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Abstract
Safety is a key point of research in the automotive industry. Car companies dedicate
a great amount of time and resources to make their cars safer by developing sensory
systems like Low Speed Perception (LSP). In this thesis, we have explored the pos-
sibility to enhance the contribution of ultrasonic sensors to LSP by leveraging deep
learning to mimic data from the more expensive Lidar sensors.

To do this we draw inspiration from three different deep learning approaches: im-
age denoising, image segmentation and image-to-image translation, resulting in five
different models: DAE(bin), DAE(mse), UNET(bin), UNET(ce) and an I2I cGAN. We
train these models on three datasets, each containing paired ultrasonic and Lidar
representations of a two-dimensional environment around the car. In order to mea-
sure the performance of these models, we develop an evaluation framework where we
assess the ability of the models to map ultrasonic object detections to corresponding
Lidar detections.

We find that the performance of all networks is highly dependent on the data rep-
resentation. When using a basic representation, consisting only of point detections
and free-space, all models fail to improve upon the baseline ultrasonic sensor score.
When using a sparse representation consisting of detection arcs, however, UNET(bin)

succeeds in outperforming the baseline and mimicking the more accurate Lidar rep-
resentation (see cover). Finally, when adding unknown areas of the environment to
the sparse representation, both UNET(ce) and the cGAN manage to outperform the
baseline in most aspects, and we see a convergence towards the more realistic Lidar
representation.

The results show that there is indeed a possibility to enhance ultrasonic sensor per-
ception using deep learning and Lidar reference data, and while there is still much
room for improvement, we have shown that there is potential in further research on
this task.

Keywords: Low Speed Perception, Ultrasonic Sensor Perception, Deep Learning,
Autoencoders, U-Net, Conditional Generative Adversarial Networks.
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Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables that have been
used throughout this thesis.

Indices

i,j,k,r,p Indices for neurons in a hidden layer
t Index for time step

Sets

Dx Set of input data
Dy Set of target data
D(point)

x Point input dataset - USS grids containing only occupied and free-
space cells

D(sparse arc)
x Sparse arc input dataset - USS grids containing arcs of occupied

cells and free-space cells
D(dense arc)

x Dense arc input dataset - USS grids containing arcs of occupied
cells, free-space cells and unknown cells

D(sparse)
y Sparse ground truth dataset - Lidar grids containing occupied and

free-space cells
D(dense)

y Dense ground truth dataset - Lidar grids containing occupied, free-
space and unknown cells

D(basic) Basic dataset - Paired point input and sparse ground truth dataset
D(sparse) Sparse dataset - Paired sparse arc input and sparse ground truth

dataset
D(dense) Dense dataset - Paired dense arc input and dense groundtruth

dataset
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ŷ Predicted Lidar frame
W Neural network weights
Θ Neural network biases
r Radial distance from sensor location to detection
d Distance
ϕ Sensor resolution angle
θi Sensor direction angle

Functions

L Loss function
G Generator mapping
D Discriminator mapping
pd Data distribution
pz Prior noise distribution
pg Generator network output distribution

xii



Contents

List of Acronyms ix

Nomenclature xi

List of Figures xvii

List of Tables xxi

1 Introduction 1
1.1 Objective . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.2 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.3 Related Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.4 Thesis Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

2 Preliminaries 7
2.1 Artificial Neural Networks . . . . . . . . . . . . . . . . . . . . . . . . 7

2.1.1 Feed Forward Networks . . . . . . . . . . . . . . . . . . . . . . 7
2.1.1.1 Boosting Training Performance . . . . . . . . . . . . 9
2.1.1.2 Adam Optimizer . . . . . . . . . . . . . . . . . . . . 9

2.1.2 Convolutional Neural Networks . . . . . . . . . . . . . . . . . 10
2.1.2.1 Convolution Layer . . . . . . . . . . . . . . . . . . . 10
2.1.2.2 Transpose Convolution Layer . . . . . . . . . . . . . 10
2.1.2.3 Pooling Layer . . . . . . . . . . . . . . . . . . . . . . 11

2.1.3 Autoencoders . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
2.2 Generative Models . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11

2.2.1 Generative Adversarial Networks . . . . . . . . . . . . . . . . 12
2.2.1.1 Vanishing Gradient Problems Concerning GANs . . . 13
2.2.1.2 Mode Collapse . . . . . . . . . . . . . . . . . . . . . 13

2.2.2 Conditional Generative Adversarial Networks . . . . . . . . . 14
2.2.3 Conditional GANs for Image-to-Image Translation . . . . . . . 15

2.3 Ultrasonic Sensors . . . . . . . . . . . . . . . . . . . . . . . . . . . . 16

3 Data 19
3.1 Exploring the Positional Data . . . . . . . . . . . . . . . . . . . . . . 19

3.1.1 USS Logs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20
3.1.2 Lidar Logs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

3.2 Choice of Input Data Representation . . . . . . . . . . . . . . . . . . 23

xiii



Contents

3.3 Data Creation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
3.3.1 USS Occupancy Grids . . . . . . . . . . . . . . . . . . . . . . 24
3.3.2 Lidar Occupancy Grids . . . . . . . . . . . . . . . . . . . . . . 25
3.3.3 Data Sets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.4 Class Imbalance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

4 Approach 31
4.1 Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

4.1.1 Gridwise Metrics . . . . . . . . . . . . . . . . . . . . . . . . . 31
4.1.2 Distance Based Metric . . . . . . . . . . . . . . . . . . . . . . 32

4.2 Denoising Approach . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
4.3 Image Segmentation Approach . . . . . . . . . . . . . . . . . . . . . . 35
4.4 Image-to-image Translation Approach . . . . . . . . . . . . . . . . . . 37

5 Model Evaluation 41
5.1 Training Environment . . . . . . . . . . . . . . . . . . . . . . . . . . 41

5.1.1 DAE Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
5.1.2 U-Net Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . 42
5.1.3 I2I-cGAN Setup . . . . . . . . . . . . . . . . . . . . . . . . . . 42

5.2 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
5.2.1 Basic Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43
5.2.2 Sparse Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . 44
5.2.3 Dense Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

5.3 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47
5.3.1 Evaluation Framework . . . . . . . . . . . . . . . . . . . . . . 48
5.3.2 Data Representations and Preprocessing . . . . . . . . . . . . 48
5.3.3 Problem Approach . . . . . . . . . . . . . . . . . . . . . . . . 49

6 Conclusion 51
6.1 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

6.1.1 Data Representations and Preprocessing . . . . . . . . . . . . 52
6.1.2 Evaluation Framework . . . . . . . . . . . . . . . . . . . . . . 52
6.1.3 Problem Approach . . . . . . . . . . . . . . . . . . . . . . . . 53

Bibliography 55

A Appendix A I

B Appendix B III
B.1 Neural Network Architectures . . . . . . . . . . . . . . . . . . . . . . III

B.1.1 Autoencoder . . . . . . . . . . . . . . . . . . . . . . . . . . . . III
B.1.2 U-Net . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . III
B.1.3 Image-to-image cGAN . . . . . . . . . . . . . . . . . . . . . . IV

C Appendix C VII
C.1 Data Preprocessing . . . . . . . . . . . . . . . . . . . . . . . . . . . . VII

C.1.1 Ultrasonic Sensor Pipeline . . . . . . . . . . . . . . . . . . . . VII
C.1.2 Lidar Pipeline . . . . . . . . . . . . . . . . . . . . . . . . . . . IX

xiv



Contents

C.1.3 Merging USS and Lidar Frames . . . . . . . . . . . . . . . . . X
C.1.4 Setting the time and speed thresholds . . . . . . . . . . . . . . X

D Appendix D XIII

xv



Contents

xvi



List of Figures

1.1 Test vehicle with surrounding USS occupancy grid and projected Li-
dar points. The larger, evenly spaced green, yellow and red points
correspond to free, unknown and occupied space respectively, gener-
ated by the USS perception system. The smaller, more spread out
green and red points correspond to free and occupied space generated
from a projection of Lidar point clouds. . . . . . . . . . . . . . . . . . 2

2.1 Sampled noise is fed to the generator. The discriminator then judges
which of a an actual and generated data sample is real and the output
is used to calculate the loss for each network. . . . . . . . . . . . . . . 13

2.2 Sampled noise is fed to the generator along with some additional
information. The discriminator then judges whether an input data
sample is real. The output together with the additional information
is used to calculate the loss for each network. In contrast with Figure
2.1, only one of the actual and generated data samples is passed to
the discriminator (dotted lines). . . . . . . . . . . . . . . . . . . . . . 15

2.3 A piezoelectic element used for ultrasonic perception. . . . . . . . . . 17

3.1 Data stream collection amounts per date for (a) USS and (b) Lidar
logs. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

3.2 Speed distribution of a subsample containing 150000 logs. The 80th
percentile velocity is marked with a red, dashed line. . . . . . . . . . 20

3.3 VCC test vehicle sensor placements with coordinate system. . . . . . 21
3.4 File structure of the HDF5 USS logs. The main log contains sensor

recordings of one minute intervals. The signalway folders contain the
relevant data. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

3.5 File structure of the HDF5 Lidar logs. The main log contains sensor
recordings of one minute intervals. The entries contain the positional
data. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

3.6 USS data occupancy representations to be used as training data,
where yellow denotes occupied cells, black is free space and red is
unknown. Left: sparse basic, middle: sparse arc, right: dense arc. . . 25

3.7 (a) Dense and (b) sparse Lidar occupancy grids in a garage environ-
ment. The yellow, black and red pixels correspond to occupied, free
space respectively unknown map labels. . . . . . . . . . . . . . . . . . 26

xvii



List of Figures

3.8 Fish-eye camera images of the corresponding environment the Lidar
occupancy grids shows in Figure 3.7. Top left window is the front
camera, top right is the rear camera, bottom left is the left side camera
and bottom right is the right side camera. . . . . . . . . . . . . . . . 26

3.9 Masked (a) dense and (b) sparse Lidar occupancy grids in a garage
environment. The yellow, black and red pixels correspond to occu-
pied, free space respectively unknown map labels. . . . . . . . . . . . 27

3.10 Grid label distributions for the (a) dense GT, (b) sparse GT, (c)
point USS, (d) sparse arc USS and (e) dense arc USS data sets. . . . 29

4.1 Distance measurement algorithm performed on (a) a USS frame and
on (b) a Lidar frame. The burgundy lines represent the linear search
that is performed for each 5 degree angle from the rear and front axis. 33

4.2 (a) Encoder and (b) decoder architectures used in the denoising au-
toencoder model. The encoder contains three downscaling convo-
lution layers, while the decoder contains three upscaling transposed
convolution layers with an additional convolution layer with one chan-
nel. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

4.3 U-Net image segmentation architecture, which uses up- and down-
sampling blocks with skip connections for improved training stability. 36

4.4 Discriminator architecture for the Image-to-Image translation condi-
tional GAN. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

4.5 Pooling network for sample weights generated from ground truth data. 38
4.6 Visualization of weighting of patches based on occupied pixels in a

ground truth frame, where values range from the maximum weight
0.997 (yellow) and the minimum weight 0.03 (blue). . . . . . . . . . . 39

4.7 Complete Image-to-Image cGAN architecture. . . . . . . . . . . . . . 40

5.1 Predictions from models trained on D(basic), namely (c) DAE(bin)
λ=10,

(d) UNET(bin)
λ=10 and (e) cGANλ=10. We can also see (a) the input

and corresponding (b) ground truth frames. The grids are collected
between 09:26:07 and 09:27:07 at 2023-04-05. Furthermore, yellow,
red and black denotes occupied, unknown and free-space, respectively. 44

5.2 Predictions from models trained on D(sparse), namely (c) DAE(bin)
λ=10,

(d) UNET(bin)
λ=50, (e) UNET(bin)

λ=100 and (f) cGANλ=50. We can also see
(a) the input and corresponding (b) ground truth frames. The grids
are collected between 09:26:07 and 09:27:07 at 2023-04-05. Further-
more, yellow, red and black denotes occupied, unknown and free-
space, respectively. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45

5.3 Predictions from models trained on D(dense), namely (c) DAE(mse),
(d) UNET(ce), (e) cGANλ=10 and (f) cGANλ=100. We can also see (a)
the input and corresponding (b) ground truth frames. The grids are
collected between 08:12:45 and 08:13:45 at 2023-04-05. Furthermore,
yellow, red and black denotes occupied, unknown and free-space, re-
spectively. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

C.1 Graph depicting the workflow of the USS preprocessing pipeline. . . . VIII

xviii



List of Figures

C.2 The relationship between the time-pairing threshold and maximum
allowed velocity for different accepted distance errors. The red, dashed
line correspond to the 80th percentile of the speed distribution shown
in Figure 3.2. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . XI

xix



List of Figures

xx



List of Tables

3.1 Description of data set combination to get the input-GT paired data
sets. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.2 Weighting schemes for the three different USS data sets used to coun-
teract the label bias in the data. . . . . . . . . . . . . . . . . . . . . . 28

5.1 Hyperparameters used to train the two denoising autoencoder models
DAE(mse) and DAE(bin). . . . . . . . . . . . . . . . . . . . . . . . . . . 42

5.2 Evaluation results from the trained models on D(basic) as well as a
baseline comparison. . . . . . . . . . . . . . . . . . . . . . . . . . . . 44

5.3 Evaluation results from the trained models on D(sparse) as well as a
baseline comparison. . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

5.4 Evaluation results from the trained models on D(dense) as well as a
baseline comparison. . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

A.1 All evaluation results from the trained models on D(basic). . . . . . . . I
A.2 All evaluation results from the trained models on D(sparse). . . . . . . I
A.3 All evaluation results from the trained models on D(dense). . . . . . . II

B.1 Autoencoder architecture. . . . . . . . . . . . . . . . . . . . . . . . . III
B.2 U-Net architecture. The skip label indicate which layers that are

connected . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . IV
B.3 CNN architecture of the cGAN discriminator. . . . . . . . . . . . . . V

xxi



List of Tables

xxii



1
Introduction

In the realm of automotive engineering, safety is a paramount concern. In the
last few decades, new technology has ushered this realm into a new epoch. As a
result, the industry has witnessed remarkable advancements in ensuring the well-
being of vehicle occupants and minimizing the risks associated with accidents. This
is reflected in car companies such as Volvo Cars, which now are devoted to a zero
collisions policy [29].

Two key pillars that underpin automotive safety are active safety and passive safety.
Active safety refers to the proactive measures and technologies implemented to pre-
vent accidents or mitigate their severity in real-time. This includes features such
as Advanced Driver Assistance Systems (ADAS) and collision avoidance systems.
In contrast, passive safety measures are designed to safeguard occupants during a
collision or impact. This includes the structural integrity of the vehicle, airbags,
seat belts, and crumple zones.

With regards to ADAS and collision avoidance systems, new sensor technology and
digitalization have made it possible to gather a large amount of information about
environment around the car. This has enabled the development of functions such as
the auto-reverse brake, which uses radar or ultrasonic sensors to stop the car when
an object is too close.

In the Volvo Car Corporation (VCC), the auto-reverse brake constitutes a single
function among a multitude of capabilities that leverage the continuously evolving
Low Speed Perception (LSP) system. This system employs a fusion of sensor data
to construct a comprehensive model of the environment during low-speed scenarios.
The sensors responsible for collecting this data can be categorized into two types:
production sensors and reference sensors. Production sensors, intended for consumer
vehicles, are generally smaller and more cost-effective. In contrast, reference sensors
are exclusively employed in test vehicles for the purposes of development and valida-
tion. An example of a high-precision reference sensor is the Lidar (Light Detection
and Ranging) sensor, which generates a three-dimensional point cloud depicting the
nearby environment [30].

One aspect of LSP is UltraSonic Sensor (USS) perception, where a map of the
environment surrounding the vehicle is created by firing an array of ultrasonic sensors
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1. Introduction

in different sequences. This map is then converted to a two-dimensional probabilistic
occupancy grid around the car, where each grid element is assigned a probability
between 0 and 1 of being occupied. While the occupancy grid provides an estimated
distance to detected objects, it tends to have a broader lateral range compared to
the point cloud generated by Lidar reference sensors, as illustrated in Figure 1.1. As
previously mentioned, ultrasonic sensors offer advantages such as lower production
costs and smaller form factors in comparison to reference sensors. Consequently,
there is a growing interest within VCC to investigate the potential of enhancing
ultrasonic sensor perception through machine learning techniques and leveraging
Lidar reference data as a reliable benchmark.

Figure 1.1: Test vehicle with surrounding USS occupancy grid and projected Lidar
points. The larger, evenly spaced green, yellow and red points correspond to free,
unknown and occupied space respectively, generated by the USS perception system.
The smaller, more spread out green and red points correspond to free and occupied
space generated from a projection of Lidar point clouds.

1.1 Objective
In this Master’s thesis project we explore the possibility of enhancing the ultrasonic
sensor perception of a vehicle. The aim is to train neural networks which use ultra-
sonic sensor data as input and generates occupancy grids that mimic ground truth
grids generated from corresponding short-range Lidar reference data.

When facing any engineering problem one should look for the simplest possible
satisfactory solution. With that in mind, an algorithmic approach has already been
implemented by VCC, and classical statistical and non-parametric machine learning
approaches are deemed to lack the necessary complexity for this task. We therefore

2



1. Introduction

limit ourselves to explore supervised and semi-supervised deep learning solutions.

Using sensor data provided by VCC, we create pairs of USS and Lidar occupancy
grids to be used as input and ground truth for our models, respectively. This means
that the data in essence is comprised of one-channel images. Drawing from the
domains of signal denoising, image segmentation or image-to-image translation, we
evaluate the performance of a denoising autoencoder, a deep convolutional image
segmentation network called U-Net, and an Image-to-Image conditional Generative
Adversarial Network (I2I cGAN).

1.2 Contributions
Together with VCC we develop a comprehensive evaluation framework designed to
assess the accuracy and reliability of occupancy grids generated from ultrasonic sen-
sor data in the context of car safety. The framework utilizes a range of classification-
based metrics and a distance metric in order to quantify the degree of agreement
between generated occupancy grids and a baseline consisting of input USS occupancy
grids. This framework facilitates an analysis of the effectiveness of the relevant deep
learning models in enhancing the perception of the surrounding environment.

We find that the performance of all networks is highly dependent of the data rep-
resentation, with only the U-Net outperforming the baseline occupancy grid on one
of the data sets. When using a basic representation of a detection consisting of only
one point at the detection distance from a sensor, none of the models are able to
produce a realistic and accurate perception of the surrounding environment. If we
add additional information in the shape of an arc consisting of the possible locations
of the detection instead of a point however, the U-Net convincingly outperforms the
baseline and all other models in producing a more plausible perception.

Each state of occupied, free-space (and unknown in the case of dense data) in our
occupancy grid representations has a distinct value. There is an imbalance between
these states, as occupied cells generally only cover a small region of each occupancy
grid. To remedy this, we weight each occupied cell of each ground truth grid accord-
ing to the imbalance between the states in the data set. In the case of our generative
model, the output from the discriminator is a downsampling of the input consisting
of a Sigmoid classification. We propose a novel pooling network without trainable
layers, which pools the weights of a ground truth grid so that they can be used for
weighting the output classifications of the discriminator.

Finally, we have developed robust preprocessing pipelines to generate new, accurate
representations of data that are extendable and scalable. These will aid in further
developments of deep learning solutions for enhancing USS perception at VCC.

3



1. Introduction

1.3 Related Work
The related work here described is based on representing the ultrasonic sensor and
Lidar data as two-dimensional occupancy grids, which in turn can be seen as one-
channel images. As such, this work mainly concerns techniques using image data.

Denoising autoencoder models, first proposed by Vincent et al. [3], have
emerged as effective tools for reducing noise and enhancing the quality of data,
particularly in the domain of image processing and restoration. These models are a
variant of traditional unsupervised autoencoder models, with the primary objective
to reconstruct, clean and denoise versions of corrupted input data by using clean
data as ground truth.

The data utilized for training in existing literature predominantly originates from
the same domain. To the best of the authors’ knowledge, there is no prior work that
has utilized denoising autoencoders specifically for transforming input data between
different domains. However, it is conceivable to leverage denoising autoencoder
models by considering ultrasonic sensor data as a variant of noisy Lidar data. If
valid, this approach would possibly allow the generation of data that exhibits closer
alignment with the ground truth.

Image segmentation is a fundamental task in computer vision and image pro-
cessing, which aims to assign a label or category to each pixel or region within
an image, effectively distinguishing different objects or areas of interest. In recent
years, deep learning techniques have revolutionized its approach and performance by
utilizing convolutional neural networks (CNNs) where the network learns to classify
each pixel or region based on the visual patterns it encounters. One notable such
network is the U-Net proposed by Ronneberger et al. [9], used for biomedical image
segmentation. The U-Net employs a contracting and expansive structure, like an
autoencoder model, with back connections. These skip connections help to converge
the training process and is further discussed in Section 2.1.1.1. If one instead views
the pixels of a Lidar image as the correct labels for an ultrasonic sensor image, one
might leverage a U-Net to instead generate an image where pixels not previously
part of a region are reclassified based on patterns between the input data and ground
truth.

Image-to-image translation is a research area within computer vision focused
on the task of mapping an input image from a source domain to a target domain
while maintaining the semantic content and characteristics of the source domain. A
notable aspect of image-to-image translation is its ability to learn mappings between
different visual domains without requiring explicit pairwise training examples. Isola
et al. [22] use this property to develop the I2I cGAN, where a generator agent is fed
with a prior noise distribution conditioned on a set of source images. The generator
implicitly learns a mapping to a set of target images by use of a discriminator agent,
which simultaneously learns to differentiate between generated and target images
and subsequently punishes the generator when it classifies an image correctly. A
number of new models based on and related to their work have since been proposed,
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including the CycleGAN, the Disco-GAN and the StarGAN [18, 15, 20].

Based on this previous work, it is possible that an I2I cGAN could be used to
translate ultrasonic sensor images to Lidar images where these have been explicitly
paired. However, a critical question lies in which semantic content and characteris-
tics that the generator preserves. This question can best be answered by applying
the theory and observing the results.

1.4 Thesis Outline
To provide a clear roadmap, this thesis is organized into a number of key chapters,
following the process of the work.

In Chapter 2 we build up the theory behind the methods most suitable to achieve
the thesis objective. We begin by describing artificial neural networks and move on
to give a description of convolutional neural networks and autoencoder models. This
is followed by a slightly more in-depth theory behind regular and conditional gener-
ative adversarial networks. A motivation of how conditional generative adversarial
networks fit in the context of image-to-image translation is then given in Section
2.2.3. Finally, a theory of ultrasonic perception is provided to give an understanding
of the data used to train the models.

In Chapter 3, we describe the data collection in terms of available size and the
logging methods for both USS and Lidar sensors. Furthermore, the choice of data
representations are described as well as the procedure for creating these artifacts.
We conclude the chapter by presenting the final data sets as well as giving an analysis
on the label imbalance.

Chapter 4 is dedicated to explain the evaluation framework and also the three dif-
ferent problem approaches. The main purpose is to motivate the design of both the
assessment scores as well as the model architectures and objective functions.

Model evaluation results and sample predictions are presented in Chapter 5 together
with a discussion of the taken approach. Finally, drawn conclusions and thoughts
on future work are brought up in Chapter 6.
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2
Preliminaries

The chapter presents theory and concepts used in this thesis. The first section con-
sists of artificial neural network structures, such as feed forward networks, convolu-
tional networks and autoencoders. The second section provides a short description
of generative models followed by an exposition of generative adversarial networks.
Finally, the third section gives an overview of the physics of ultrasonic sensors in
order to provide an understanding of the data utilized in this thesis.

2.1 Artificial Neural Networks
An artificial neural network or just Neural Network (NN) is a trainable system of
computation units inspired by the structure of a mammalian brain. The fundamental
building block in an idealised brain is a nerve cell, also called neuron, which has a
number of incoming and outgoing connections to other cells. By changing and tuning
these connections between the vast amount of neurons, the brain can learn new
patterns. A neural network mimics this learning enabling behaviour by updating
connection weights between its artificial neurons, called McCulloch-Pitts neurons, as
new information is introduced to the NN. These networks are able to learn patterns
which makes them effective at information processing tasks such as visual object
recognition, machine translation and realistic image generation [25].

2.1.1 Feed Forward Networks
One of the most common network architectures is the Feed Forward Neural Network
(FFNN), which structures the McCulloch-Pitts neurons in a layered fashion. In
addition, the link structure between the layers do not allow any cyclic connections,
thus forcing the signals to flow in one direction. Furthermore, each neuron in a
layer are connected to every neuron in the output layer, which is why these layers
are referred to as fully connected or dense. The FFNN structure can be expressed
as a function

x 7→ f(x; W , Θ),

where x ∈ RN is the network input which maps to an output ŷ = f(x) ∈ RM that
depends on the network weight matrix W and bias vector Θ. The function f is a
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composite function of each layer, namely

f(x; W , Θ) = (l(L) ◦ . . . ◦ l(1))(x; W , Θ) (2.1)

for an L layer deep network. The kth function can be defined as

l(k)(l(k−1)) = g(k)(W (k)l(k−1) −Θ(k)), ∀k = 1, . . . , L,

where g(k) denotes an activation function, W (k) is the weight matrix, Θ(k) is the
bias weights and the initial layer is given by

l(0) = x.

Each layer l contains a varying amount of McCulloch-Pitts neurons, which decides
the shape of W and Θ. Furthermore, the weights and biases are initially set to
random values in a suitable range. A commonly used activation function is the
Rectified Linear Units (ReLU) function, defined as

ReLU(x) = max(0, x), x ∈ R.

An alternative to ReLU is the logistic Sigmoid function, which is favourably used
at the output layer of binary classification networks, namely

σ(x) = 1
1 + e−x

, x ∈ R.

The goal of a NN is to learn target patterns Dy = {y(1), . . . , y(n)} from a corre-
sponding input set Dx = {x(1), . . . , x(n)} by tuning the weights W and biases Θ
with regards to a loss function L. Hence, the training of a neural network can be
seen as an optimization problem with regards to the weights, namely

min
W ,Θ

L(f(x(µ); W , Θ), y(µ)), ∀µ = 1, . . . , n.

One iterative method of adjusting W and Θ is by using the gradient of the loss to
update each weight element accordingly to

W t+1 = W t − α∇W tL(f(x(µ); W t, Θt), y(µ))︸ ︷︷ ︸
δW

(µ)
t

, ∀µ = 1, . . . , n, (2.2)

and
Θt+1 = Θt − α∇ΘtL(f(x(µ); W t, Θt), y(µ))︸ ︷︷ ︸

δΘ(µ)
t

, ∀µ = 1, . . . , n, (2.3)

where α is the learning rate and t is the current time step. The method is known
as Gradient Decent (GD) and there exists many variations of it. Optimizing
the network weights in a feed forward structured network with a GD like method
is called backpropagation. It is possible to backpropagate on a subsequence of
patterns in a single update to improve stability and training time. We do this by
mini-batching the patterns in Equation (2.2) according to

W t+1 = W t −
α

mb

i+mb∑
µ=i+1

δW
(µ)
t , ∀i = 0, mb, 2mb, . . . , n−mb,

where mb is the batch size [25]. Similar mini-batching updates can be performed in
Equation (2.3) as well.
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2.1.1.1 Boosting Training Performance

There are some additional steps to consider when training a NN with backpropaga-
tion to boost network performance and shorten training time. A common issue is
to overfit the model to training data, which means that the neural network cannot
predict unseen inputs correctly. To acquire a more generalized model, we take a part
of the training set and use it to validate the performance of the network after each
training epoch. When the loss of the validation set increases, training is stopped
early. This framework is known as early stopping [25].

Another training issue arises when a parameter in a previous layer changes and affect
the remaining weights downstream, which is referred to as internal covariate shifts.
This phenomenon causes instability in training and forces lower values of learning
rates and increased hyperparameter sensitivity. Mentioned backpropagation insta-
bilities can be decreased by normalizing the layer input batch, which is known as
batch normalization. We do this by transforming and scaling the input to have
zero mean and unit variance, thus reducing the effects of internal covariate shifts
[7].

Two more tactics to regularize the training process is to introduce dropout and
skip layers in the network. The dropout function prevents overfitting by randomly
disregarding a fraction of q neurons in each hidden layer during training. Remaining
(1− q) neurons are active as usual. On the other hand, a skip layer is introduced to
oppose the vanishing gradient problem that occurs in deep networks. In short, van-
ishing gradients is a backpropagation problem that is caused by the chain structure
of a NN as seen in Equation (2.1). The closer a layer is to the input, the smaller
the gradient change becomes and thus slows down the convergence process [25].

2.1.1.2 Adam Optimizer

A robust stochastic gradient decent based optimizer is the Adaptive Moment Es-
timation method (Adam). The algorithm iteratively updates exponential moving
averages of the mean mt and variance vt of the loss gradient δW t. The initial step
involves updating the biased first and second moments in accordance with

mt+1 = β1mt + (1− β1)δW t

vt+1 = β2vt + (1− β2)(δW t)2,

where β1, β2 ∈ [0, 1) controls the decay rate of the moving averages. Typical values
of the hyperparameters are β1 = 0.9 and β2 = 0.999. The bias-corrected moments
are then calculated as

m̂t+1 = mt+1/(1− (β1)t+1)
v̂t+1 = vt+1/(1− (β2)t+1).

Next iteration of weights can now be updated with

W t+1 = W t − α
m̂t+1√
v̂t+1 + ϵ

,
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where α is the learning rate and ϵ is a small constant used for numerical stability.
The proposed default values of the small constant and learning rate are ϵ = 10−8

and α = 0.001, respectively [16].

2.1.2 Convolutional Neural Networks
Another neural network type is the Convolutional Neural Network (CNN), which is
favourably used on image classification and object detection tasks. These networks
have a similar feed forward structure as the FFNN, which enables it to learn through
backpropagation. However, there exists fewer connections between layers in a CNN
compared to a dense network. This means that the convolution based network is
cheaper to train and is therefore more robust against overfitting to the training data.
There are two main types of layers in a these image networks: convolution layers
and pooling layers [25].

2.1.2.1 Convolution Layer

Convolutions can be performed on inputs of any dimension, however a common
two dimensional convolution will be explained for simplicity. The layer creates a
mapping by letting a kernel act on the input matrix, thus creating a downsampled
representation to be processed by the corresponding McCulloch-Pitts neuron. Each
neuron lij in the hidden layer l ∈ RN×M performs a discrete convolution

lij = g

 P∑
p=1

Q∑
q=1

wpqxp+s1(i−1),q+s2(j−1) −Θ
,

where wpq are the elements in the weight kernel W ∈ RP ×Q, Θ is the bias and s1, s2
are integers deciding the stride of the filter window. We can also pad the input
matrix with rows and columns of zeros to ensure that all elements are processed.
A convolution layer can use several filters to capture more details and thus create
multiple feature maps or channels. Such an convolution neuron is described by

lijk = g

 P∑
p=1

Q∑
q=1

wpqkxp+s1(i−1),q+s2(j−1) −Θk

,

where l ∈ RN×M×K and wpqk ∈ W ∈ RP ×Q×K is an element in the kernel tensor
[25].

2.1.2.2 Transpose Convolution Layer

In addition to traditional downscaling convolution layers there exists upscaling
Transposed Convolution (TConv) layers, also known as fractionally strided con-
volutions. If a TConv function l̃ with a kernel size of P × Q and stride 1 × 1 is
applied to an input x ∈ RN×M , the resulting dimension of the feature maps l̃(x)
becomes (N + P − 1)× (M + Q− 1). Such trainable upscaling layers can be used in
different CNN architectures like autoencoders, which are further described in Sec-
tion 2.1.3. Furthermore, transposed convolutions reverses the forward and backward
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passes of a regular convolution. This can be achieved by creating a matrix C, which
contains all flattened convolution operations performed by a weight kernel W , and
simply transposing it. Thus, CT x, where x is the flattened input, will generate a
flattened output with larger dimension than x [21].

2.1.2.3 Pooling Layer

A pooling layer operates like a convolution layer, except it only compresses the
information in the input matrix. Hence, there are no trainable weights or thresholds
in these layers. Examples of pooling operations are max pooling, which outputs
the maximum element in the kernel, or average pooling, where the average of the
filter inputs are calculated [25].

2.1.3 Autoencoders
An AutoEncoder (AE) is a feed forward type of network which is trained unsuper-
vised to recreate its input, meaning that a target set Dy is not needed. The network
is divided into two parts, an encoder and a decoder. The encoder is either a fully
connected or convolutional network where each layer has less neurons than its input
layer. The final layer is the so called bottleneck layer with dimension M << N ,
where M is the number of neurons in the bottleneck and N is the input dimension.
Let fe(x) denote the encoder part of the network and let z be the latent variables
produced by the non-linear mapping. These variables are compressed representa-
tions of the input and are the source of the architecture’s enhanced learning ability.
The decoder, denoted fd(z), takes the bottleneck variables as input and learns to
invert the mapping back to x [25]. In other words, the aim of the network is to tune
its weights with backpropagation to achieve

x = fd(fe(x)).

The autoencoder structure can also be applied to supervised learning for denoising
purposes. This class of autoencoders are called Denoising AutoEncoders (DAE)
and uses a target set Dy containing patterns

y(µ) ∼ Q(x(µ)), ∀µ = 1, . . . , n,

where Q is a noise distribution [3].

2.2 Generative Models
Generative models are a class of statistical models that, given an observable variable
X and a target variable Y , captures the joint probability P(X, Y ). Given the same
variables and an observation x, a discriminative model captures the conditional
probability P(Y |X = x) [35].
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2.2.1 Generative Adversarial Networks
Generative Adversarial Networks were first proposed by Goodfellow et. al. [5], build-
ing on generative and discriminative modeling. The authors of this paper propose
an adversarial framework where a generative model leverages a discriminative model
to achieve its goal of generating new data instances, implicitly using the distribution
of the original data set. This is done by letting two networks, the generator and
the discriminator, compete in a minimax two-player game. The generator tries to
generate new data instances as drawn from the distribution of a training data set.
The discriminator on the other hand tries to classify this new data as either a real
data instance or a generated one. The training procedure for the generator is to
maximize the probability of the discriminator classifying the generated data as real,
while the discriminator tries to minimize this probability.

Taking image data depicting portraits of people as an example, this corresponds to
training a network to be able to draw samples from a "people-distribution", where
the samples are realistic portraits of people that never existed.

In the case of generative adversarial networks, the observable variable X represents
the data while Y represents the label fake or real, usually represented by binary
values: Y ∈ {0, 1}. This label is hidden from the generator, which then tries to
model the probability P(X), represented by the data distribution pd(x).

Starting with a prior distribution pz(z) of input noise variables to the generator
network, the network output distribution pg(x) is a result of the mapping G(z, θg),
where G is a differentiable function represented by the generator network with pa-
rameters θg producing an output G(x).

By defining the mapping D(x, θd) for the discriminator network where D is analo-
gous to G except for the output, D(x) represents the probability of x originating
from the data. In terms of optimization, finding the optimal solution (D, G) cor-
responds to finding the optimal value of the minimax two-player game with value
function V (G, D), namely

min
G

max
D

V (G, D) = Ex∼pd

[
log(D(x))

]
+ Ez∼pz

[
log(1−D(G(z)))

]
.

A training paradigm proposed by the authors can be found in Algorithm 1 below.
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Algorithm 1 Mini-batch stochastic gradient descent for GAN training
1: for number of epochs do
2: for k steps do
3: Sample minibatch of mb noise samples z(i) from noise prior pz(z)
4: Sample minibatch of mb data samples x(i) from data distribution pd(x)
5: Update the discriminator by ascending its stochastic gradient:

∇θd

1
mb

mb∑
i=1

[
log D

(
x(i)

)
+ log

(
1−D

((
z(i)

)))]
6: end for
7: Sample minibatch of mb noise samples z(i) from noise prior pz(z)
8: Update the generator by descending its stochastic gradient:

∇θg

1
mb

mb∑
i=1

log
(
1−D

(
G
(
z(i)

)))
9: end for

A conceptual overview of the GAN structure is here shown in Figure 2.1. There are
two known issues with the generative model, which is further discussed below.

Figure 2.1: Sampled noise is fed to the generator. The discriminator then judges
which of a an actual and generated data sample is real and the output is used to
calculate the loss for each network.

2.2.1.1 Vanishing Gradient Problems Concerning GANs

Goodfellow et al. [5] note that the generator can fail due to vanishing gradients
in the beginning of training, since generated samples are clearly different from the
training data at this time. In effect, an optimal discriminator does not provide
enough information for the generator to learn. This has later been proven to be
the case, and a proposed solution is to train the generator by maximizing D(G(z))
instead of minimizing log(1−D(G(z))) [12].

2.2.1.2 Mode Collapse

The performance of GANs is greatly influenced by the variance present in the train-
ing data. This dependency is exemplified by the phenomenon where the generated
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samples become highly concentrated within a small region of the discriminator’s
output space. Consequently, the discriminator can easily distinguish these samples
from real data, leading to a limited ability to learn meaningful features from the
real data. Effectively, the discriminator is stuck in a sharp local maximum and the
generator thus learns to produce only a small set of outputs from the data distri-
bution. In the example of the "people-distribution" above, this corresponds to the
generator only producing a limited number of faces, and these might not even look
realistic. This of course depends of the nature of the local maximum and when in
the training process it occurs.

A proposed remedy to this problem is the Wasserstein GAN (WGAN), which pro-
vides stability to the learning process by use of the Wasserstein distance between
probability distributions [13]. The application of WGANs in the domain of image-
to-image cGANs is relatively new however, and some studies have indicated that
the performance improvement achieved by combining these two models may not be
very substantial [23].

2.2.2 Conditional Generative Adversarial Networks
The goal of regular GANs is to learn the distribution of a particular data set in
order to produce believable samples from this set. Denoting this distribution as
the target distribution, one can extend the regular GAN model by conditioning on
additional input y to it and thereby mapping a distribution of inputs to the target
distribution. The objective function then becomes

min
G

max
D

V (G, D) = Ex∼pd

[
log(D(x|y))

]
+ Ez∼pz

[
log(1−D(G(z|y)))

]
,

where both the generator and the discriminator are conditioned on the extra infor-
mation y in order for G to learn a mapping G : (z|y) −→ x. Using this information,
one can provide for instance class labels as y to an input image x and thereby seg-
ment the distribution pg(x) to produce results corresponding to the provided class
label through the adversarial process, where each class label has a distinct maximum
in the output space [6].

A conceptual overview of the conditional GAN structure is here shown in Figure 2.2.
While this is an overview based on the original paper, many different implementa-
tions of cGANs exist and the details of how the inputs are combined are based on
the structures of the networks and therefore vary.
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Figure 2.2: Sampled noise is fed to the generator along with some additional
information. The discriminator then judges whether an input data sample is real.
The output together with the additional information is used to calculate the loss
for each network. In contrast with Figure 2.1, only one of the actual and generated
data samples is passed to the discriminator (dotted lines).

2.2.3 Conditional GANs for Image-to-Image Translation
In image-to-image translation, given an image xA ∈ A from a source domain A, one
wants to find a mapping G to an image xAB in a target domain B [28]:

xAB ∈ B : xAB = GA→B(xA).

This fits well with the definition of a conditional GAN, where G corresponds well
to the mapping represented by the generator network, as realized by Isola et al.
in [22]. In this paper, the authors investigate conditional adversarial networks as
a general-purpose solution to image-to-image translation problems and propose a
network structure that has since been adopted and applied to a range of problems.
Following their work, in the remainder of this section x represents the conditional
information added to the network and corresponds to the source image of domain
A. In turn, y represents an instance of the target distribution and corresponds to
the target image of domain B. The goal of the generator is thus to learn a mapping
G : (z|x) −→ y, with the resulting loss function for the GAN:

LcGAN(G, D) = Ey∼pd

[
log(D(y|x))

]
+ Ez∼pz

[
log(1−D(G(z|x)))

]
. (2.4)

Further, the authors empirically prove the need for an L1-regularization by evaluat-
ing the results of different compositions of loss functions and networks. This term
balances the loss function in Equation (2.4), and is defined as:

LL1(G) = Ey,z

[
∥y −G(z|x)∥1

]
.

Here L1 is used instead of L2 as the euclidean norm incurs more blurring due to the
square on each term. The optimal generator is then given by

G∗ = argmin
G

max
D

LcGAN(G, D) + λLL1(G).

The first term makes sure to produce probablistically realistic output. The second
term penalizes the distance between a ground truth image y, matched with a con-
ditional input x, and a generated output image G(z|x). This forces the generator
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network to take the conditional input into account also for this term. The parameter
λ controls the influence of the L1-regularization, and thus the balance between the
effects of the two terms.

Finally, in order to avoid the vanishing gradient problem related to GANs described
above, the loss function for the GAN is further simplified by maximizing D(G(z|x))
instead of minimizing log(1−D(G(z|x))). The resulting objective function for the
generator is then

max
G

LG(G, D) = max
G

{
log(D(G(z|x)))− Ey,z

[
∥y −G(z|x)∥1

]}
, (2.5)

and for the discriminator

max
D

LD(G, D) = max
D

{
log(D(y|x)) + log(1−D(G(z|x)))

}
. (2.6)

In Equation (2.5) and Equation (2.6), the discriminator and the generator are as-
sumed to be fixed, respectively. This is because training of the network is performed
by optimizing both networks interchangeably.

2.3 Ultrasonic Sensors
In acoustics, the wave equation for spherically symmetric pressure fields, or waves,
is given by

∂2p

∂r2 + 2
r

∂p

∂r
= 1

c2
∂2p

∂t2 , (2.7)

where p is the acoustic pressure, r is the radius from the origin, c is the speed of
sound in air and t is the time of travel for the wave. If the waves are harmonic, the
solution to Equation (2.7) can be represented in complex form

p = A

r
exp{jωt− kr},

where A is the spherical surface area, ω is the angular frequency and k is the wave
number. The actual pressure exerted on the environment is the real part

p = A

r
cos(ωt− kr),

with amplitude P = A/r. The intensity of this wave is defined according to

I = P 2

2ρ0c
,

where ρ0 is and ρ0 is the equilibrium density. As a result, the intensity of a spherical
wave decreases as 1/r2 from the origin [2].

Piezoelectricity is the electric charge that accumulates in certain solid materials,
such as crystals and certain ceramics, in response to applied mechanical stress.
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Modern ultrasonic sensors use a piezoelectic element to create ultrasonic sound waves
that expand outwards from the sensor in the shape of a spherical sector, where the
shape of the wave front is dependent on solid angle Ω, measured in steradians (Sr).
If the wave is reflected, the piezoelectic element vibrates with the same frequency as
the reflected wave, generating a signal that can then be leveraged for USS perception,
as shown in Figure 2.3.

Figure 2.3: A piezoelectic element used for ultrasonic perception.

By analyzing the time it takes for the ultrasonic wave to travel from the sensor to
an object and back, the distance can also be calculated based on the speed of the
ultrasound. As the intensity of the wave decreases with the distance r, this limits
the detection range of ultrasonic sensors to a max distance. The sensor membrane
also has a refractory period after a wave has been sent or received. As a result, the
sensor cannot receive signals, and the corresponding distance an intermediate wave
could have travelled during this period without the sensor being able to register it
is called the blind distance [4].
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What kind of initial data one is dealing with inevitably influences the choices in
data representation available. These choices are in turn linked to model choices
where the one influences the other. This chapter describes how we choose our data
representations followed by a description of how these representations are created.
Chapter 4 in turn, deals with model choices and design.

The first step is to explore the collected data streams to get an intuition of the
available quantity and see what is being measured, see Section 3.1. The choice
of how to represent the initial USS data is discussed in Section 3.2. Section 3.3
describes what preprocessing and data cleaning steps are used to get the desired
representations. The data processing result in three complete data sets. The class
balance of these data sets are further investigated in Section 3.4.

3.1 Exploring the Positional Data
The positional USS and Lidar data streams, which will be used for creating training
and ground truth data, respectively, are collected using a VCC test vehicle in various
locations and circumstances. Some examples are reverse auto-break verification
tests, city driving scenarios and garage environments. The data is mainly collected
from the Gothenburg region, but also from other locations such as Norway and
Spain. Overlapping recordings with both sensor types started in early 2022 and
is continuously being collected. At the moment of writing, there are 174 hours or
5000 kilometers of positional logs stored. A majority of the data is captured in low
velocities, as shown in Figure 3.2.

The USS data is relatively lightweight and only takes up 459 MB compared to the
Lidar streams which are allocated on 22.9 TB. Figure 3.1 shows the various collection
dates and sizes of the data streams that VCC has gathered since 2022. Both types
of sensor logs are stored in a memory efficient and hierarchical HDF5 format [33],
where each measurement stream is chunked into files containing a recording of at
most one minute.
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(a) USS data. (b) Lidar data.

Figure 3.1: Data stream collection amounts per date for (a) USS and (b) Lidar
logs.

Figure 3.2: Speed distribution of a subsample containing 150000 logs. The 80th
percentile velocity is marked with a red, dashed line.

3.1.1 USS Logs
Six ultrasonic sensors are mounted on the front and back bumpers of the test vehicle,
respectively, as well as two sensors on each side of the vehicle. Data from the side
sensors are not included in this project due to the fact that no combination of USS
and Lidar reference data had yet been collected for these positions at the beginning
of the project. Figure 3.3 below shows the placement of the sensors as well as the
coordinate system used as orientation for sensor firings, where the origin is located
at the middle of the rear wheel axle according to the ISO-8855 coordinate system
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[31]. Each sensor has a direction angle θi indicating its orientation with respect to
the x-axis, as well as a resolution angle of ϕ = π

4 .

Figure 3.3: VCC test vehicle sensor placements with coordinate system.

Each sensor has a detection range between 100 millimeters to 7 meters and produces
a primary and a secondary echo per activation. Sensor readings are done at a
frequency of f = 0.025 mHz. Each measurement contains information such as the
mentioned echo distances, timestamps and other metadata, see Figure 3.4 for the log
structure. The USS logs also contain information about the vehicle velocity. The
sensor has the capability to process both direct and cross echoes simultaneously,
where cross echoes are signal bursts received from neighbouring sensors. Using
these cross echoes, one can module five virtual sensors for each bumper, for a total
of 11 sensors per bumper. Each signal firing has a sending and a receiving sensor,
and information related to a signal firing is therefore divided into a concept called
a signalway. With the addition of the virtual sensors, there are 16 signalways per
bumper. The sensors of each bumper are ordered to fire in sequences, where only a
portion of signalways are active, and where all sequences fired constitutes a bumper
cycle.
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Figure 3.4: File structure of the HDF5 USS logs. The main log contains sensor
recordings of one minute intervals. The signalway folders contain the relevant data.

3.1.2 Lidar Logs
The ground truth data is captured with four short range Lidars mounted on the
vehicle hood and tailgate as well as in front of left and right side mirrors. This
enables the sensors to monitor the environment up to approximately 20 meters away
from the test vehicle. A Lidar makes around 40 diode measurements simultaneously
at a frequency of 10000 Hz, which are saved in a Packet Capture (PCAP) file.
Each entry in the close range sensor logs contain x, y and z coordinates, a UNIX
timestamp and other metadata. The four PCAP files are finally stored in a single
HDF5 file containing four folders for each of the sensors. The entries are further
chunked up into data sets which holds 0.1 second intervals of the measurements,
thus creating a number of Lidar rotations in each sensor folder. Additionally, a
folder with rotation timestamps are available for each Lidar. See Figure 3.5 for a
visualization of the file structure.

Figure 3.5: File structure of the HDF5 Lidar logs. The main log contains sensor
recordings of one minute intervals. The entries contain the positional data.
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3.2 Choice of Input Data Representation
The end goal with the project is to train a NN architecture to mimic Lidar generated
occupancy grids using USS data, as stated in Section 1.1. However, this objective
does not specify the input data representation, which is an essential aspect for the
choice of models. It is concluded that two possible input representations can be
used by studying the data streams:

1. Log format - The first approach strives to use as little preprocessing as pos-
sible by using a dense vector as model input. Thus, the USS logs will provide
the NN with distance measures and relevant metadata for a given timestamp,
which is matched with corresponding ground truth occupancy grid. Consider-
ing that there exists a total of 22 virtual and real sensors with approximately
10 fields per sensor, such as amplitude, minimum detection distance, first echo
and second echo, the input array will have around 220 elements. The pro-
posed array will be mapped to a 180 × 128 occupancy grid containing 23040
output pixels, meaning that an upscaling structure would be needed for some
networks.

2. Occupancy grid - The aim of the second proposal is to produce two dimen-
sional grid inputs, matching the size of the ground truth frames, by fusing
USS logs in a time interval and plotting the measured distances. The gath-
ered USS distances can for example be represented as points or arcs centered
perpendicular to the sensor position. Since both input and ground truth occu-
pancy grids have matching dimensions, we can consider the mapping task as
an image-to-image translation, image segmentation or image denoising prob-
lem. There exists off-the-shelf NN models for these machine learning tasks,
such as GANs, variational autoencoders and DAEs [28, 32].

The first input scheme is deemed to be less favourable compared with using occu-
pancy grids. There exists upscaling networks for images, e.g. single image super
resolution NNs [24], however the problem is rather to map an input vector into a
larger output matrix. This upscaling task is not trivial and would require a novel
design for some networks, which then might suffer from overfitting problems caused
by the small input dimension. The second approach therefore seems more viable as
there exists a multitude of established machine learning methods for such frame-to-
frame mappings, as stated above.

3.3 Data Creation
With the use of occupancy grids, three input and two suitable ground truth data
sets can be created. The input and output frames from respective sets are then
matched. A more detailed description of the preprocessing steps taken to generate
the data can be found in Appendix C.

VCC:s current representation of the environment is generated through an algorith-
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mic approach that produces an occupancy grid consisting of 180 × 128 cells where
each cell corresponds to an area of 0.1×0.1 m2, occupied cells take on the value of 0,
free space cells 1 and unknown cells 0.5. In order to facilitate comparison between
results, our USS and ground truth grid representations will share these properties.

3.3.1 USS Occupancy Grids
The most important features provided in the USS data logs is the echo distance,
r. Combining this distance with the sensor direction angle θi gives the approximate
position of a detected object. Due to the wave nature of sound, as described in
Section 2.3, this approximate position is located along an arc of length rϕ.

Here, a choice in representation appears. With a non-informative prior of where most
detections appear along the arc, we could assume that representing a detection by
marking only one point at (r, θi) as occupied would yield the lowest average error over
all detections (as this would be in the middle of the arc). On the other hand the data
will be very sparse. In the context of deep learning models, it is generally better for
learning if the data contains as little irrelevant features as possible, even if the data
in the end will be sparse. This is because the features need to be representative of
the underlying data distribution that the model needs to learn [26]. Adding features
which are irrelevant could interfere with the learning process by making it more
difficult for the model to identify relevant features and patterns.

On the other hand, while this point might be relevant in most cases, marking all
points in the arc as occupied is sure to include the true location of the detection.
In addition, this would introduce both features that might be irrelevant, but also
features that might be present in the ground truth data. In this data representation,
we have also allowed for a cell error of 1 in the positive and negative radial direction.

Another point of interest is to explore how the models perform on data containing
more, but less relevant information of the environment compared to occupied and
free space. We therefore define a third, dense representation containing cells with
unknown status corresponding to a value of 0.5.

Our hope with the sparse arc and dense arc representations is that the added infor-
mation might increase the data diversity, encouraging models to explore the output
space and thus to learn a more general and robust mapping to ground truth data
representations.

We denote the three different USS data sets by D(point)
x , D(sparse arc)

x and D(dense arc)
x .

For each of the data sets, we screen grids which are either empty or collected at a
speed higher than a threshold determined through analysis of positional data logs,
see Appendix C.1.4. During the preprocessing we use the information stored in
signalways, as well as positions and angles of sensors, to generate the associated
detection representation. More details regarding the generation of data sets can be
found in Appendix C.
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We also mask regions where the sensors are unable to register detections. Cells
within the sensor blind distances are marked as free space, while cells outside of the
sensor max distances and sensor blind spots are marked as unknown or free space
depending on the binary nature of the data set. All three occupancy representations
can be found in Figure 3.6.

Figure 3.6: USS data occupancy representations to be used as training data, where
yellow denotes occupied cells, black is free space and red is unknown. Left: sparse
basic, middle: sparse arc, right: dense arc.

In the rightmost image in Figure 3.6, masking of max distances and blind spots can
be seen as red cells in arcs around the vehicle as well as triangular shapes on both
sides and areas behind detections, respectively.

3.3.2 Lidar Occupancy Grids
The Lidar Occupancy Grids (OG) can either be modeled as sparse or dense, see
Figure 3.7 for the different representations and also Figure 3.8 for corresponding
fish-eye images of the parking garage environment. The sparse type contains occu-
pied (Yellow) and free space (Black) values, thus making the OG a binary bitmap.
A new label unknown (Red) is introduced in the dense type data to account for
areas not having been scanned by any of the short range Lidars. The two Lidar grid
representation data sets, sparse and dense, denoted D(sparse)

y and D(dense)
y , are to be

matched with the binary USS representations, D(point)
x and D(sparse arc)

x , and with the
multilabel USS set D(dense arc)

x , respectively.
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(a) Dense Lidar OG. (b) Sparse Lidar OG.

Figure 3.7: (a) Dense and (b) sparse Lidar occupancy grids in a garage en-
vironment. The yellow, black and red pixels correspond to occupied, free space
respectively unknown map labels.

Figure 3.8: Fish-eye camera images of the corresponding environment the Lidar
occupancy grids shows in Figure 3.7. Top left window is the front camera, top right
is the rear camera, bottom left is the left side camera and bottom right is the right
side camera.

The Lidar frames are created by projecting the positional entries from the HDF5
files described in Section 3.1.2 into two dimensions. Filtering is performed on the
z-coordinates, which marks each x and y coordinate as ground, obstacle or roof.
Corresponding rotations are then merged and added to an occupancy grid, as shown
in Figure 3.7. Finally, each Lidar grid is masked with the USS max distance as well
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as blindspots in order to match the field of vision of the Lidar with that of an
ultrasonic sensor, see Figure 3.9. A more detailed description of the Lidar data
creation is available in Appendix C.1.2.

(a) Masked dense Lidar OG. (b) Masked sparse Lidar OG.

Figure 3.9: Masked (a) dense and (b) sparse Lidar occupancy grids in a garage
environment. The yellow, black and red pixels correspond to occupied, free space
respectively unknown map labels.

3.3.3 Data Sets

As mentioned earlier, we have three USS data sets, D(point)
x , D(sparse arc)

x and D(dense arc)
x ,

as well as two Lidar sets, D(sparse)
y and D(dense)

y , which needs to be combined into
input and ground truth (GT) pairs. We chose to produce three data sets where
USS occupancy grids with binary representations are matched with binary GT and
multilabel input with multilabel GT. The created data sets are described in Table
3.1, namely D(basic), D(sparse) and D(dense).

Table 3.1: Description of data set combination to get the input-GT paired data
sets.

Data set name Input set GT set
Basic Point Sparse
Sparse Sparse arc Sparse
Dense Dense arc Dense

Furthermore, each USS and Lidar frame is paired based on the closest OG times-
tamps. The merge is valid if and only if the timestamps are close enough in time,
otherwise they are disregarded. See Appendix C.1.3 for more details regarding the

27



3. Data

merging process and see Appendix C.1.4 for how the threshold was set. A final
preprocessing step is to pad the grids from the format 180× 128 to 192× 128, since
it is common practice to repeatedly half the image dimensions in image processing
networks.

3.4 Class Imbalance
Let us analyse the label distribution of the created data sets, as biases in the data
can heavily influence the prediction quality of a model [1]. Figure 3.10 shows the
class label distributions of the produced USS and Lidar data sets. We see that
the number of occupied pixels is very small compared to the other classes in all
sets. In contrast, the free-space and unknown labels in D(dense)

y and D(dense arc)
x are

quite balanced. To counteract the observed bias in the data, a weighting scheme
is proposed, where we let the weight be decided by the inverse proportion of its
occurrence [1]. Let ni be the class occurrence for class i in the data set and C be
the set of classes, then the weight for class i is given by

wi =
(

ni∑
k∈C nk

)−1

. (3.1)

We use (3.1) on D(point)
x , D(sparse arc)

x and D(dense arc)
x to produce the class weighting

schemes for the labels in respective set as shown in Table 3.2. Note that an exception
is made for D(point)

x , as the weights were deemed to be too large. They were therefore
multiplied with a factor 0.1.

Table 3.2: Weighting schemes for the three different USS data sets used to coun-
teract the label bias in the data.

Data set name Occupied weight Free space weight Unknown weight
Point 316.7 1.0 -
Sparse arc 35.9 1.0 -
Dense arc 37.0 2.9 1.6
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(a) Dense GT set. (b) Sparse GT set.

(c) Point USS set. (d) Sparse Arc USS set. (e) Dense Arc USS set.

Figure 3.10: Grid label distributions for the (a) dense GT, (b) sparse GT, (c)
point USS, (d) sparse arc USS and (e) dense arc USS data sets.
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4
Approach

In this chapter, we begin by developing an evaluation framework in Section 4.1 in
order to adequately measure how successfully the models are deployed. We then
move on to motivate model choices based on related research domains, give a brief
network architecture description and specify design details such as loss functions.
In Section 4.2, we present a denoising autoencoder network, followed by a U-Net
inspired by related work in image segmentation in Section 4.3. Finally, we present
our the image-to-image translation approach Section 4.4, implemented as an I2I
cGAN with a U-Net core as generator and a PatchGAN as discriminator.

4.1 Evaluation
An evaluation framework is required to quantify how well the models can reconstruct
the ground truth and also measure how generalized the results are. Two different
assessment types are proposed, firstly by gridwise errors and secondly by distance
deviations. The processed data is split into train, test and validation sets to perform
the trials, where the test set is used for model evaluation.

4.1.1 Gridwise Metrics
The gridwise evaluation is inspired by image segmentation assessment frameworks,
where each image pixel or grid point is discretely classified [27]. We use two classes;
occupied and free-space. This means that the model results must be converted to
binary values, since the networks output grid values in the range [0, 1]. Therefore, an
occupancy threshold Toccupied = 0.4 is set, where a predicted grid point ŷij ≤ Toccupied
is labeled as occupied and free space otherwise. Each prediction can be labeled as
one of the following four classes, since we are considering a binary classification
problem;

• True Positive (TP) - The predicted pixel is correctly labeled as occupied.

• False Positive (FP) - The predicted pixel is incorrectly labeled as occupied.

• True Negative (TN) - The predicted pixel is correctly labeled as free-space.

• False Negative (FN) - The predicted pixel is incorrectly labeled as free-
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space.

These four class labels can be combined to form different informative metrics re-
garding the quality of the classification. The first metric used is called precision and
measures the quality of the positive predictions via the formula

Precision = TP
TP + FP .

The second metric used is recall, which measures how well the model captures all
the true labels. The recall is calculated accordingly to

Recall = TP
TP + FN .

The third metric used is the F1-score, which is an aggregation of the precision and
recall scores. The formula is the harmonic mean between the two measures, namely

F1 = 2
Precision−1 + Recall−1 .

The fourth and final score is called accuracy and measures the over all performance
of the network by calculating all true predictions by the total number of predictions.
Observe that this metric can be misleading in the case of an imbalanced data set.
The accuracy score is calculated by the formula

Accuracy = TP + TN
TP + TN + FP + FN .

The mentioned classification metrics takes values in the range [0, 1], where 1 is the
means perfect performance and 0 correspond to worst possible performance.

4.1.2 Distance Based Metric
An alternative to evaluating errors per pixel is to measure the deviation between
a range of predicted and actual distances from the virtual vehicle to the closest
occupied cell. We do this by performing a linear search along an angle θ and step-
ping one pixel forward until an occupied cell is found or if a maximum distance is
achieved. Two scans are performed to capture the front and rear environment using
the center of corresponding wheel axis, see Figure 4.1. The algorithm increments
θ by 5 degrees for each new search iteration until the whole vehicle surrounding
has been scanned, see Algorithm 2 for pseudo code. After the entire test prediction
and ground truth frames have been evaluated can the Root Mean Squared Error
(RMSE) be calculated to get a sense of how much the distances varies. The RMSE
can be seen as an estimation of one standard deviation, given that the deviations
are normally distributed. The RMSE is defined as

RMSE(d̂, d) =

√√√√ 1
nd

nd∑
i=1

(d̂i − di)2,
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where nd is the vector length, d̂i is the estimation and di is the ground truth.

(a) USS frame. (b) Lidar frame.

Figure 4.1: Distance measurement algorithm performed on (a) a USS frame and on
(b) a Lidar frame. The burgundy lines represent the linear search that is performed
for each 5 degree angle from the rear and front axis.

Algorithm 2 Calculate virtual distances
1: Initialize Θrear = {90, . . . , 270} to contain angels with resolution η
2: Initialize Θfront = {−90, . . . , 90} to contain angels with resolution η
3: Initialize list d
4: for Θi = Θrear, Θfront do
5: Set start point x0 in the center of the i vehicle axis
6: for θ ∈ Θi do
7: Set x← x0
8: Set r ← r0
9: while OG value at position x is not occupied and r < rmax do

10: Increment r ← r + 1
11: x← x0 + [r cos θ, r sin θ]
12: Truncate element-wise x← ⌊x⌋
13: end while
14: Append distance ∥x− x0∥ to d
15: end for
16: end for
17: return List d
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4.2 Denoising Approach
In this approach we see the USS frame as a distorted image of the corresponding
Lidar frame, as stated in Section 1.3. The aim is to train a convolutional autoencoder
architecture, which is typically used in image denoising tasks [3], in order to perform
the mapping between the USS and Lidar grids. The hope is that the encoder will
encrypt important properties of the denoising process in the latent variables z, as
discussed in Section 2.1.3.

The denoising model is inspired by the autoencoder implementation in TensorFlow’s
article on AEs and DAEs [32]. The encoder architecture consists of three convo-
lution layers and outputs z ∈ R24×16×4. In contrast, the decoder is built by three
transposed convolution layers in order to upscale the image. A final convolution
layer is added to take the image back to its original dimensions, and thus outputs
ŷ ∈ R192×128. Furthermore, a logistic Sigmoid function is applied to ŷ so that the
values can be mapped to occupancy probabilities. See Figure 4.2 for an overview
of the encoder and decoder architectures and Appendix B.1.1 for detailed network
layer information.

(a) Encoder (b) Decoder

Figure 4.2: (a) Encoder and (b) decoder architectures used in the denoising
autoencoder model. The encoder contains three downscaling convolution layers,
while the decoder contains three upscaling transposed convolution layers with an
additional convolution layer with one channel.

Two different loss functions are used for the DAE architecture, one for the dense
data set and one for the basic and sparse data sets, respectively. Vincent et al.
proposes that autoencoders utilizing real valued inputs can use a Mean Squared
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Error (MSE) loss function. The MSE is defined as

Lmse(ŷ, y) = 1
n′

n′∑
i=1

(ŷi − yi)2, (4.1)

where ŷ, y ∈ RN×M and n′ = NM . The objective function is a reasonable choice
since D(dense) contains values in the range [0, 1]. Networks dealing with binary inputs,
like the USS grids in D(basic) and D(sparse), are better suited with a Binary Cross
Entropy (BCE) loss [3]. In addition to the BCE loss, a Mean Absolute Error
(MAE) term with a scalar weighting λ ≥ 0 is added. Thus, the binary objective is
given by

Lbin(ŷ, y) = 1
n′

n′∑
i=1

(yi log(ŷi) + (1− yi) log(1− ŷi))︸ ︷︷ ︸
BCE

+λ
1
n′

n′∑
i=1
|ŷi − yi|︸ ︷︷ ︸

MAE

. (4.2)

This objective is inspired by the one used for image-to-image conditional GANs.
Adding a more traditional loss term, such as MAE, may improve results, which is
why (4.2) is used [10]. To distinguish between the two DAEs using loss (4.1) and
(4.2) the models are denoted as DAE(mse) and DAE(bin), respectively. Finally, there
exists a class imbalance between the occupied, free space and unknown labels, as
described in Section 3.4. We therefore implement the weighting scheme proposed in
Table 3.2 for a more unbiased training process of DAE(bin). This is possible since
the model considers discrete binary labels in contrast with DAE(mse).

4.3 Image Segmentation Approach
As an alternative to the denoising approach, we propose to see the problem as an
image segmentation problem. The discrete classes occupied, free space and unknown
are used instead of seeing each pixel as a value of 0, 0.5 or 1. The goal is to learn
a mapping between the mentioned input and ground truth grid labels. For this
purpose is a U-Net architecture suitable. The CNN model was originally proposed
for biomedical image segmentation and uses skip layers to counteract the vanishing
gradient problem, as discussed in Section 2.1.1.1. Furthermore, the NN structure
consists of down- and upsampling blocks, like the DAEs. In general, each downsam-
ple block consists of a batch-normalized convolution layer and the upsample blocks
are composed of batch normalized transposed convolution layers with dropout. The
U-Net has seven and six down- and upsampling blocks respectively, with skip con-
nections as shown in Figure 4.3.
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Figure 4.3: U-Net image segmentation architecture, which uses up- and downsam-
pling blocks with skip connections for improved training stability.

The binary loss described in Equation (4.2) is also a suitable choice for the U-Net
when trained on D(basic) and D(sparse), since we have only two labels. A logistic
Sigmoid function is also used on the final model layer for this reason. We denote
this model with UNET(bin). However, another loss function and final layer is required
to handle multiple classes, such as in D(dense). The general Cross Entropy (CE)
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loss is defined as

Lce(ŷ, y) = 1
n′

n′∑
i=1

∑
k∈C

yik log ŷik, (4.3)

where yik is a binary indicator (0 or 1) if label k is the correct classification for
pattern i, and ŷik is the estimated probability that observation i is of class k. This
means that each U-Net output pixel must represent a probability distribution of the
three different classes, and thus is the final layer changed to output ŷ ∈ R192×128×3.
We denote the multiclass image segmentation model as U-Net(ce). Finally, the class
imbalance is taken into account by implementing the weighting schemes proposed
in Table 3.2.

4.4 Image-to-image Translation Approach
The approach of using generative models is based on viewing the stated problem as
an image-to-image translation problem, as described in Section 2.2.3. The architec-
ture for the generator used in the Image-to-Image translation conditional GAN is the
same as in Figure 4.3, with an initial Gaussian noise layer of shape (192 × 128 × 1),
representing the prior distribution pz(z). The choice of noise level is based on Wu
et al. [17], advocating a use of zero-centered normal noise with a standard deviation
of 0.1 for pixels normalized to the range [0, 1]. A description of the structure of the
U-Net is given in Section 4.3 above, with additional details in Appendix D. The
architecture for the discriminator can be found in Figure 4.4.

Figure 4.4: Discriminator architecture for the Image-to-Image translation condi-
tional GAN.

37



4. Approach

In essence, this is a regular convolutional network that takes two inputs. The first
input is either the Lidar ground truth grid y, or a generated image G(z|x), while
the second input is the conditional information x, i.e. the USS grid.

By processing the input image and the conditional information together, the Patch-
GAN is able to learn to focus on the parts of the image that are relevant to the given
task, such as the texture and color of specific regions of the image. The output dif-
fers from a regular ConvNet in that the network does not classify the entire image
as real or generated. Instead it generates a grid of patches with size (22 × 14 × 1),
where each patch corresponds to a range of convoluted pixels from the concatenated
input and carries a value corresponding to the probability that it real or generated.
This output is then averaged when computing the final loss for the specific input
image (or batch of images).

As the sparse USS and Lidar data representations are very similar in many parts
of the frames, we introduce a novel way of influencing the probability of particular
patches in the output of the discriminator. We weight the data according to the
class imbalance described in Section 3.4, as is done in the U-Net image segmentation
approach, and then pass a weighted ground truth frame through a sequence of max
pooling layers and a final average pooling layer, as illustrated in Figure 4.5.

Figure 4.5: Pooling network for sample weights generated from ground truth data.

The result is then used to weight the discriminator output patches, where patches
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containing occupied pixels are weighted more heavily. An additional motivation
for weighting the discriminator output is that preliminary runs showed that the
discriminator entered mode collapse at the beginning of training when on the sparse
data representations and as result the generator only learned to produce a blank
output with all cells marked as free space. The details of mode collapse are covered
in Section 2.2.1. A sample weighting is shown in Figure 4.6.

Figure 4.6: Visualization of weighting of patches based on occupied pixels in a
ground truth frame, where values range from the maximum weight 0.997 (yellow)
and the minimum weight 0.03 (blue).

While the region affected by this weighting is quite rough, as can be seen in the
rightmost image, it is an improvement to the previous uniform weighting of patches.

The minimax loss function is in practice generally realized by using the binary cross
entropy loss function. This is because training a discriminator using Equation (2.6)
is analogous to minimization of a standard cross entropy loss when training a binary
classifier with a Sigmoid output, i.e. binary cross entropy, where true labels (1) are
used for input from the data distribution, i.e. real images, and false labels (0) are
used for generated input. This also applies for the first term in Equation (2.5) for
the generator, but where with flipped labels for real and generated images [14].

The generator network and the discriminator are combined into a composite model
constituting the entire GAN, as visualized in Figure 4.7, which used to train the
generator network.
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Figure 4.7: Complete Image-to-Image cGAN architecture.

In this model, the discriminator weights are frozen, meaning that they are not up-
dated when performing backpropagation through the network. This is done because
the discriminator would otherwise learn from the progress of the generator and any
local minimum would then become a moving target, causing the generator to strug-
gle with learning.

The connection between the networks is still important however, as the generator
is not directly connected to the cross entropy loss that it is trying to affect – this
is instead produced by the discriminator. The gradients obtained when backprop-
agating through the discriminator network therefore directly affect the weights of
the generator network and a connection between the two networks are created as
a result. Meanwhile, skip connections in the U-Net assure that vanishing gradients
are mitigated.
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The purpose of the thesis is to evaluate how the methods proposed in Chapter 4
perform on the generated data sets D(basic), D(sparse) and D(dense) described in Chap-
ter 3. We start by explaining the experimental setup in Section 5.1 and then follow
up with results gathered using the evaluation framework in Section 5.2. Finally, the
data representations, approaches and evaluation method are discussed in Section
5.3.

5.1 Training Environment
The preprocessing of the data streams resulted in 534647 USS and Lidar frame
pairs for each of the basic, sparse and dense data sets. The frames are split into
training, test and validation data according to an 80-10-10 split. This ensures that
all models are evaluated on the same data and thus a fair comparison is made.
Furthermore, the data in the validation and test sets are taken in a consecutive
sequence, meaning that frames coming from a specific time period is ensured to be
unseen when evaluated and validated upon. The frame pairs are shuffled internally
in each data set to regularize the training. Backpropagation processing is executed
on an NVIDIA TITAN RTX GPU, which speeds up training significantly for large
machine learning models compared to using traditional CPUs [19]. Python is used
to build the training environment using Google’s state-of-the-art machine learning
framework TensorFlow [8]. Finally, each input data set is also directly evaluated on
the ground truth. The resulting metrics can be used as a baseline to compare with
the model predictions.

5.1.1 DAE Setup
The DAE setup uses early stopping to avoid overfitting, as discussed in Section
2.1.1.1, where the training is stopped if the validation error is not improved in
Tpatience epochs. Otherwise, the maximum number of epochs is Tepochs. Mini-batching
is also used with size mb. Furthermore, the Adam optimizer scheme is used to tune
the network parameters with the default parameters except an adaptive learning
rate, see Section 2.1.1.2. The initial learning rate α0 is decreased after nstep train-
ing iterations with a decay rate βdecay. Finally, the weighting schemes proposed in
Section 4.2 are implemented for the DAE(bin) model. See Table 5.1 for the hyperpa-
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rameter values used to train DAE(mse) and DAE(bin).

Table 5.1: Hyperparameters used to train the two denoising autoencoder models
DAE(mse) and DAE(bin).

Hyperparameter Symbol Value
Mini-batch size mb 32
Max epochs Tepochs 100
Patience Tpatience 8
Initial learning rate α0 0.01
Decay steps nstep 15000
Decay Rate βdecay 0.9
MAE weighting (only for bin-loss) λ 10

5.1.2 U-Net Setup
For simplicity, the same setup and hyperparameters used for the DAE models were
also used for the U-Net, see Table 5.1. Furthermore, different MAE loss weightings
λ = 0, 10, 50, 100 were tested for UNET(bin) when training on D(sparse) to see how the
results were effected. Two additional UNET(bin) setups were tested, one with smaller
mini-batch size mb = 16 and the other with constant learning rate α = 0.0001, both
using data from D(sparse). Finally, the weighting schemes discussed in Section 4.3
were implemented for UNET(bin) and UNET(ce) respectively, depending on the data
set the models were trained on.

5.1.3 I2I-cGAN Setup
The cGAN is trained using an Adam optimizer with a fixed learning rate of α =
2·10−4 and coefficient β1 = 0.5. Just as for UNET(bin), different MAE loss weightings
λ = 0, 10, 50, 100 were tested. All training is done using a batch size of mb = 1.
These parameter values are chosen based on results from preliminary runs as well as
the results obtained by Isola et al. [22]. These parameter values are used for every
data set.

Goodfellow et al. suggest to use mini batches when alternating the training of the
generator and discriminator [5], as can be seen in Algorithm 1. This has no effect
when using the above given batch size. As mentioned earlier, the USS and Lidar
grids are also very similar, which means that the discriminator might need more data
in order to reach a local optimum before switching to training the generator. We
therefore choose to train the discriminator and generator using alternating intervals,
where each interval corresponds to ∼ 5000 grids. This is done a total of 100 times
per network, stretching over 2 epochs. The reason for the low number of epochs
is because a longer running training showed the losses quite quickly converging to
a small range of values. In addition, the cGAN takes a much longer time to train
compared to the other models.
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5.2 Results
In this section we present the best performing models from each approach, based on
the evaluation framework proposed in Section 4.1. The approaches are deployed on
the three data sets mentioned in Chapter 3. All results described in the experiment
setup in Section 5.1 are available in Appendix A. Representative sample predic-
tions are shown in addition to the five performance scores to visualize the output.
Furthermore, the best measured result per metric is marked in bold in each table.

5.2.1 Basic Data

First we consider the models trained on D(basic), namely DAE(bin)
λ=10, UNET(bin)

λ=10 and
cGANλ=10. The model evaluation metrics are shown in Table 5.2 and corresponding
prediction samples are visualized in Figure 5.1. We start by comparing the denoising
and image segmentation results. The UNET(bin)

λ=10 consistently achieves slightly better
performance indicators and creates a more detailed prediction grid opposed to the
DAE(bin)

λ=10 model. The trained autoencoder creates large square artifacts and thus
loses prediction precision, see Figure 5.1c and 5.1d. However, both models have a
hard time to make qualitative occupancy predictions as they both get a low precision
score.

The cGANλ=10 model have issues predicting any occupied pixels, based on the close
to zero recall score as well as in the sample frame in Figure 5.1e. Furthermore,
a high accuracy metric is achieved since the model has reached a state mirroring
the symptoms of mode collapse, discussed in Section 2.2.1.2, where almost only free
space are predicted. This might be caused by the vast majority of free space pixels,
as shown in Section 3.4. The few positive predictions that are made have better
precision than the other models. Finally, no model manages to outperform the
baseline on all measurement accounts and the baseline is not improved considering
the distance RMSE metric.
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(a) Point USS input. (b) Sparse Lidar GT.

(c) DAE(bin)
λ=10 prediction. (d) UNET(bin)

λ=10 prediction. (e) cGANλ=10 prediction.

Figure 5.1: Predictions from models trained on D(basic), namely (c) DAE(bin)
λ=10, (d)

UNET(bin)
λ=10 and (e) cGANλ=10. We can also see (a) the input and corresponding

(b) ground truth frames. The grids are collected between 09:26:07 and 09:27:07
at 2023-04-05. Furthermore, yellow, red and black denotes occupied, unknown and
free-space, respectively.

Table 5.2: Evaluation results from the trained models on D(basic) as well as a
baseline comparison.

Model Precision
[%]

Recall
[%]

F1-score
[%]

Accuracy
[%]

Distance
RMSE [m]

None 10.04 0.91 1.67 99.11 1.8428
DAE(bin)

λ=10 3.36 68.45 6.41 83.39 2.9694
UNET(bin)

λ=10 4.90 71.46 9.16 88.23 2.1974
cGANλ=10 21.76 0.02 0.04 99.17 1.8569

5.2.2 Sparse Data

The best performing models trained on D(sparse) are DAE(bin)
λ=10, UNET(bin)

λ=50, UNET(bin)
λ=100

and cGANλ=50. The evaluation metrics and prediction samples from the models
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are shown in Table 5.3 and Figure 5.2, respectively. We see that each approach
outperforms its counterpart model trained on D(basic), considering the F1-score, ac-
curacy and distance RMSE. However, some tendencies observed in Section 5.2.1
are still remaining. For example, the image segmentation and denoising approaches
score higher recall than precision while the I2I-translation model does the opposite.
Furthermore, DAE(bin)

λ=10 still creates square-like artifacts as shown in the prediction
sample 5.2c.

The image segmentation approaches outperforms the baseline considering all met-
rics, while the DAE(bin)

λ=10 and cGANλ=50 performs equal to and worse than the ref-
erence scores, respectively. We observe that the UNET(bin)

λ=100 achieves overall good
results as well as the highest F1-score and distance RMSE. The UNET(bin)

λ=50 model
has a recall that is 6 percentage points higher than the UNET(bin)

λ=100 model, but falls
short on the precision metric. Thus, the F1-score is in favor of UNET(bin)

λ=100.

(a) Sparse arc USS input. (b) Sparse Lidar GT. (c) DAE(bin)
λ=10 prediction.

(d) UNET(bin)
λ=50 prediction. (e) UNET(bin)

λ=100 prediction. (f) cGANλ=50 prediction.

Figure 5.2: Predictions from models trained on D(sparse), namely (c) DAE(bin)
λ=10, (d)

UNET(bin)
λ=50, (e) UNET(bin)

λ=100 and (f) cGANλ=50. We can also see (a) the input and
corresponding (b) ground truth frames. The grids are collected between 09:26:07
and 09:27:07 at 2023-04-05. Furthermore, yellow, red and black denotes occupied,
unknown and free-space, respectively.
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Table 5.3: Evaluation results from the trained models on D(sparse) as well as a
baseline comparison.

Model Precision
[%]

Recall
[%]

F1-score
[%]

Accuracy
[%]

Distance
RMSE [m]

None 5.33 38.46 9.36 93.81 2.5024
DAE(bin)

λ=10 5.39 41.10 9.53 93.51 2.3026
UNET(bin)

λ=50 7.42 46.86 12.81 94.70 1.8206
UNET(bin)

λ=100 9.63 40.40 15.56 96.36 1.7277
cGANλ=50 71.51 2.20 4.27 99.18 1.8383

5.2.3 Dense Data

Finally, the best performing models trained on D(dense) are DAE(mse), UNET(ce),
cGANλ=10 and cGANλ=100. The evaluation metrics and prediction samples from the
models are shown in Table 5.4 and Figure 5.3, respectively. We observe that the
cGAN performs both worse and better than the baseline considering the F1-score
and distance RMSE, respecitively. The autoencoder using the MSE loss performs
poorly and tend to predict mainly free space and unknown values, as shown in the
low recall and high accuracy score. This is probably caused by the DAE(mse) not
considering the class imbalance as well as the MSE objective averaging out the low
occupied values (0), as seen in Figure 5.3c.

In terms of the F1-score, the UNET(ce) correctly classifies the largest amount of
occupied pixels compared to the other models. Interestingly, the cGANλ=10 model
has a better distance RMSE, but considerably worse F1-score. This raises the ques-
tion of which model is the more suitable and is further discussed in Section 5.3.1.
Moreover, we observe that the U-Net outperforms the baseline on basically all ac-
counts. As a final comment, the U-Net yet again scores best in regards to the recall
and F1-score, with corresponding results for the cGAN regarding the precision and
accuracy metrics.

46



5. Model Evaluation

(a) Dense arc USS input. (b) Dense Lidar GT. (c) DAE(mse) prediction.

(d) UNET(ce) prediction. (e) cGANλ=10 prediction. (f) cGANλ=100 prediction.

Figure 5.3: Predictions from models trained on D(dense), namely (c) DAE(mse), (d)
UNET(ce), (e) cGANλ=10 and (f) cGANλ=100. We can also see (a) the input and
corresponding (b) ground truth frames. The grids are collected between 08:12:45
and 08:13:45 at 2023-04-05. Furthermore, yellow, red and black denotes occupied,
unknown and free-space, respectively.

Table 5.4: Evaluation results from the trained models on D(dense) as well as a
baseline comparison.

Model Precision
[%]

Recall
[%]

F1-score
[%]

Accuracy
[%]

Distance
RMSE [m]

None 5.33 38.46 9.36 93.81 2.5024
DAE(mse) 0.57 0.01 0.02 99.00 1.9224
UNET(ce) 6.44 51.54 11.45 92.15 1.9346
cGANλ=10 13.29 4.40 6.61 98.77 1.8059
cGANλ=100 34.62 2.14 4.03 99.00 1.8631

5.3 Discussion
The evaluation of the models show that different approaches perform both better and
worse than the baseline comparisons. In this section we discuss interesting aspects
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and findings of the thesis results as well as comment our approach and possible
shortcomings. First we discuss the evaluation framework and assess its reliability.

5.3.1 Evaluation Framework
The evaluation framework uses two different evaluation approaches: the first eval-
uates the models in terms of a pixelwise classification problem and the second in
terms of virtual distance estimations. Combining both the gridwise F1-score and
accuracy with the distance RMSE gives a good overview of the models performance,
however no framework is ever perfect. In the current implementation of the distance
metric, all linear search angles considered, even the ones that do not encounter any
occupancies in both the prediction and ground truth frame. Such redundant angle
searches can be disregarded in an effort to make the metric more focused on showing
errors only when an occupancy is present. The current implementation can lead to
contradictions between the F1-score and distance RMSE. For example, we see in
Section 5.2.3 that UNET(ce) outperforms cGANλ=10 on the F1 metric, but the oppo-
site is true for the distance RMSE. Another example of contradictory scores is seen
in Table 5.2, where the cGANλ=10 again performs poorly on the F1-score, but well
on the distance RMSE metric. A more occupancy focused implementation of the
distance based evaluation could show a more streamlined result with the F1-score.
However, the two scores are based on class versus distance evaluation, which raises
the question if either approach is better than the other.

An alternative to the pixelwise classification measurements is to base the metrics on
virtual distances instead, rather than grid labels. This evaluation scheme is better
suited for the objective of LSP, namely to as precisely as possible detect obstacle
positions. The current classification scores focuses more on predicting exact pixels
instead of capturing the general object shape instead. However, the aim of the thesis
explicitly states that we are to devise methods to mimic Lidar generated occupancy
grids, which makes current gridwise framework acceptable for our purposes. In
conclusion, basing the classification metrics on distances would most certainly make
the F1-score and distance RMSE more connected. A concrete proposal for the
distance based classification metrics are presented in Section 6.1.

5.3.2 Data Representations and Preprocessing
We see that evaluation scores differ quite a lot when comparing models trained on
the different data sets. For example, UNET(bin)

λ=10 and DAE(bin)
λ=10 gets a performance

gain in the F1-score, accuracy and distance RMSE metrics when trained on D(sparse)

compared to D(basic). The same can be said for cGANλ=10, which improves its F1-
score and distance RMSE when trained on D(dense) compared to the other two data
sets. See Tables A.1, A.2 and A.3 for the results. Thus, the input data representation
plays a major role in model performance. It is trivial to realise that if the input
and ground truth grids look more alike, a NN will perform the mapping task more
easily. Furthermore, the chosen representations correspond to the standard way
ultrasonic signals are modeled, as presented in Section 2.3, and extensive research
would be required to get more Lidar-like grids. This concludes that the used USS
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representations were well suited for this thesis, considering the narrow project time
frame.

However, it is still of interest to investigate new representation schemes, as the
results suggest better performance for different grid types. For example, increase
the number of input data dimensions, as this usually makes neural networks more
robust against overfitting. The input could therefore potentially be changed to
a multidimensional tensor containing several USS embeddings, such as using all
representations shown in Figure 3.6, or a time series of frames. Corresponding
models could then be adapted to perform 3D convolutions for better information
processing. Another plausible input scheme would be to incorporate more relevant
meta data, e.g. as an additional vector, to increase the number of dimensions.

It is important to note that only one sample was drawn from the cGAN models when
evaluating the I2I translation approach. Several samples could have instead been
generated with the model and then averaged over, since the cGAN draws samples
from a learnt distribution. The variance of the created distribution would also be
interesting to consider, to investigate how much the outputs differ given the same
USS input.

Another aspect that influences the results are the performed preprocessing steps.
Three main data refinements were implemented, namely:

1. Removing frame pairs with no USS nor Lidar occupancy’s present.

2. Setting a speed limit and time difference threshold to avoid frame pairs of
different scenarios to be matched.

3. Masking Lidar grids to only cover the USS effective distances.

Two additional preprocessing steps were considered, however they were not imple-
mented due to time limitations. The first is subsampling of frame pairs, motivated
by the fact that some grids can be almost identical to the neighbouring samples in
a training sequence. This makes the networks more prone to overfitting. Imple-
menting a carefully designed subsampling process will not only help the predictions
to become more robust, but the training time will also decrease as there exists less
training samples. The second is demi-denoising, which aims to remove false USS
activations caused by background noise. The aim is to simply remove all USS acti-
vations in either the upper or lower half of the grid if no corresponding occupancy
is detected by the Lidar.

5.3.3 Problem Approach
Three approaches were used to map USS frames into Lidar grids, namely image
denoising, image segmentation and image-to-image translation. We start with as-
sessing the image denoising approach based on the results. Neither of the proposed
DAE models performed very well considering the F1-score and distance RMSE for
any data set and was always outperformed. At best, DAE(bin)

λ=10 could perform equally
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well as the baseline for D(sparse). Thus, it is questionable if the used autoencoder
architecture has the capacity of learning the desired domain mapping. The imple-
mented NN architecture has few layers compared to e.g. the U-Net and additional
layers could be added for more trainable parameters. However, additional layers
could lead to vanishing gradient problems, as discussed in Section 2.1.1.1. These
small gradients cannot be dealt with by adding skip connections, since this compro-
mises the AE architecture and prevents the encoder to create input representations
in the latent layer. We conclude that seeing the problem as a denoising task is not
viable.

Regarding any GAN model, training convergence is often a fleeting state. In the
ideal case the model should reach a point after which the generator successfully
fools the discriminator, and through this reveal that the training has converged.
The results show that we do not find such a point for the cGAN on any of the data
sets.

It is difficult to pinpoint the exact reason for this, but it seems that for D(basic) and
D(sparse), the generator finds that a very sparse output fools the discriminator most
of the time. This is reminiscent of the same symptoms as mode collapse, however
both networks keep on learning. One reason for this could be that the loss function
is not very well suited to this specific task. The L1-term measures the similarity
between a generated grid and the ground truth, but since the input USS grid and
ground truth are still very similar in most regards, this measurement is very rough.
This also affects the BCE-term as parts that remain static between the grids are
still very likely to be judged as real by the discriminator over the entire training.
While the results on D(dense) show that this data representation seems to be more
suited to the cGAN, it suffers the same problems.

Applying an image segmentation approach to mimic the Lidar frames was proven
to be more successful than the other two approaches in terms of getting consistently
good results. The implemented U-Net architecture tends to get higher recall than
precision score, meaning that the model captures larger amounts of occupied pixels
of the cost of making many inaccurate predictions. UNET(bin)

λ=100 managed to achieve
the lowest distance RMSE and highest F1-score with a decent accuracy of 96 %, when
trained on D(sparse). Thus, we have proven that it is possible to mimic Lidar grids
with neural networks with improved quality compared to the input representations.
However, the best result is quite unreliable as F1 < 0.5 and the distance RMSE is
above 1.5 meters in estimated variance.

The UNET(bin)
λ=100 result points towards that something drastic needs to change to

improve the results and that none of the test approaches performs well enough to be
used in LSP. We elaborated in Section 5.3.1 that distances are more important than
pixel values for the LSP objective. Thus, it would be interesting to use a custom
distance based loss function to train a network. Maybe even in combination with
the image processing based losses.
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The purpose of this thesis has been to explore the possibility to enhance USS per-
ception by using Lidar data as ground truth. We conclude that the performance
of all models in doing this is highly dependent on the data representation. Using
the U-Net in a hybrid image segmentation/translation setting with a loss function
representing both parts shows promise in performing this task however, as it out-
performs the baseline on two of the three data sets. On the other hand, we discover
that simple image denoising models do not seem to be sufficient to enhance USS
perception. Some results of the I2I cGAN show improvements, but more research is
needed to determine if image-to-image translation is a viable approach.

We have explored three different deep learning approaches resulting in five differ-
ent models: DAE(bin), DAE(mse), UNET(bin), UNET(ce) and I2I cGAN. In order to
train these models, we utilized data provided by VCC to generate three different
data sets containing pairs of USS and Lidar occupancy grids, D(basic), D(sparse) and
D(dense). In addition, we developed an evaluation framework in order to compare
the performance of these networks. This framework is includes a set of metrics that
reflect the accuracy of the networks in representing the real-world environment.

The U-Net models trained on D(sparse) and D(dense), sport a significant improvement
in F1-score and RMSE-distance. The DAE(bin)

λ=10 trained on D(sparse) outperforms the
baseline marginally on each metric, but fails to do the same on D(basic). The alternate
model DAE(mse), adapted for dense data, generally fails to capture occupied cells and
as a result also fails to outperform the baseline.

The poor results of the cGAN on both D(basic) and D(sparse) show that the model
is unable to learn a useful mapping to the ground truth distribution, most likely
due to the similarity between input and ground truth data in uninteresting regions
affecting the GAN training scheme. On D(dense) the cGAN succeeds in reproducing
relevant features of the ground truth grid. The regions of occupied cells in the output
are somewhat shifted in comparison to the ground truth however. This affects the
evaluation, as the classification-based metrics calculations are binary, making it hard
to draw any final conclusions about its performance.
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6.1 Future Work
Based on the results and the discussion, we believe that new approaches and alter-
native data representations can be used to improve the quality of the predictions.
Three key areas have been identified where more work can be done, namely data,
evaluation and approach.

6.1.1 Data Representations and Preprocessing
While our created data representations showed promise, we still do not utilize all
aspects of the ultrasonic data, such as the signal strength. One avenue open to
exploration is therefore to provide all information contained in the signalways to
our models, including metadata such as whether the signalway is a direct or cross
echo. Another avenue is to try to remedy the fact that the current USS grids
contain less information than the corresponding Lidar grids, by mapping multiple
representations of a USS grid to a Lidar grid. Finally, we chose not to explore time
series models due to the fact that the initial data contained a non-negligible amount
of specific test cases, and we deemed that the networks had a chance to overfit
to these. The final data was gathered in real driver scenarios and was thus more
general, opening up the possibility to leverage time series models for this task.

The current data sets contain instances where a range of USS grids mapped to Lidar
grids are very similar, for instance if the car is driving very slowly. This means we are
essentially creating duplicates of our data. We propose that any future work makes
use of subsampling in these situations to make sure that any data set is properly
balanced.

In addition, we have not explored the level of noise in our data. One example of
a situation that would generate a noisy data point would be a faulty Lidar sensor
causing detections at the rear bumper due to dirt while both types of sensors detect
a real object at the front bumper. A solution to this and associated problems would
be to filter data where detections in input and ground truth data are not in the
same region.

6.1.2 Evaluation Framework
What we are really interested in when leveraging these models is reducing is the
distance between occupied cells in the output and ground truth grid. It would be
of great value to develop and test a new loss function that reflects this distance
explicitly. In connection to this, an improvement in the evaluation framework that
has yet to be included is to only consider detection distances in the distance error
measurement, rather than the grid as a whole. Another improvement would be
to have an error tolerance in the tallying of the confusion matrix elements used
for the other performance metrics. Prediction labels can be created by using the
virtual distance measuring algorithm proposed in Section 4.1.2 and would redefine
the classes as following;
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1. True Positive (TP) - A predicted occupancy distance falls within an accep-
tance tolerance from the corresponding ground truth value.

2. False Positive (FP) - The predicted occupancy distance falls outside the
acceptance interval created by the ground truth. Or the ground truth detects
no occupancy, but an occupancy distance is predicted prior to the maximal
search range.

3. True Negative (TN) - Both GT and prediction indicates the max range
value.

4. False Negative (FN) - The prediction indicates no occupancy, but the GT
distance is smaller than the maximal search range.

6.1.3 Problem Approach
There is still room for improvements in our models in the tuning of hyperparameters.
Examples of parameters that have not been optimized for are learning parameters,
a fine-grained search over the L1-weighting parameter λ, and weighting schemes.
While the current weighting schemes are motivated by imbalance, it would be inter-
esting to see if increased weights for occupied pixels would improve the performance
for the sparse models, as occupied cells are of greater importance to this task.

Ultimately, our implementation of the I2I cGAN is designed to map an image in a
domain that is essentially the same as the target domain in regards to region and
shape, while changing characteristics such as texture. New work in the domain of
image-to-image translation, such as DiscoGANs, has shown the possibility to map
between different domains, changing the shape of objects, such as handbags to shoes,
while preserving texture. This seems to be a much more fitting model in this context,
and any future work is encouraged to explore this further. It would also be of great
interest to explore the combination of WGANs with I2I cGANs in this use case to
see if this would alleviate the problem of mode collapse.
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Table A.1: All evaluation results from the trained models on D(basic).

Model Precision
[%]

Recall
[%]

F1-score
[%]

Accuracy
[%]

Distance
RMSE [m]

None 10.04 0.91 1.67 99.11 1.8428
DAE(bin)

λ=10 3.36 68.45 6.41 83.39 2.9694
UNET(bin)

λ=10 4.90 71.46 9.16 88.23 2.1974
cGANλ=10 21.76 0.02 0.04 99.17 1.8569

Table A.2: All evaluation results from the trained models on D(sparse).

Model Precision
[%]

Recall
[%]

F1-score
[%]

Accuracy
[%]

Distance
RMSE [m]

None 5.33 38.46 9.36 93.81 2.5024
DAE(bin)

λ=10 5.39 41.10 9.53 93.51 2.3026
UNET(bin)

λ=0 8.80 43.77 14.65 95.77 1.7713
UNET(bin)

λ=10 7.83 46.19 13.38 95.03 1.7903
UNET(bin)

λ=50 7.42 46.86 12.81 94.70 1.8206
UNET(bin)

λ=100 9.63 40.40 15.56 96.36 1.7277
UNET(bin)

1 7.69 45.85 13.18 94.98 1.7990
UNET(bin)

2 8.51 42.08 14.15 95.76 1.7730
cGANλ=10 15.01 0.02 0.03 99.17 1.8588
cGANλ=50 71.51 2.20 4.27 99.18 1.8383
cGANλ=100 50.49 1.20 2.34 99.17 1.8435

1λ = 100, mb = 16
2λ = 100, mb = 16, α = 0.0001
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Table A.3: All evaluation results from the trained models on D(dense).

Model Precision
[%]

Recall
[%]

F1-score
[%]

Accuracy
[%]

Distance
RMSE [m]

None 5.33 38.46 9.36 93.81 2.5024
DAE(mse) 0.57 0.01 0.02 99.00 1.9224
UNET(ce) 6.44 51.54 11.45 92.15 1.9346
cGANλ=10 13.29 4.40 6.61 98.77 1.8059
cGANλ=50 26.52 1.40 2.67 98.99 1.8739
cGANλ=100 34.62 2.14 4.03 99.00 1.8631
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B.1 Neural Network Architectures

B.1.1 Autoencoder
The network takes a 192 × 128 OG as input and output the same dimension. All
layers uses same-style option pads the layer input such that the ith dimension in
the hidden layer becomes

di =
⌈

dim(x, i)
si

⌉
,

where si is the corresponding stride and dim(x, i) is the number of dimension along
the ith axis. See Table B.1 for more layer information.

Table B.1: Autoencoder architecture.

Layer Filters Kernel size Stride Activation
Conv2D 16 3× 3 2× 2 ReLU
Conv2D 8 3× 3 2× 2 ReLU
Conv2D 4 3× 3 2× 2 ReLU
TConv2D 4 3× 3 2× 2 ReLU
TConv2D 8 3× 3 2× 2 ReLU
TConv2D 16 3× 3 2× 2 ReLU
Conv2D 1 3× 3 1× 1 Sigmoid

B.1.2 U-Net
All U-Net layers uses same style padding, a 4 × 4 kernel size. Furthermore, Leaky
ReLU (LReLU) is a modified ReLU function, which allows a small gradient for
inactive units, namely

LeakyReLU(x) =

x, if x > 0
ηx, otherwise,

with η = 0.3. The dropout scheme drops a fraction q = 0.5 of the neurons randomly.
Depending if a binary or multilabel output is required are final layer (1) respectively
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(2) used. See Table B.2 for more layer information.

Table B.2: U-Net architecture. The skip label indicate which layers that are
connected

Layer Filters Stride Activation BatchNorm Dropout Skip
Conv2D 32 2× 2 LReLU - - A
Conv2D 64 2× 2 LReLU ✓ - B
Conv2D 128 2× 2 LReLU ✓ - C
Conv2D 256 2× 2 LReLU ✓ - D
Conv2D 512 2× 2 LReLU ✓ - E
Conv2D 512 2× 2 LReLU ✓ - F
Conv2D 512 3× 2 LReLU ✓ - -
TConv2D 512 3× 2 LReLU ✓ ✓ F
TConv2D 512 2× 2 LReLU ✓ ✓ E
TConv2D 256 2× 2 LReLU ✓ ✓ D
TConv2D 128 2× 2 LReLU ✓ - C
TConv2D 64 2× 2 LReLU ✓ - B
TConv2D 32 2× 2 LReLU ✓ - A
(1)TConv2D 1 2× 2 Sigmoid - - -
(2)TConv2D 3 2× 2 - - - -

B.1.3 Image-to-image cGAN
The U-Net core used for the I2I cGAN is the same as the one described in Section
B.1.2 above, but with an initial Gaussian noise layer of shape (192 × 128 × 1),
representing the prior distribution pz(z). The Gaussian noise applied is zero-mean
with a standard deviation of 0.1, as motivated in Section 4.4.

The discriminator is in essence a CNN with two input layers of shape (192×128×1).
In the original implementation of this PatchGAN, the authors used input images of
size (256×256×1), and as such produces symmetrical patches of size (30×30) [22].
As the dimensions used for our grids are decided by the domain-specific problem, we
elected instead to use rectangular patches, as resizing the output to a square format
would reduce the information captured along one dimension. This yields an output
dimension of (22 × 14 × 1).

The zero padding scheme adds columns and rows of zeros on all sides of an image
tensor. A kernel size of 4 × 4 is used for all layers. See Table B.3 for more layer
information.
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Table B.3: CNN architecture of the cGAN discriminator.

Layer Filters Stride Activation BatchNorm Padding
Conv2D 64 2× 2 LReLU - Same
Conv2D 128 2× 2 LReLU ✓ Same
Conv2D 256 2× 2 LReLU ✓ Same
Conv2D 512 1× 1 LReLU ✓ Zero
Conv2D 1 1× 1 Sigmoid - Zero

This structure is intended to extract and learn the features necessary in order to
determine the probability that patches of overlapping convolutions over an input grid
represent a true Lidar grid. The the design of this architecture by Isola et al. [22] was
influenced by Radford et al. [11], which motivate the use of e.g. strided convolutions
instead of pooling layers, batch normalization, removing fully connected hidden
layers and Leaky ReLU activation.
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C.1 Data Preprocessing
Both the ultrasonic sensor and Lidar data need to be processed in order to convert
the data streams into frames with useful information. In this section, this process
is described in detail. Additionally, a merging scheme is developed to secure that
training and ground truth data is matched in a way that reflects reality.

C.1.1 Ultrasonic Sensor Pipeline
Due to bandwidth limitations, the data pertaining to a signalway is divided into
data packets when received. These packets contain metadata such as signalway ID,
timestamp, etc. as well as the two echoes each with distance, timestamp, amplitude
and time of flight amongst others. The information used for constructing the training
data is distance, signalway ID, direction and location of sensors and the timestamp.
The packets are gathered into logs of minute length and all logs pertaining to a test
drive constitutes a data stream.

In order to convert the data streams into the desired 2D occupancy grid format data,
processing is required. This is done by implementation of a Luigi pipeline which
in essence takes the paths to HDF5 log files as input, and outputs new HDF5 files
containing frames of shape 180×128. Luigi pipelines consist primarily of tasks, and
is where all processing and computations are performed [34].

The USS preprocessing pipeline consists of five separate preprocessing tasks and a
log streaming task, illustrated in Figure C.1. Notice that the structure is that of
a directed acyclic graph (DAG), which is a requirement of the Luigi framework in
order to handle parallelization of tasks.

VII



C. Appendix C

Figure C.1: Graph depicting the workflow of the USS preprocessing pipeline.

A more detailed description of the tasks is given below:

1. The first task is to stitch the log data packets containing the fragmented
signalway information into one logical grouping of signalway data fields: sig-
nalway ID, timestamp for each data packet, sensor blind distance, sensor max
detection distance, echo distances and signalway status (if direct or indirect
signalway) being of greatest interest. Due to redundant measurements being
made in order not to lose measurement data, duplicate signalways exist. These
are removed before proceeding to the next task.

2. (a) Frames are generated by grouping signalways into firing sequences which
are then pairwise added, one after the other: 1 + 2, 2 + 3, etc. Thus, se-
quence 1 and 2 constitutes one frame, sequence 2 and 3 another. For each
signalway, the corresponding transmitting sensor ID is then extracted.

(b) Using the position and angle of the sensor and the echo distance, appro-
priate scaling and translating converts the coordinate of a detection to the
coordinate system displayed in Figure 3.3. The kind of occupancy repre-
sentation generated at this coordinate depends on configuration passed
in the streaming task (6). An occupancy representation is only generated
if the echo distance is greater than the blind distance and lesser than the
max detection distance of the sensor.

(c) Each frame is paired with a timestamp which is the average of the data
packet timestamps, Tpackets = 1

n

∑n
i=1 Tpacket,i, where n is the number of

packets, and the average T = 1
m

∑m
i Tpackets,i over all m signalways that

comprise the frame.
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3. Frames that do not contain any detections are removed, since they provide no
relevant information for the models to learn from.

4. Intertial Measurement Unit (IMU) data is parsed from IMU logs, where the
vehicle speed is of interest.

5. The vehicle speed from the previous task is used to filter out speeds below a
predefined maximum value vmax. This is done because the frame timestamps
are not exact, and do not exactly match up with the timestamps for the ground
truth frames, and this time difference introduces an error in the location of
an occupied cell, which is proportional to the speed of the vehicle. More
details regarding this maximum value and the corresponding error threshold
is described in Section C.1.4.

6. The last task is a streaming task that is placed in front of the graph since
Luigi resolves the dependencies of each task in a backwards fashion. This
task creates one dependency chain for each log file to be read with the rest in
parallel manner. Here, configuration such as what kind of data set should be
created is passed to the rest of the pipeline. The datasets created using this
pipeline are described and shown in Section 3.2.

Adding to the description of the frame generation task, there is no overlap in signal
ways between any two consecutive firing sequences, thus one can create a complete
sensor perception image (and a resulting frame) from combining firing sequences
either as 1 + 2, 3 + 4 etc., or 1 + 2, 2 + 3 etc. Here, the latter option was chosen as
this yields a time difference between frames that is 33 percent shorter than the first
option, resulting in more frames.

C.1.2 Lidar Pipeline
Each Lidar HDF5 file described in Section 3.1.2 needs to be converted into occupancy
grids. Thus, a preprocessing pipeline is created, which filters and project the three
dimensional measurements into a two dimensional grid as well as performing a mask-
ing operation. Initially are all sensor rotations merged for each timestamp, which
means that a rotation now contains measurements across the entire environment
around the ego-vehicle. A threshold zground is needed in order to decide if an entry
is a ground reflection or obstacle detection. All coordinates with z ≥ zground = 0.25
meters is marked as occupied and otherwise free space. Furthermore, the Lidar sen-
sors can capture artifacts above the vehicle, thus is a second threshold zmax = 2.5
meters introduced. Measurements with z ≥ zmax are therefore ignored. Filtering
also needs to be performed on the x and y coordinates. Coordinates that satisfy

xmin <x < xmax

|y| <ymax

is kept, where xmin = −7.4 meters, xmax = 10.6 meters and ymax = 6.4 meters. The
remaining points in the rotation are mapped to a 180 × 128 grid coordinates. In
order to reduce noise, must at least 4 measurements indicate a pixel as occupied for
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it to be marked as such. The dense algorithm grid is initially all pixels labeled as
unknown, and free space measurements flips pixels in a small radius to free space
and thus indicating what parts of the map that has been measured. Figure 3.7a
shows example outputs from the dense and sparse algorithms.

Because the short range Lidar range exceeds the USS range, a mask is put around
the ego vehicle in order to constrain the information to objects that both sensor
types can observe. A rectangular mask is also put over the vehicle origin, since
this area is not of interest to make predictions upon. Furthermore, the Lidar can
experience light reflections from the vehicle, which is also masked out by making the
polygon a bit larger than the actual vehicle grid representation. Figure 3.9 shows
how the the frames shown in Figure 3.7 looks after masking.

C.1.3 Merging USS and Lidar Frames
When merging the USS grids with corresponding Lidar grids there are three essential
steps that are performed; match the corresponding files, match the timestamps and
remove frame pairs where the Lidar frame has no detections. Firstly are the files
matched based on a common file ID and sequence ID, which are shared for USS
and Lidar grid files. Stand alone files is not further processed, since the supervised
models can not be trained on this data.

Secondly, a timestamp matching is performed on each file pair which matches the
timestamps of USS and Lidar grids. To ensure that the two frames represent the
same situation a time tolerance Tframe is introduced and set according to Section
C.1.4. If the time difference between the best matching timestamps exceed Tframe, the
frame in question is rejected. Thirdly, are frames removed where the matched Lidar
frames contain no activation. Lidar frames without activations will only contribute
to noise in training of models, since the USS frames have been filtered from dead
frames.

A final preprocessing step is to pad the height of the frames by 6 pixels with value
50 or 100 depending on the data set. The reason for using a network input of size
192 × 128 instead of the original 180 × 128 occupancy grid dimensions is because
192 = 26 · 3 is more divisible by 2 than 180 = 22 · 32 · 5. Thus, the input is easier
to down and upscale and allows deeper networks. This means that each 180 × 128
occupancy grid is prepossessed before training by padding 3 rows of free space values
at the top and bottom of the input.

C.1.4 Setting the time and speed thresholds
The time tolerance is larger for slow speeds and smaller for fast speeds. The thresh-
old parameter can be expressed as

Tframe = derror

vmax

where derror is the allowed distance which a pixel can differ between two frames
and vmax is the maximum speed. In Figure C.2 we see the relation between Tframe
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and vmax for different distance errors. Greater speeds and time threshold values
are allowed for larger accepted error and vice-versa. The accepted error derror = 0.1
meters is set, since it corresponds to max 1 pixel difference in the grid representation
which is deemed as reasonable. The max velocity is set by evaluating how much data
that is lost by setting the speed limit. In Figure 3.2 the speed distribution is shown
for the USS data that is to be merged. The distribution resembles an exponential
decay function, meaning that the vast majority of the speeds are low, while few data
points are captured at a high speed environment. It is deemed reasonable that 80 %
of the USS data should pass the filter, therefore is the 80th percentile of the speed
distribution calculated and used to set the time threshold. The parameters is set to
Tframe = 31.65 milliseconds and vmax = 11.37 kilometers per hour.

Figure C.2: The relationship between the time-pairing threshold and maximum
allowed velocity for different accepted distance errors. The red, dashed line corre-
spond to the 80th percentile of the speed distribution shown in Figure 3.2.
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With optimization problems, questions regarding optimality conditions related to
convergence and existence of optimal solutions arise. Goodfellow et al. provide two
propositions and a theorem in order to answer these questions, while providing a
caveat that these theoretical results are derived in a non-parametric setting, i.e. a
model with infinite capacity and studying convergence in the space of probability
density functions [5].

Furthermore, GAN’s represent a limited family of pg-distributions and optimization
of θg, meaning that the proofs do not apply under realistic conditions [5]. The
proofs are here omitted.

Firstly, fixing G gives the optimal discriminator D for a given G:

D∗
G(x) = pd(x)

pd(x) + pg(x)

Secondly, reformulating the minimax game as the virtual training criterion:

C(G) = max
D

V (G, D) = Ex∼pd

[
log(D∗

G(x))
]

+ Ex∼pg

[
log(1−D∗

G(x))
]

for a given G, where the global minimum is achieved if and only if pg = pd.

Thirdly, pg converges to pd if the networks representing G and D are given enough
capacity, and at each step of algorithm 1, the discriminator is allowed to reach its
optimum given G, and pg is updated so as to improve the criterion C(G).

Combining these three results provides the existence of a global optimum for the
objective function for a given G, equal to D∗

G(x) = 1/2. This optimum is achieved
if and only if pg = pd, which is possible since pg does converge to pd under the right
conditions.
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