture: we use Freiburg Thermal, a large-scale RGB-thermal dataset,
for training, and assess generalization to out-of-dataset RGB-thermal captures.

Where we landed Our experimental results can be summarized as follows:
• we �nd that pre-training SegNet on descriptive classes, and adapting it to

learn driveability via transfer learning achieves higher recall for out-of-domain
obstacles than learning driveability from scratch, or mapping object labels to
driveability as a post-prediction step. We show that a consistent represen-
tation of driveability can be learned across a wide combination of datasets,
but that con�icting label de�nitions and semantic ambiguity causes frequent
confusion between areas which are preferablevs. just possibleto drive on.

• when training SegNet under a soft ordinal labelling scheme, the network
learns to make less severe mistakes than when using a standard one-hot la-
belling approach. However, results hinge on the ranking de�nition used to
generate the labels, revealing a trade-off between mistake severity and accu-
racy. With safety in mind, we opt for an asymmetrical inter-class distance
metric based on squared log difference, which assigns the highest penalty
when mis-classifying obstacles aspreferableto drive on.

• compared to a standard uniformly-weighted loss, our loss weighting scheme
shows mixed quantitative results depending on the dataset, but has a notice-
able qualitative impact, producing a more a smooth and cohesive segmenta-
tion, with loss of detail considered an acceptable trade-off for navigation.

• in Freiburg Forest's unstructured forested environments, the addition of NIR
and pseudo depth improves segmentation, both in an early and deep fusion
con�guration, with the most substantial gains brought by NIR. In Cityscapes'
urban scenes, the addition of real stereo depth only improves segmentation in
a deep fusion con�guration, and we �nd depth completion to be an unneces-
sary pre-processing step in this case. For deep fusion, we �nd it bene�cial to
fuse modality-speci�c features both at a middle and late stage in the network;
the RGB-thermal fusion results in our �nal experiment con�rms the viability
of the approach, as well as the valuable properties of thermal imaging for
scene understanding.
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Chapter 1

Introduction

Awareness of one's immediate surroundings is crucial for navigation. As humans,
we naturally understand what surrounds us and how to interact with different
parts of a scene, even when faced with new, unpredictable environments. Achiev-
ing human-level scene understanding for autonomous systems is an active �eld
of research, and requires developing robust computer vision methods which can
interpret raw sensory data into useful representations for real-world operation. In
this work, we tackle egocentric perception for outdoor navigation “in the wild”,
where a robot is likely to encounter a wide range of different scene geometries,
terrains and obstacles, yet should still be able to identify safe and suitable routes,
using on-board sensors capturing the scene from its own point of view. We investi-
gate how images of outdoor scenes can be parsed both in ausefulway, speci�cally
considering the task of autonomous navigation, and a reliableway, by incorporating
multiple sensing modalities into the prediction.

1.1 Research directions

Outdoor scene understanding for navigation

In the automotive �eld, scene understanding primarily involves parsing urban
landscapes for driving on structured roads and negotiating traf�c. In the broader
context of mobile robotics, a vehicle may operate in much more diverse, off-road or
pedestrian environments - in which case, the question of where can I drive?or what
should I avoid?cannot necessarily be reduced to recognizing speci�c scene elements
such as lane boundaries, cars or people, as the vehicle may encounter unfamiliar
terrain, unexpected obstacles, or open areas with no clear path.

With these challenges in mind, we try to take a general, functional approach to
scene understanding, with the idea that it may not be necessary to precisely dis-
tinguish and categorize every element in the scene in order to determine where a

1



1.1. Research directions 2

vehicle can safely drive. In diverse environments, rather than identifying elements
by name (e.g. this is a tree), it may be more useful to parse the scene in terms of
how the vehicle can navigate in it ( this area is more driveable than that one). Such a
representation could then directly be used to generate potential trajectories.

Multi-modal fusion

The choice of sensing modality for computer vision determines the type and qual-
ity of features which can be extracted, and the range of conditions in which the
system can operate. Monocular RGB imaging is the most widespread modality
for scene understanding, providing rich color and texture information at high-
resolution. Visible spectrum cameras are widely available, affordable and produce
dense, highly structured data which is intuitive to label, being analogous to human
vision. However, they are also highly sensitive to ambient illumination, lighting
artifacts such as glare or shadows, and adverse weather which may obstruct or
degrade the camera view: an outdoor vehicle cannot solely rely on this modality
for safely navigating in adverse conditions (e.g. direct sunlight, night-time, fog).

Combining RGB imaging with other modalities is a promising research area
with direct application to robotics. In particular, the release of compact low-cost
RGB-D cameras like the Microsoft Kinect and Intel RealSense which provide per-
pixel depth values via stereo matching has sparked many works which success-
fully incorporate distance information in a wide range of vision tasks [7]. However,
these depth maps suffer from noise and low precision with increasing distance [52].
Depth maps can also be constructed from sparse LIDAR or radar scans. 3D LIDAR
provides accurate and detailed scene geometry, and being an active sensor, can op-
erate regardless of ambient illumination, however it requires favorable atmospheric
conditions as it cannot penetrate through rain or fog. Conversely, due to its longer
wavelength, radar is robust to poor weather and offers longer range but at the ex-
pense of resolution, making it poorly suited for characterizing small obstacles [75].

Thermal imaging is also becoming an increasingly attractive modality as an
alternative or complement to RGB imaging due to its inherent robustness to illu-
mination changes; it is especially well-suited for detecting people and other heat
sources which stand out in their thermal intensity from the rest of the scene [26].
Although shifting away from the visible spectrum involves losing texture and color
information, unlike laser and radar scans, thermal images remain visually inter-
pretable, and can be labelled similarly to RGB images.

The complementary properties of these different imaging modalities can be
leveraged with deep multi-modal fusion methods, with the goal of improving out-
door scene understanding capabilities compared to RGB-only perception. This also
brings interesting challenges in the data collection stage and the choice of neural
network architecture.
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1.2 Project scope

Research questions

The goal of this work is to investigate how useful visual representations can be
learned from multi-modal image data for the purpose of outdoor navigation. To
this end, we formulate the following research questions which guide the develop-
ment and experimentation:

• To what extent does parsing outdoor scenes in terms of driveability rather
than speci�c semantic classes help when faced with unconstrained environ-
ments?

• How can multiple imaging modalities be combined for this purpose?

• What are the drawbacks and bene�ts of a multi-modal architecture for this
task, compared to single-modality approaches?

Delimitations

As the �rst building block in an autonomous vision-based navigation system, this
work speci�cally tackles robotic perception, to the exclusion of localisation, map-
ping, path planning or control methods. To assess the viability of the proposed
methods, we rely on existing datasets for of�ine evaluation: the implementation
over-head associated with data collection on a mobile platform, along with the
computational constraints associated with real-time embedded operation, are out-
side of the scope of this work.

1.3 Outline

Chapter 2 sets the stage for the methods that follow by brie�y describing relevant
computer vision and deep learning concepts. Chapter 3 presents recent related
work in the �elds of navigation-oriented scene understanding and multi-modal
vision. Building on this existing research, Chapter 4 provides an overview of our
approach and experimental design for tackling the research questions. Since this
project is largely data-driven, Chapter 5 then delves into available datasets and
describes the data preparation steps in our experiments. The bulk of our methods
is described and evaluated in Chapter 6, Chapter 7 and Chapter 8, and jointly
validated in Chapter 9. Wrapping up, Chapter 10 discusses the results of this
work in relation to the research questions, addresses some of its limitations and
challenges, and identi�es possible next steps in the broader context of navigation,
leading to interesting directions for future work. Lastly, Chapter 11 concludes this
research sandwich by summarizing the main motivations and �ndings.



Chapter 2

Background

This chapter sets a very brief theoretical foundation for the methods used in this
work. We �rst give an overview of the sensing modalities that we consider for
multi-modal perception, and their basic properties. We then introduce relevant
machine learning concepts and deep neural architectures for pixel-level prediction.

2.1 Beyond monocular RGB imaging

2.1.1 Active vs. passive sensing

Passive imaging sensors capture naturally-occurring radiation in a scene such as
re�ected light or emitted heat, thus relying on external energy sources. Outdoors,
the sun is the main source of visible light, which can be captured by visible spec-
trum cameras - however, the level of ambient illumination entirely determines the
quality of images. Thermal imaging also falls in this category and is an attractive
alternative, since it can capture heat emitted by objects regardless of illumination.
In contrast, active sensors provide their own illumination by emitting radiation
into the scene and measuring its re�ection or scattering. These include laser and
radar scanners, for instance.

This section focuses on infrared and depth vision, which may fall under either
active or passive sensing, depending on the type of device.

2.1.2 Infrared imaging

All objects with a temperature above 0 K emit infrared radiation. While invisible
to the human eye, infrared imaging devices can be used to convert this energy into
a human-readable spatial intensity map. They operate within a certain spectral
range, depending on the desired usage - the warmer a surface, the shorter its peak
radiation wavelength. Capturing the infrared signature of a scene allows us to

4



2.1. Beyond monocular RGB imaging 5

“see” beyond the visible, without the distraction of variable illumination. The 3
infrared sub-divisions of interest are outlined in Figure 2.1 and introduced below.

visible NIR MWIR LWIR

0.4–0.7 µm 0.7–1.4 µm 3–5 µm 8–15 µm

Table 2.1: Wavelength range of the 3 main infrared imaging sub-divisions compared to the visible
spectrum, with an example camera capture of the same scene in each band. Images are from the
MIR object detection dataset [104] (cf. Section 5.1).

Near-infrared (NIR) wavelengths are adjacent to the visible spectrum and can
be captured passively with a modi�ed digital camera or specialized NIR detector.
NIR images provide no color information but retain a high level of detail and
contrast; they resemble grayscale visible-light images, while being less sensitive to
ambient illumination and atmospheric haze. Similarly to the visible band, since
only very hot objects emit signi�cant radiation in the lower end of the infrared
spectrum (over 2600 °C for a peak wavelength of 1 µm), NIR radiation in regular
scenes is essentially limited to re�ected light from the sun or other light sources.
Thus, night vision capabilities require an active system. [114] elaborates on the
properties and applications of NIR imaging in contrast with longer infrared bands.

Mid-wave infrared (MWIR) and long-wave infrared (LWIR) are referred to as
thermal infrared - objects at room temperature emit signi�cant radiation in these
bands, and thus can be captured passively by a thermal camera. While details,
textures or patterns may be lost in this range (eg. the road markings in Table 2.1),
the scene's layout remains clear, and pedestrians or moving vehicles (the most
common dynamic obstacles in urban environments) appear particularly salient due
to their heat. Most thermal surveillance cameras operate in the LWIR range, since
the infrared energy emitted at human body temperature peaks around 10 µm. An
in-depth overview of thermal imaging technology and its applications to computer
vision is given in [26].

2.1.3 Depth vision

Within the scope of this work, we treat depth data not as an unorganized set of
3D points, but as a structured 2D (or 2.5D) imaging modality, where each pixel
encodes an estimate of its distance from the viewer. This allows us to employ stan-
dard 2D convolutional neural networks (CNNs) analogously across visible spec-
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trum, infrared, and depth images, rather than requiring a dedicated architecture
for 3D understanding [37].

Given a pair of monocular cameras with known parameters and partially over-
lapping �elds of view (FOV), a disparity map can be constructed via stereo match-
ing by �nding pixel-wise correspondences between the two camera views, thus
enabling RGB-D vision. 3D LIDAR technology is less accessible than RGB-D vi-
sion due to its cost, but its use is widespread in autonomous driving systems [118].
Sparse 2D depth maps can be computed from 3D laser scans by projecting point
clouds to the image plane, as done in [30] for instance. For an overview on different
3D ! 2D scan representation methods commonly used for scene understanding,
we refer to [25].

In the interest of time and space, we do not elaborate on depth sensing tech-
nologies here, but rather focus on relevant pre-processing steps for depth-based
feature extraction.

Depth completion

Depth maps generated from raw range-sensing data are sparse by nature. As
shown in Figure 2.1, 3D LIDAR scans projected onto the image space appear as
structured scan lines with only a small portion of pixels encoding a depth value,
while stereo vision produces dense but noisy and discontinuous depth data with
specks or patches of missing values.

(a) 3D LIDAR scan (Velodyne HDL-64E) from the Kitti dataset [30]

(b) Stereo disparity (OnSemi AR0331 sensor)
from Cityscapes [21]

(c) Stereo depth (ZED camera) from ROB7
project [46]

Figure 2.1: Color visualization of sparse depth maps from existing datasets. Missing values are
shown in black.
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Input data sparsity is an issue for CNNs, since they are designed following the
assumption that every pixel encodes a valid observation. For instance, [110] found
that using raw stereo depth maps in a deep multi-modal pipeline gave poor results
for outdoor scene segmentation. Although effective methods have been proposed
for directly feeding sparse depth maps to CNNs (eg. through masked convolutions
which ignore missing values [107] or training strategies which encourage sparsity-
invariant learning [51]), these require special considerations in the architecture
design. Therefore, the most straightforward approach remains to �rst infer a dense
depth map as a pre-processing step, and using this dense image as input to a
standard CNN, as done in [110, 56, 109].

Given a sparse depth image with missing values, the aim of depth completion is
to recover an estimate of the true depth value for every pixel. Classical approaches
employ hole-�lling strategies such as �ltering and in-painting [3]. Leveraging vi-
sual information in order to guide the depth estimation process has also proven
bene�cial, however, this places additional constraints on the availability and quality
of RGB images for every depth frame. While the current state-of-the-art is domi-
nated by image-guided CNN-based approaches, [59] demonstrates that traditional
image processing techniques are able to perform on-par with deep architectures
on depth completion benchmarks, at the fraction of the computational cost and
without the overhead of training or reliance on additional modalities.
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2.2 Deep learning for pixel-wise classi�cation

The question "what is in this image?"can be answered at different levels, as illus-
trated in Figure 2.2. At the coarsest level, image classi�cation generates a single
description for the whole image, based on the presence of one or more classes.Ob-
ject detection additionally provides the general location of different class instances
as bounding box coordinates. Semantic segmentation operates at the pixel-level
by partitioning the image into class regions: such dense predictions are crucial for
vision-based navigation, in order to precisely delimit driveable regions or obsta-
cles. Instance segmentation goes a step further by also distinguishing between
instances of the same type. While this can be useful for human-robot interaction
for instance, where it may be desirable to uniquely identify and segment people
in the image rather than grouping them under a common label, we do not con-
sider this step necessary for navigation-oriented scene understanding - therefore,
we focus on semantic segmentation.

Figure 2.2: Egyptian cat models demonstrating different image description tasks, from coarsest (top
left) to �nest (bottom right).

2.2.1 Semantic segmentation as pixel-wise classi�cation

When framed as a machine learning problem, semantic segmentation amounts to
inferring a label for every pixel based on a set of pre-de�ned classes. In a fully
supervised learning scheme, ground truth labels are provided on a per-pixel basis
at training time. Much like any classi�cation task, the goal is then to learn opti-
mal model parameters by minimizing the error between the true and the predicted
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labels. This error is captured by a loss function which penalizes incorrect pre-
dictions, with the loss being computed per pixel, and then averaged or summed
over the whole image. The simplest loss weighting scheme consists of giving each
pixel equal weight. However, more advanced loss weighting schemes have been
proposed in order to compensate for class imbalance [67, 4], or achieve �ner seg-
mentation along boundaries [88], for instance. It is also common practice to de�ne
a void class for unlabelled pixels which are explicitly ignored in the loss computa-
tion [21].

Figure 2.3: Example of a cross-entropy loss calculation for a single pixel in a 3-class semantic seg-
mentation task, where the label is one-hot-encoded. Predicted values are chosen arbitrarily and the
pixel size is exaggerated for illustration purposes.

The most widespread loss function for classi�cation is cross entropy; minimizing
cross-entropy amounts to maximizing likelihood. This �rst requires normalizing
the model's raw prediction ŷ0 to obtain a probability distribution ŷ across the set
of classesC (such that 0 < ŷi < 1 8i 2 C and å C

i ŷi = 1) - for a multi-class problem,
this is typically done by applying the softmax (normalized exponential) function.
The softmax function and cross-entropy loss LCE are given by:

ŷi = softmax( ŷ0) i =
exp ŷ0

i

å j2C exp ŷ0
j

LCE(y, ŷ) = � å
i2C

yi log ŷi

The label's probability distribution y can be expressed as a one-hot encoded vector,
where the target class has a probability of 1 and the other classes have a probability
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of 0. As illustrated in Figure 2.3, when using a “hard” one-hot-encoded ground
truth label, only the target class probability contributes to the cross-entropy loss
value: the model is encouraged to maximize the log-likelihood of the target class,
with the rest of the classes being considered categorically incorrect and in�nitely
far from the target.

Alternatively, ground truth labels can be encoded as “soft” vectors, where in-
stead of assigning each observation to a single correct class, labels describe class
membership probabilities [27]. We show two examples of soft labels in Figure 2.4
compared to a standard hard label. In their most generic form, soft labels can be
generated via label smoothing, where the ground truth is taken as a weighted av-
erage between the original hard target and a uniform distribution across all classes
- [103] presents this (now widely adopted) technique for image classi�cation and
shows how it has a regularizing effect, by discouraging high-con�dence predic-
tions, and thus aiding generalization. However, uniform label smoothing treats
each incorrect class as equally probable. More interestingly, soft labels can be
used to express known relationships between classes (eg. similarity [120] or hi-
erarchy [23, 9]) or to capture natural ambiguity in the data (eg. at the borders
of segmentation masks [34] or due to inconsistent/subjective labels from multiple
annotators [72]).

(a) Hard one-hot-encoded label (b) Soft label: uniform label
smoothing [103]

(c) Soft label: distribution based
on semantic similarity

Figure 2.4: Different label distributions illustrated with a dummy example. Here, scooteris the target
class.

Models can be trained on soft labels with standard classi�cation loss func-
tions such as cross-entropy or Kullback-Leibler divergence (relative entropy) eg.
as in [28, 23]. Kullback-Leibler divergence measures the difference between two
probability distributions (in this case, the predicted ŷ vs. ground truth y class
probability distributions). When y is �xed, minimizing Kullback-Leibler diver-
gence LKL is equivalent to minimizing cross-entropy LCE, since they only differ by
a constant factor:

LKL(y jj ŷ) =
C

å
i

yi log
yi

ŷ i
LCE(y, ŷ) = �

C

å
i

yi log ŷ i =
C

å
i

yi log
1
ŷ i
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2.2.2 Architectures

Given an input image, deep semantic segmentation networks output dense pixel-
level class predictions. This is most commonly tackled as a two-stage process:
convolutional feature extraction, followed by expansion to recover the original im-
age resolution. The main challenge lies in capturing high-level context information
which plays a key role in scene understanding, while retaining detailed local in-
formation which is necessary for precise segmentation [67].

Encoder-decoder models

A highly in�uential work is the Fully Convolutional Network (FCN) architecture
proposed in [67] (with further analysis in [95]), which demonstrates how well-
established image classi�cation CNNs such as VGG [99] can be leveraged for deep
semantic segmentation by replacing fully connected layers with 1 � 1 convolution
to produce a coarse feature map for each class. Thisencodingstage is followed by
up-sampling through deconvolution for pixel-wise prediction. In order to recover
the spatial detail which is lost during down-sampling, FCN also demonstrates how
intermediate outputs from shallower layers can be incorporated in the up-sampling
stage through skip connections to achieve �ner segmentation.

Many works derived from FCN employ similar encoder networks and primar-
ily differ in the decoder design. For instance, U-Net [88] proposes multi-stage
up-sampling which mirrors the encoder depth; unlike FCN, the �lter dimension-
ality is reduced to the number of classes only at the prediction stage. SegNet [4]
follows a similar structure, but proposes a more ef�cient technique for incorporat-
ing boundary information in the up-sampling stage: only the pooling indices are
transferred to the decoder, rather than the full encoder feature maps.

Dilated convolution

In the feature extraction stage, down-sampling feature maps (via strided convo-
lution or pooling) effectively widens the receptive �eld [70] of subsequent �lters
without needing to increase their kernel size - making it a widely used technique
for image classi�cation [58, 99, 42]. However, down-sampling comes at the ex-
pense of spatial resolution - this loss of detail is undesirable for dense prediction
tasks. While encoder-decoder approaches partially address this by adding decon-
volutional layers, an alternative consists of performing atrousconvolution (coined
in [82], later called dilated convolution in [117]) for feature extraction, where the
�lter is up-sampled with zeros, thus covering a larger input area than standard
convolution with the same number of weights, while preserving spatial resolution,
as illustrated in Figure 2.5. Dilated convolution has been successfully applied to
semantic segmentation as an alternative to encoder-decoder approaches [117, 16].
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(a) Standard convolution (dilation rate of 1) (b) Dilated convolution (dilation rate of 2)

Figure 2.5: Illustration of standard vs. dilated convolution (no stride and no padding), with the input
map in blue, and the output map in green - only the �rst two steps of the convolution are shown. A
2 � 2 convolutional �lter with dilation rate of 2 covers the same input area as a 3 � 3 undilated �lter,
with less than half the number of weights. The diagrams are largely inspired by [22].

We have only scratched the surface of deep semantic segmentation here, highlight-
ing two important directions in existing work. For a much more comprehensive
overview, we refer to the recent survey in [76] and further explanation of different
architecture variants in [31].

2.2.3 Training neural networks

Parameter updates

The model's parameters are �rst initialized either randomly (typically drawn from
a normal or uniform distribution with carefully chosen mean and variance [33,
43]), or with previously learned parameters from a pre-trained model (transfer
learning). In gradient descent learning, parameters are updated iteratively in the
direction that (locally) minimizes the loss function, based on its gradient with re-
spect to every parameter (computed via backpropagation). In practice, samples are
commonly fed to the model in a series of mini-batches, such that parameter up-
dates are based on an estimate of the true gradient computed from a small subset
of the training set - the batch size is an important hyper-parameter in this case.
Another crucial hyper-parameter is the learning rate, which determines the step
size of parameter updates - too big and we'll keep over-shooting to different plan-
ets, too small and we'll be 80 by the time we manage to reach the bottom. Plain
gradient descent sets a global learning rate for all parameters which remains con-
stant during training unless explicitly adjusted. This motivates the use of adaptive
gradient descent algorithms such as Adam [54] which calculate the learning rate
on a per-parameter basis. [91] gives a comprehensive overview of gradient descent
optimization methods.
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Regularization

A common issue in neural networks is over-�tting: the model learns to over-
characterize the training set, achieving low training error but failing to generalize
to new inputs. To limit over-�tting, regularization techniques can be applied at the
data level, during weight optimization or through modi�cations of the architecture
itself [60]. We brie�y present a few of these techniques here.

Data augmentation consists of arti�cially expanding and diversifying the train-
ing data by modifying the original training samples, but only to the extent that
their essential content is not affected (ie. data labels can be preserved). The goal
is to expose the model to a distribution of samples which is closer to that of the
real unseen data encountered at run-time. For image semantic segmentation, these
modi�cations can include geometric transformations (cropping, �ipping, scaling,
skewing, elastic deformation etc), color transformations (shifts in brightness, con-
trast, hue, etc.), degradation (eg. additive noise, blur, pixel drop-out) or more
complex alterations such as adding synthetic rain. See [97] for a survey on data
augmentation methods in computer vision.

Dropout [100] was proposed as an effective (and now widespread) technique to
prevent deep neural networks from over-relying on the presence of speci�c features
to make predictions - as these features may simply be an artefact of the training
set. By randomly de-activating a proportion of neurons at every training iteration,
the network is encouraged to explore different parts of the feature space in favour
of more robust, generic representations.

Batch normalization [48] is applied in hidden layers to mitigate shifts in the dis-
tribution of their inputs as the network's parameters are updated. Each feature
map is normalized independently along the batch dimension based on running
estimates of batch statistics, and a linear shift-scale operation is then applied based
on learnable parameters. This technique has shown to allow for training which is
faster and less sensitive to initialization.
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2.2.4 Evaluation metrics

Counting correct pixels

Semantic segmentation metrics typically treat each pixel as an independent sample,
with the prediction taken as the class with the maximum probability. For multi-
class segmentation, the prediction is binarized using a one-vs-rest scheme, such
that each pixel can be a true positive (TP), true negative (TN), false positive (FP),
or false negative (FN) [29]. Here we de�ne the segmentation metrics used in our
evaluation.

Accuracy measures the proportion of correct predictions:

A =
TP + TN

TP + TN + FP+ FN

Intersection over Union (IoU) is widely used in semantic segmentation bench-
marks. It captures the amount of overlap between two binary masks, penalizing
both over- and under-segmentation, and is expressed as:

IoU =
TP

TP + FP+ FN
Unlike accuracy which, as a global metric, is inherently skewed towards the perfor-
mance on the majority class, IoU, precision and recall can be reported on a per-class
basis, giving more insight into the performance for under-represented classes.

Quantifying error

Following [23], when tackling segmentation as a pixel-wise ordinal classi�cation
task, we also make use of the following regression-based metrics, where n is the
total number of samples (pixels), and ei = yi � xi is a pair-wise error for a single
pixel i with ground truth yi and predicted value xi :

Mean absolute error (MAE) pretty straight-forward

MAE = å n
i= 1 jei j

n

Root mean squared error (RMSE) increases the penalty as the pair-wise error
grows (an error of 2 is four times worse than an error of 1), and the root brings it
back to the original unit

RMSE =

r
å n

i= 1 ei
2

n

Root mean squared log error (RMSLE) scale-invariant, and penalizes over- more
than under-estimation, which is quite cool

RMSLE =

s
å n

i= 1 [log(yi ) � log(xi )]
2

n



Chapter 3

Related works

We explore relevant scene understanding literature at the intersection of the �elds
of autonomous driving, where the challenges of outdoor operation and dynamic
obstacles are especially apparent, and robotics, where the notion of action-oriented
or affordance-based perception shows promising applications for control and nav-
igation. Since this work tries to take both a functional and a multi-modal approach
to scene understanding, we consider both aspects in this chapter, while limiting
our scope to deep learning-based methods which exclusively rely on egocentric
images for making predictions at run-time.

3.1 Functional scene understanding

[15] presents an interesting framework for thinking about vision-based autonomous
driving, identifying three main approaches which vary in their level of perceptual
abstraction:

• at the lowest level, mediated perception approaches parse the entire scene
into explicit visual representations, which must then be interpreted and con-
densed into driving decisions by a separate part of system.

• at the highest level of abstraction, behaviour re�ex approaches bypass visual
representations altogether for end-to-end vehicle control.

• [15] argues for an affordance-based direct perception approach which falls
between these two extremes: sensory input is distilled into useful indicators
which are tailored to a driving task, and can be directly used a basis for
decision-making.

In the realm of robotic vision, [73] follows a similar line of thought, arguing for
action-orientedscene understanding which recognizes potential functions, opportu-
nities, or trajectories in the environment, as opposed to traditional descriptivescene
understanding which reasons at the level of objects or scene attributes.

15
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Figure 3.1 illustrates the different perception paradigms for autonomous naviga-
tion which we discuss in the remainder of this section.

Figure 3.1: Visual perception for navigation: highly non-exhaustive overview. Images were created
based on the methods from related works presented in this section [105, 63, 15, 5, 53, 71], using
samples from the Kitti [30] (roads), Freiburg Forest [110] (off-road) and RGB-NIR Scene [13] (indoor)
datasets (cf. Section 5.1)

3.1.1 Mediated perception: describing what you see and nothing more

Image-based urban scene understanding is most commonly tackled as an object
recognition task, either at the pixel-level (where each pixel is labelled as part of
a relevant class) or at the instance-level (where bounding box coordinates are re-
gressed for each instance of a class). The release of large-scale annotated driv-
ing datasets like Kitti [30] has sparked signi�cant work in this direction - includ-
ing task-speci�c methods (eg. pedestrian detection) and multi-task architectures
which, for instance, jointly perform road segmentation, car detection, and scene
classi�cation [50] (top-left in Figure 3.1).

However, parsing the entire scene in terms of speci�c semantic categories (eg.
pedestrian, cyclist, car, road) requires an over-arching logic to determine where the
vehicle should/can safely drive, hinders generalisation to unseen obstacles, and
involves �ne-grained labelling of objects which may not be relevant for vehicle
control (aside from the fact that they should be avoided) [6]. These considera-
tions have sparked works which try to learn more task-oriented representations
with varying degrees of abstraction, where the scene is directly parsed in terms of
navigability rather than appearance, and whose output can directly be used by a
planning algorithm.
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