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Abstract

This project aims to build upon a machine learning pipeline for semantic segmen-
tation of road conditions, focusing on classifying weather-a [edted surfaces such as
dry, wet, slush, snow, and ice. Accurate detection of road surface conditions is
crucial for autonomous driving systems and advanced driver-assistance systems as
it directly influences vehicle control strategies, safety measures, and overall driving
experience. Unlike most research in semantic segmentation, which relies heavily on
densely annotated datasets that require significant manual labor to generate, this
project utilises sparsely annotated data. These sparse labels, though containing
less information, substantially reduce the need for manual annotation. Addition-
ally, the provided data uses soft labels, representing a probability distribution over
class conditions, which dilerk from the commonly used hard labels representing a
single class. Data collection involves vehicles equipped with a front-facing camera
recording the road and two laser detectors that gathers information about the road
surface conditions.

Two pre-processing approaches were explored: one crops the original input image,
and the other performs an image transformation to simulate a bird’s-eye view of
the road. Multiple new machine learning models were implemented, but it was
observed that the choice of model did not significantly a [edt performance, indicating
possible limitations in the provided data. Consequently, various approaches for
augmenting data and methods to extract further information from unlabeled pixels
were explored, some of which marginally enhanced performance. The pipeline’s
performance was evaluated using conventional metrics such as accuracy and mean
intersection over union, as well as through visualisation of the resulting semantic
segmentation.

Keywords: Machine learning, Computer vision, Semantic segmentation, Road cli-
matology, Neural networks, Python
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Use of Al tools

This project has used Al as a tool to improve the writing. In particular, the thesis
used the Al tool ChatGPT [1] to generate text. However, the tool was exclusively
used for inspiration. None of the text generated by the Al was trusted blindly, and
the thesis did not simply copy-paste these texts. Instead, the content of Al-generated
text was analysed and then rewritten with sources added to support claims made.
Furthermore, the Al tool Grammarly [2] was used to refine already written text with
the hopes of improving the overall quality of the written report.

ChatGPT [1] was also used as a tool to generate code. In this case, the same prin-
ciples were applied as with any generated text. That is, it was used for inspiration
and then typically modified to suit the project’s needs. Typically the Al tool was
used for dull and trivial code snippets, such as code for creating a plot, to save time.
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Below is the list of acronyms that have been used throughout this thesis listed in
alphabetical order:

CNN Convolutional Neural Network
RGB Red Green Blue

RelLU Rectified Linear Unit

PReLU Parametric Rectified Linear Unit
PPM Pyramid Pooling Module
GFLOP Billion Floating-point Operations
PID Proportional-Integral-Derivative
Pag Pixel-attention-guided fusion
Bag Boundary-attention-guided fusion
B-Head Boundary Head

B-Loss Boundary Loss

S-Head Semantic Head

S-Loss Semantic Loss

FAM Flow-based Alignment Module
FPN Feature Pyramid Network

ASPP Atrous Spatial Pyramid Pooling
SGD Stochastic Gradient Descent
Adam Adaptive Moment Estimation
TP True Positive

TN True Negaitve

FP False Positive

FN False Negative

loU Intersection over Union

mloU mean Intersection over Union
AGMM Adaptive Gaussian Mixture Model
GMM Gaussian Mixtures Model

TEL Tree Energy Loss

MST Minimum spanning tree

bev bird’s-eye view

Al Artificial Intelligence
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2.1

2.2

2.3

2.4

List of Figures

The gure showcases example images from the MNIST dataset [3].
Image acquired from [4]. . . . . . . ...

The gure shows examples retrieved from the Cityscapes [5] (left) and
Camvid [6] (right) datasets. The upper image of each example is the
original image used as input while training, while the lower image of
each example is the ground truth used for training supervision. Do
note that the ground truth images are densely annotated, where each
pixel corresponds to one class represented by an individual colour.
Images retrieved from [5,6] . . . .. ... ... ... .. L.

Di erent types of annotations used for semantic segmentation. b)
would be classi ed as densely annotated data, while c), d), and e) are
di erent types of sparsely annotated data. Image acquired from [7]. .

a) showcases how a 3x3 kernel is applied in a standard convolution. In
b), the standard convolution is replaced by a dilated convolution with

a dilation rate of 2. Both a) and b) are applied on the same 5x5 input
image. The kernel is represented as light blue in the gure. In this
gure, a zero padding of 1 has been applied, which can be identi ed
by the surrounding border of zeros. Both convolution operations are
also applied with a stride of 2 and a step has been done to show how
the stride of an operation a ects which pixels of the input image the
kernel is applied on. Once the kernel has slid over the input in one
direction, it will start over one stride step down. The output of the
kernel is computed by a dot product of the kernel's weight and the
input values. Note that in actual neural networks there is usually a
depth to the input, which is not shown in the gure. The outputs

of said kernels are also excluded, but the output size here would be
3x3 for the standard convolution and 2x2 for the dilated convolution.
Images created by the author. . . . . .. ... ... .. ... .....
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2.5

2.6

2.7

2.8
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lllustration of a transpose convolution operation with kernel size 3x3,
stride s = 2 and paddingp = 1. Note that zeros are inserted between
each input value accordingtothevalueot=s 1=2 1=1,and

a border of zeros is added according@=k p 1=3 1 1=1.

In transpose convolutions, the step size of the kernel is always 1.

As such, the input with a spatial dimensionality of 3x3 is upsampled

to an output with a spatial dimensionality of 5x5. Image created by

the author. . . . . . . . . . 10

An overview of the pyramid pooling module. The original feature

map, the leftmost block, is subject to multiple pooling operations at

di erent scales. A 1x1 convolution is applied to the resulting pooled
feature maps, which are then upsampled through bilinear interpola-

tion to retain the spatial dimensionality of the original feature map.

All feature maps are then concatenated to create the module's output.

The image accessed from [8]. . . . . . . . ... . ... ... ...... 12

a) The model consists of seven di erent sections. The initial stage
processes the input and the nal stage creates the output. The ve
stages in between consist of bottleneck blocks that, in turn, consist
of three di erent convolutional layers with batch normalisation and
PReLU applied between each layer. b) An overview of the structure
of each bottleneck. The conv layer is bottleneck type dependent,
and the 1x1 layers correspond to projection and expansion convo-
lutional operations. Padding is added to ensure a maintained spa-
tial dimensionality within a stage, and max pooling is added for the
downsampling bottleneck type. Additionally, while downsampling,
the rst 1x1 projection layer will be replaced with a 2x2 convolution
with stride 2 in both dimensions. Images acquired from [9]. . . . . . . 14

The overall structure of the Pag module. The input feature maps from

the P and B branches are initially processed to have matching spatial
dimensionality. Then, the feature vectors of corresponding pixels from

the feature maps are processed via convolutions and subjected to a
sigmoid function introduced in equation (2.2). The nal output of the

Pag module depends on the outputs of the sigmoid function according

to equation (2.3). All depicted convolutions in the gure are 1x1. The
image is retrieved from [10]. . . . . . . . . ... ... oL 15

The overall structure of the so-called Light-Bag module implemented

in the smaller version of PIDNet. The gure shows how bad seman-

tics, coloured in red, from the P branch, are eventually singled out

by putting a larger trust in the context information provided by the |
branch. The procedure is done through a series of sigmoid activations
and convolutional operations mathematically represented in Equation
(2.5). The image is retrieved from the original authors of PIDNet [10]. 16
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2.10 The gure presents an overview of the architecture of PIDNet. Each
"block" consists of a series of convolutional operations with corre-
sponding batch normalisation and activation functions. The spatial
dimensionality of the feature maps in each block is represented as a
fraction of the spatial dimensionality of the input image above each
block. The blocks in stages 2-4 are labelled according to which branch
they are a part of. Lateral connections between the | branch and the
two other branches are represented as blue arrows. In the gure, S
and B denote semantic and boundary, while Add and Up refer to
element-wise summation and bilinear upsampling, respectively. Im-

age acquired from [10] . . . . . . . . ... ... 18

2.11 An overview of the underlying operations done in the FAM module
developed by [11]. Two adjacent feature maps, represented by pur-
ple and blue blocks for upper and lower levels, are convoluted and
upsampled to a matching spatial dimensionality and then concate-
nated. The concatenated feature map is further convoluted to create
the semantic ow eld, which is used to perform a warping oper-
ation according to equation (2.9) and (2.10). The feature map of
the warped points and the upper-level feature map are then summed

together to create the output of FAM. Image acquired from [11]. . . . 20

2.12 An overview of the SFNet architecture. The top part represented
by stages represents the encoder, or bottom-up pathway, where each
stage corresponds to the layers within the used backbone network,
which would be the residual blocks if ResNet is used as the backbone
[12]. A PPM module is applied to the output of the backbone net-
work, and the result is sent as input into the decoder, or top-down
pathway, represented as the bottom part in the gure. The decoder
upsamples the input feature maps with the help of FAM modules and
lateral connections, which provide the feature maps from the corre-
sponding stages of the encoder. Image retrieved from [11]. . .. . ..

2.13 The gure showcases the architecture of the encoder-decoder struc-
ture of Deeplabv3plus. Note that the backbone network that creates
the low-level features is omitted in this gure. The backbone net-
work extracts low-level features that are further processed through
an ASPP module to extract high-level features. 1x1 convolutions
are applied to both the low- and high-level features, where the latter
is upsampled to match the dimensionality of the low-level features.
The low-level and high-level features are then concatenated and go
through another 3x3 convolution. The output of this convolution
is further upsampled to create the output prediction image. Image
retrieved from [13]. . . . . . . . .. 22
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List of Figures
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2.14 The gure displays a common comparison of the training and vali-

dation loss curves. The y-axis represents loss, and the x-axis epochs.
The optimal point to stop training would be between the two green
dashed bars. Stopping before the rst green bar would result in an
under t model, while stopping after the second green bar would result

in an over t model. Image created by the author. . . . .. ... ... 25

2.15 Confusion matrix for binary classi cations. TP, FP, FN, and TN

stand for true positives, false positives, false negatives and true neg-
atives, respectively. Image created by the author. . . . ... ... .. 27

2.16 Confusion matrix for multi-class classi cations. The green diagonal

represents correct classi cations, that is, true positives, while the red
squares represent incorrect classi cations, that is, false negatives and
positives. In this example, there are four di erent classes. The num-
bers on the left-hand side and on top of the matrix represent the
classes. That is, the element in row and column one of the matrix
corresponds to the true positive value of class 1. The element 12 of
the matrix would represent cases where the ground truth is class 2,
but the model predicted class 1. As such, red squares in row i can
be interpreted as false positives of class i and red squares in column i
can be interpreted as false negatives of class I. Image created by the
author. . . . . . .. 28

2.17 The gure graphically shows how IoU is calculated. That is, the loU

is the area of overlap divided by the area of union. Image created by
the author. . . . .. . . . . ... .. 29

2.18 The gure displays examples of loU calculations and evaluates them

as excellent, good or poor. In the leftmost example, the area of
overlap is almost the same as the area of union, and therefore, the
loU is high. In the rightmost example, the area of overlap is relatively
small compared to the area of union, which results in a poor loU.
Image created by the author. . . . . . .. ... .. ... ........ 29

2.19 A visualisation of how pixels are assigned to their corresponding

Gaussian mixtures using AGMM. The cloudlike object represents fea-

ture space, the stars are labelled pixels, and the circles are unlabelled
pixels. Both unlabelled and labelled pixels are coloured according to
their corresponding class. What is not shown in the gure is that the
mean features of the labelled pixels are used as centroids of each Gaus-
sian mixture. The unlabelled pixels are assigned to a class represented

by a Gaussian mixture with a probability distribution depending on

the distance to the mixture's centroid. Image retrieved from [14] . . . 31
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3.1 A part of an example image in the dataset that will be used in the
project. Note that the image is cropped so that it only shows the
road with annotations. The conditions with the highest probability
in the point-wise road surface condition estimations are annotated as
coloured circles in the image. The yellow and orange colours corre-
spond to the road surface conditions of snow and grey ice. Image by
author. . . . . . . 36

3.2 The gure shows two cases where the equipped vehicle is driving up
a small hill/bridge. In both gures, some road surface condition an-
notations are located in the air. The motion estimation does not
take vertical motion into account and could potentially cause a lot
of problems as the pipeline uses these annotations to learn classi ca-
tion. That is, it may associate a dry road surface condition with the
characteristics of trees or sky. Image by author. . . . ... ... ... 37

3.3 The gure shows annotation problems while the vehicle is turning.
In the left gure, the vehicle is driving in an urban landscape, which
includes a lot of smaller turns. The motion estimation utilises the
vehicle's yaw rate. Therefore, smaller turns with a temporarily big
yaw rate will cause the motion estimation to assume a large change
of direction. As seen in the gure, situations like these can cause
the annotations to be completely o the vehicle's actual path. In the
right gure, the vehicle is performing a larger turn. The annotations
close to the vehicle are reasonable, but the annotation method still
struggles to locate the annotations further away. Image by author. . . 38

3.4 The gures show two images where vehicles are in front of the camera,
blocking the view of the road. As such, annotations are mistakenly
located on the vehicles ahead instead of on the road. Image by author. 38

3.5 The gure showcases a scenario where the recording vehicle is driving
under a tunnel. The estimations used to create laser annotations
are based on GPS data, and the tunnel severely limits the ability
to receive such data. Consequently, this results in laser annotations
incorrectly placed outside the recording vehicle's driving path. Image
by author. . . . . . . ... 39

3.6 The gure showcases three di erent settings. The leftmost image is
the original image taken by the front-facing camera in the vehicle and
contains no annotations. The rightmost image is the original image
after the transformation, resulting in a bird's eye view of the most
relevant part of the road. The middle image is an augmented version
of the transformed image containing the annotations. In this case,
the road is correctly annotated as dry. Image by author. . . ... .. 41
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4.1 The gure shows an example of results from SFNet trained with bev
input data from the rst dataset. From left to right, there are six
di erent image sets, each consisting of three images. From top to
bottom, these images correspond to input data, model prediction and
model prediction with sparse labels added. The colours correspond
to di erent class conditions where dry, wet, slush, snow and grey ice
are coloured green, blue, orange, yellow and red, respectively. The
sparse labels can be seen in the images in the bottom row, where
each label is represented as a rectangle coloured according to its cor-
responding class. Note that these labels are originally soft but have
been converted into hard ones by taking the condition with the high-
est probability. The rectangle form of the labels is only adapted to
increase visibility. The actual labels are, in this case, con ned to
single pixels. . . . . . .. 54

4.2 The resulting confusion matrices of the ENet model trained on non-
bev data from the rst dataset with a) no class weights and b) im-
plemented class weights. The dierence in slush accuracy is quite
signi cant. Without class weights, the accuracy is 45%, and with
class weights, it is 62%. The only condition that is harmed with the
application of class weights is the snow condition, while the other
conditions are improved. . . . ... ... Lo 55

4.3 The gure shows input images (top row), model prediction (middle
row) and model prediction with labels (bottom row). These images
come from a run where the ENet model is trained on non-bev images
with all augmentations applied. The gure shows that the model
predicts a single condition over the entire image. As the goal is to
create a semantic segmentation of the input image, this is undesired. 55

4.4 The gure shows the results from a training run where the SFNet
model was trained on non-bev images from the second dataset using
all augmentations. It is clear that the undesired behaviour where the
model predicts a single condition over the entire image is still present,
even though the second dataset introduced larger discrepancies be-
tween the training and validationdata. . . . .. ... ... ... ... 56

4.5 The performance graphs between training runs with the SFNet model
while applying di erent augmentations. The performance between
the two is similar, and one can conclude that the two augmentations
do not a ect the performance by much. However, it is probable that
the augmentations improve the model's ability to generalise since they
help create a more diverse trainingset. . . . .. ... ... ...... 57
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4.6 The gure shows the mloU graph of SFNet using the Adam optimiser
with a learning rate of 0.001 and the SGD optimiser with a learning
rate of 0.01 on non-bev data from the rst dataset. Itis clear that the
SGD outperforms the Adam optimiser in terms of mloU, even though
it is unlikely that the optimal learning for SGD has been found. The
Adam optimiser was also tested with other learning rates, such as
0.01, but the results were even worse compared to the learning rate
of 0.001 showninthe gure. . . .. .. ... .. ... .........

4.7 The gures present the resulting mloU graphs for di erent-sized PID-
Net models on data from the rst datasetl. a) corresponds to bev
data with the Gauss labelling scheme and b) to non-bev data with the
large soft labelling scheme. As illustrated, there is barely any di er-
ence between the performance of the di erent-sized PIDNet models,
which indicates that a more complex model is not necessarily bene -
cial for the provideddata. . . . .. ... .. ... ...........

4.8 The gure shows the results from testing runs with dierent ap-
proaches to convert the soft labels to hard ones. It is clear that
the direct conversion, with no regard for ambiguity in the soft labels,
is the superior one. The results were generated through training with
SFNet and using bev data from the rst dataset. . .. ... .. ...

4.9 The gure presents input, predictions and labels for the SFNet model
trained with TEL on non-bev data in the rst dataset. As the gure
shows, the TEL method incentivises a behaviour where the model
classi es the whole image as a single condition. Additionally, for these
particular example images, all labels, excluding those in image 5, are
correctly classi ed, which would result in a high value in mloU. The
5th image also provides quite an interesting scenario, where the laser
annotations indicate an icy road, but the road seems to be entirely
made outof sNnOW. . . . . . . . . . ...

4.10 The nal result for the three di erent labelling schemes used for bev
data trained with the SFNet machine learning model. It is noticeable
that soft point labels are not e ective, while hard point labels and
Gauss labels are quite similar in performance. . . . ... ... .. ..

4.11 Confusion matrices for SFNet bev images in the rst dataset. From
left to right, the matrices belong to soft point, Gauss, and hard point
labels. . . . . . ..

4.12 The gure contains three gures, each representing the results from
six validation images while training with SFNet with di erent la-
belling schemes. From top to bottom, the labelling scheme while
training is: a) soft point labels, b) Gauss labels and c) hard point
labels. . . . . . .

4.13 mloU graph for bev data on the rst dataset trained with ENet model.
Similarly to SFNet, the hard point labels slightly outperform the
Gauss labels. However, the performance is signi cantly lower than
the performance of SFNet in the terms of mloU. . . . . . ... .. ..
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4.14 The resulting confusion matrices for bev data trained on the rst
dataset with Gauss labels a) and hard point labels b). The most
notable di erence between the two labelling techniques is that the
Gauss labels are slightly better at classifying slush conditions, while
the hard point labels are better at wet and snow conditions. The
overall behaviour is otherwise quite similar.. . . . . . . ... ... .. 64

4.15 Two di erent gures, each representing the results from six validation
images while training with ENet on bev data from the rst dataset
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1

Introduction

The road surface condition is an important variable to consider while driving. Dif-
ferent road surfaces, such as snowy or icy roads, increase the risk of accidents and
thus compromise the safety of the driver, potential passengers, and pedestrians.
According to the US Department of Transportation, weather-related road surface
conditions accounted for an annual average of 1.2 million crashes, 420000 injuries,
and 5400 fatalities in the US between 2007-2016 [15]. By being aware of the condi-
tion of the road, the driver can adjust their speed and driving behaviour accordingly

to minimise danger.

Currently, autonomous vehicles are on the rise, and as vehicles become more and
more autonomous, the importance of driver awareness has decreased. Features such
as adaptive cruising control, lane-keeping assistance, and automated emergency
braking have reduced the strain on the driver's concentration on the road. Con-
sequently, the driver may overlook hazards like adverse road surface conditions. In
such a case, the vehicle needs to obtain information about the driving hazards and
be able to act accordingly, with or without human intervention. It is, therefore,
bene cial and in the interest of road safety to develop a system that provides infor-
mation about the road surface condition. This information could, for example, be
utilised to alert the driver of a semi-autonomous car that there may be a need for
human intervention due to the road condition. Additionally, information like that

will be crucial in fully autonomous vehicles as they will need to recognise driving
hazards such as adverse road surface conditions and adapt their driving behaviour
by, for instance, reducing speed and increasing following distance.

Semantic segmentation refers to pixel-wise classi cation of an input image and is
currently one of the more popular computer vision tasks [16]. Most research on
the subject utilises deep learning methods trained on large datasets with accurate
pixel-wise annotations, also known as dense annotations. However, such data is
cumbersome to obtain as it requires a signi cant amount of tedious manual labour
and thus limits the amount of data to be found.

To address this challenge, researchers have developed sparsely annotated semantic
segmentation methods. Instead of dense annotations, which provide pixel-level la-
belling for every image pixel, sparse annotations utilise sparsely labelled points or
scribbles. Although such data is substantially cheaper and easier to obtain than
dense annotations, it still contains the least necessary information for semantic seg-
mentation tasks [14].
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The advantage of sparsely annotated semantic segmentation lies in its potential
to balance information and costs e ectively. By utilising sparse annotations, re-
searchers can reduce the manual labour required for annotation while still achieving
satisfactory segmentation results. This trade-o makes sparsely annotated semantic
segmentation a promising research direction in computer vision.

This project is conducted in collaboration with Klimator, a world-leading company

in the eld of road climatology. Klimator combines machine learning, rule-based
algorithms, and vast amounts of data to provide the most accurate road weather
intelligence available, wherever and whenever. The company is interested in develop-
ing a machine learning pipeline, which includes data pre-processing, augmentations,
a machine learning model, training, and evaluation, capable of creating semantic seg-
mentation of road surface conditions using a sparsely annotated dataset. Although
Klimator has already developed such a pipeline, they are not entirely satis ed with
its performance and believe it can be optimised further.

1.1 Aim

This project aims to design, optimise, and apply a machine learning pipeline capable
of predicting the condition of the road surface in front of a moving vehicle. In
particular, the pipeline will utilise a sparsely annotated dataset to perform semantic
image segmentation, classifying various road surface conditions. Additionally, the
project aims to propose a suitable evaluation method that can assess the predictive
ability of the pipeline.

1.2 Objectives

The project's initial objective is dedicated to thorough preparation, subdivided into
three key aspects. Firstly, an extensive literature review will be conducted to explore
existing methods employed for similar tasks. Secondly, a thorough investigation of
the provided dataset is needed to understand its characteristics. Lastly, the com-
pany's existing pipeline will be reviewed to identify aws and areas for optimisation.
This objective aims to gather a substantial amount of helpful information that can
later be utilised in the design and optimisation of the nal pipeline.

The second and most important objective is the development of a machine learning
pipeline capable of predicting the road surface condition in front of a moving vehicle.
This will involve a quantitative study of how applying di erent data pre-processing
methods, label enhancement techniques, and implementing various machine learning
models a ect the pipeline's performance. Furthermore, the e ect of di erent data
augmentation approaches and hyperparameters for optimisers will be studied, albeit
to a lesser extent than that of machine learning models and label enhancement
techniques.

The nal objective aims to nd an evaluation method that accurately assesses the
developed pipeline's performance. This includes a comparative study employing
the proposed evaluation method to analyse the e ectiveness of various data manip-
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ulation techniques and machine learning models. Additionally, an in-depth study
of potential limitations and aws will be carried out to ensure a comprehensive
understanding of the pipeline's strengths and areas for improvement.

1.3 Limitations

The data in this thesis comes with annotations from road surface condition estimates
made using laser detectors and motion estimation. Some faulty classi cations in
the annotations may arise due to several estimates being made in the process of
generating said annotations. However, there will not be any thorough attempt to
correct the faulty classi cations, and all annotations will be assumed to have a
correct classi cation. The thesis may, however, study how such faulty classi cations

a ect the pipeline's predictive ability and identify the conditions under which the
estimates of road surface conditions are likely to be incorrect.

This project will limit itself to the data provided by the company. There will not
be any gathering of new data in any form, not from the internet or any own record-
ings. This will likely constrain the robustness of the nished pipeline, as the data
may not be su ciently generalised, potentially negatively a ecting the performance
when introduced to other data. However, the given data will be subjected to data
augmentation, which will arti cially increase the amount of available data and help
mitigate some of the disadvantages introduced by this limitation.

The project will be limited to the classes introduced in the method section: dry, wet,
slush, snow, and grey ice. In other words, the pipeline will only be able to predict
how the weather has a ected the road surface condition. It will not be capable of
learning or predicting other road surface conditions, such as uneven, damaged, or
pothole-ridden roads.

A signi cant project limitation is the computing power and the computing time.
The project will test the e ects of many di erent hyperparameters, such as data
augmentation, label enhancement techniques, models, and learning rates. Testing
these hyperparameters will require numerous training runs, which is time-consuming
given the limited computing resources.

As such, there will only be a narrow study on the e ects of the learning rate and
data augmentation parameters, focusing on identifying functional values rather than
performing extensive testing to nd optimal values. Additionally, certain hyperpa-
rameters, such as data augmentation, will be assumed to be independent of the other
parameters. Consequently, there will be limited cross-parameter testing where, for
instance, each new model would entail another study to nd the best data augmen-
tations for that speci ¢ model.

Furthermore, the training of machine learning models such as these is inherently
stochastic, leading to variability in results between training sessions. Ideally, multi-
ple training sessions should be conducted, and the results of those should be averaged
for a more conclusive estimate of performance. However, performing multiple tests
for each parameter is not feasible due to constraints in computing power, time, and
the extensive number of hyperparameters involved. Instead, the results presented
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in the report will be based on one or a few training sessions, and these results will
be assumed to represent the overall behaviour of the tested parameters.



2

Theory

This chapter brie y introduces machine learning, focusing on semantic segmentation.
It also introduces the machine learning models and methods that will be used in the
project.

2.1 Semantic segmentation

This project's central focus revolves around machine learning, more speci cally, the
subset of machine learning, computer vision. Computer vision encompasses various
subtasks, including object detection, image classi cation, and semantic segmenta-
tion. While object detection and image classi cation are pretty self-explanatory,
semantic segmentation is a bit less intuitive and serves as the project's primary
task.

Semantic segmentation involves pixel-wise classi cation, meaning that each pixel in
an image is classi ed [14]. In contrast, image classi cation consists of classifying the
entire image as a single entity. For example, consider the famous MNIST dataset
[3], which contains images representing handwritten digits between 0-9; see Figure
2.1 for reference. In image classi cation, the output would be the predicted digit.
However, in semantic segmentation, each pixel in the image would be classi ed into
a speci c class or object.

To illustrate, in the context of MNIST, semantic segmentation would involve classi-
fying which pixels belong to the digit and which belong to the background. However,
this would be a trivial task since the MNIST dataset is essentially already a semantic
image segmentation, where the digit pixels are white, and the background pixels are
black or vice-versa.

Figure 2.1: The gure showcases example images from the MNIST dataset [3].
Image acquired from [4].
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2.2 Datasets

A dataset is the main component of machine learning and the material from which
the machine learns. In computer vision, datasets often consist of images with cor-
responding labels, typically referred to as the ground truth. One can draw parallels
between schoolwork, where the images represent the tasks given to the machine, and
the labels are the correct answers to those tasks.

Within semantic segmentation, there are several types of datasets. The most com-
mon type is the densely annotated dataset, such as the Cityscapes [5] and the
CamVid [6] dataset. In such datasets, every pixel in the ground truth is accurately
classi ed; see Figure 2.2. These datasets provide a lot of information for supervision,
enabling machine learning models trained on them to achieve remarkable perfor-
mance. However, collecting dense annotations requires signi cant manual labour,
which limits the development of semantic segmentation. To address this problem,
recent research has been done towards sparsely annotated datasets [14], [7]. These
datasets use annotations such as block, scribble, or point annotations, which are
cheaper to obtain while still containing the least necessary information for semantic
segmentation; see Figure 2.3 for reference. The main challenge with sparsely anno-
tated semantic segmentation is supervision, as the available information for training
is relatively small compared to the densely annotated datasets.

There are also dierent types of annotations. Most research within the subject
utilises datasets with hard labels, each corresponding to a single class. However,
there are also soft labels, which represent a probabilistic distribution of possible
classes. The output of a machine learning model typically comes out as soft labels
but is later converted into hard ones by taking the class with the highest probability.

Figure 2.2: The gure shows examples retrieved from the Cityscapes [5] (left)
and Camvid [6] (right) datasets. The upper image of each example is the original
image used as input while training, while the lower image of each example is the
ground truth used for training supervision. Do note that the ground truth images

are densely annotated, where each pixel corresponds to one class represented by an
individual colour. Images retrieved from [5, 6]
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Figure 2.3: Dierent types of annotations used for semantic segmentation. b)
would be classied as densely annotated data, while c), d), and e) are di erent
types of sparsely annotated data. Image acquired from [7].

2.2.1 Data Augmentation

Data augmentation is a precious and commonly used tool while training a machine
learning model. This tool arti cially extends the dataset, e ectively generating
more data from thin air. More data is often desirable as it can signi cantly increase
the performance of a machine learning model depending on its complexity. Data
augmentation also helps prevent the model from memorising speci ¢ characteristics
present only in the training data but not necessarily in new data. Consequently, it
lowers the risk of over tting to noise in the training data and enables the model to
generalise new data better.

There are numerous ways to augment a dataset. Standard methods are ip, rotate,
scaling, translation, colour, noise injection, and blur [17]. The choice of augmenta-
tion methods largely depends on the dataset, as the augmentations should re ect
real-world factors. For instance, ipping and rotating images mimic variations in
viewing angles, while adjusting brightness simulates changes in lighting. By incor-
porating these realistic variations into the training data, the model becomes more
robust and better prepared to handle diverse real-world scenarios.

2.3 Machine learning model architecture

The architecture of machine learning models is a critical component that determines
their ability to learn and, consequently, their performance and e ciency. This sec-
tion briey overviews key elements regarding machine learning models and their
architecture.

2.3.1 Operations

Every machine learning model is built by combining various operations that trans-
form input data into output data through a series of computations. The type of
operation dictates what features and patterns it captures in the data. Although this
section only introduces a subset of possible operations, it should su ciently cover
the machine learning models used in this project.
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2.3.1.1 Convolutional operation

Convolutional operations are the fundamental components of convolutional neural
networks (CNN), which are the primary focus of this report. Convolutional opera-

tions are applied on the input and allow the network to detect local patterns, such
as edges, textures, and shapes [18].

The input of a convolutional operation will have the form (height)x(width)x(channels)
[19]. For example, with the input of an RGB image, the height and width would
correspond to the image resolution, while the channels would represent the colour
channels, which for an RGB image is 3. The convolution operation is then per-
formed using a kernel, with the kernel's size determining the convolution's receptive
eld [18]. A typical kernel size is 3x3xC, where C represents the number of feature
channels or kernels. Each kernel element has a corresponding weight. These weights
are among the learnable parameters in the model.

The kernel is applied to the input image area equal to its size during the convolution
operation, as illustrated in Figure 2.4a. The operation involves computing the dot
product between the pixels and the kernel's weights, resulting in an array with the
length of the number of feature channels. These arrays essentially represent the
summarisation of what the kernel observed within its receptive eld and are known
as features. The kernel shifts by a stride value and repeats the process until it has
traversed the entire input. Another element in convolutional operations is padding.
Padding is often applied to the input [18] to maintain spatial dimensionality between
operations. The most common padding technique is zero padding, which adds a
border of zeros to the input matrix. As such, an input with the spatial dimensions
3x3x1 and a padding value of 1 would become a 5x5x1 matrix where each border
element is set to O.

The nal output of the convolution operations is known as a feature map, and its
spatial dimensions are determined according to the following equation:

Hin KH+2p+1'

Hout = p ,
W, Kw +2
Wout = - SW P +1;

where p is the padding values is stride value, Ky and K, are kernel height and
width.

A convolutional neural network is built up by a multitude of di erent layers, which

in turn consists of a combination of various operations, including, but not limited to,
convolutional operations. There is a hierarchical function of convolutions depending
on which layer they are applied in. The primary function of the convolutional oper-
ations in earlier layers is to acknowledge what is referred to as low features. These
features are anything between edges, orientations, or blotches of colour. Convolu-
tional operations in layers placed deeper within the network architecture are instead
responsible for detecting more complex features, such as objects or faces [20].

Apart from the standard convolution operation introduced above, there are a few
more specialised ones, each utilised for specic purposes. Dilated, or atrous, con-
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volutions introduce another parameter called a dilation rate. The dilation rate
determines the spacing between the values in a kernel. A dilation rate of one would
indicate a standard convolutional operation. In contrast, a dilation rate greater than
one would refer to a convolutional operation where the kernel parameters are spaced
by a gap of dilation rate minus one, as illustrated in Figure 2.4b. E ectively, this
increases the receptive eld of view of the kernel without increasing the amount of
parameters and computation. As such, it is a popular operation for real-time appli-
cations where one requires a wide eld of view but cannot a ord the computation a
larger kernel would entail [21].

(b) Representation of a 3x3 kernel in
(a) Representation of a step in a 3x3 a dilated convolution with the dilation
kernel in a convolution. rate of 2.

Figure 2.4: a) showcases how a 3x3 kernel is applied in a standard convolution.
In b), the standard convolution is replaced by a dilated convolution with a dilation
rate of 2. Both a) and b) are applied on the same 5x5 input image. The kernel
is represented as light blue in the gure. In this gure, a zero padding of 1 has
been applied, which can be identi ed by the surrounding border of zeros. Both
convolution operations are also applied with a stride of 2 and a step has been done
to show how the stride of an operation a ects which pixels of the input image the
kernel is applied on. Once the kernel has slid over the input in one direction, it
will start over one stride step down. The output of the kernel is computed by a
dot product of the kernel's weight and the input values. Note that in actual neural
networks there is usually a depth to the input, which is not shown in the gure. The
outputs of said kernels are also excluded, but the output size here would be 3x3 for
the standard convolution and 2x2 for the dilated convolution. Images created by
the author.

A transposed convolutional operation, also known as deconvolution or fractionally
stridden convolution, is another type of convolution. In contrast to the standard
convolutional operation that, assuming padding is not applied, performs downsam-
pling, i.e reduces the spatial dimensionality of the input, the transposed convolution
is utilised for upsampling, generating an output of greater spatial dimensionality
than the input.

To achieve this upsampling, a transposed convolution inserts zeros into the input,
e ectively expanding its spatial dimensionality. This requires two new parameters
z and p°, where z stands for zero padding andg® for e ective padding. These are
calculated from the kernel size&k, padding p and stride s accordingto: z=s 1,
p°= k p 1. The z value determines the amount of zeros inserted between the

9
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rows and columns of the input, whilep® represents the padding used during standard
convolutions. The kernel is then applied to the adjusted input with a stride value
equivalent to 1 for standard convolutions. This results in an output with greater
spatial dimensionality than the input, where the output dimensionality is dependent
on the values ofz and p°[22, 21]. See Figure 2.5 for a visual representation.

Figure 2.5: lllustration of a transpose convolution operation with kernel size 3x3,
stride s = 2 and paddingp = 1. Note that zeros are inserted between each input
value according tothevalueoz=s 1=2 1=1, and a border of zeros is added
accordingtop’=k p 1=3 1 1=1. Intranspose convolutions, the step size
s?of the kernel is always 1. As such, the input with a spatial dimensionality of 3x3
is upsampled to an output with a spatial dimensionality of 5x5. Image created by
the author.

2.3.1.2 Batch normalisation

A batch normalisation [23] is a widely used operation in convolutional neural net-
works that normalises the input of each neuron to have zero mean and unit variance
[20, 18]. This serves as a stabilising factor during the learning process and pre-
vents the problem of internal covariate shift, which refers to the phenomenon where
the distribution of each layer's input changes during training as the parameters
of the previous layers change [23]. Batch normalisation typically occurs between
convolutional operations and activation functions, which will be discussed in the
next subsection. Batch normalisation contributes to several bene cial factors when
training CNNs, such as accelerated training process, better regularisation, improved
generalisation, and less sensitive hyperparameters [20, 18, 23].

2.3.1.3 Activation functions

Activation function's main purpose is to help the network learn and approximate
continuous and complex relationships between variables of the network [24, 20, 18].
Activation functions are such an integral part of CNNs that they are sometimes
omitted from network architectures as it is assumed that an activation follows a
convolutional operation after normalising it. Commonly used activation functions
are recti ed linear unit (ReLU), parametric recti ed linear unit (PReLU) [25], sig-
moid and hyperbolic tangent [24, 18, 9]. The activation function is what transforms
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the input into a meaningful representation of the data and, as such, is a fundamental
component in neural networks [20].

2.3.1.4 Dropout

Dropout is introduced as a form of regularisation with the intent to mitigate over t-
ting the model on the provided training data. Drodout forces some neurons in the
input to randomly disconnect, as in setting them to zero, with a certain probabil-
ity. This ensures that the model learns multiple independent representations of the
input and does not become too reliant on speci ¢ neurons, which encourages the
network to learn more robust and generalised features. Dropout is typically applied
after the fully connected layers on a CNN [20, 18, 24].

2.3.1.5 Pooling operation

The primary function of pooling operations is to reduce spatial dimensionality, which
reduces the parameter number of the input and, as such, the computation needed in
the network. Similarly to the convolutional operation, the pooling operation uses a
kernel to process the input. However, unlike the kernel in convolutions, the pooling
kernel does not have any weights attached to it. Instead, the kernel represents an
aggregation function that is applied to the values found within its receptive eld.

Pooling comes in two di erent types, each corresponding to a unique aggregation
function: max pooling and average pooling. The max pooling function simply uses
the maximum pixel value as output, while the average pooling outputs the average
pixel value of the input. In addition to dimensionality reduction, the max pooling
function serves as a noise suppressant as it discards noisy activations. Max pooling
is typically employed in the middle layers of a CNN, whereas average pooling is
usually used in the nal layers of the network. Note that while the pooling operation
inicts a lot of lost information, it contributes to reduced model complexity and
improved e ciency and limits the risk of over tting, making it an essential factor

in convolutional neural networks [18, 20, 19, 24].

Another notable pooling method within semantic segmentation is the pyramid pool-
ing module (PPM). This module aims to incorporate features from multiple scales,
providing a richer representation of the input image. The PPM takes feature maps
as input and performs multiple pooling operations in parallel with di erent kernel
sizes to capture information at various scales. The outputs of each pooling operation
are subjected to a 1x1 convolution and then upsampled via bilinear interpolation,
such that each pooled feature map has the same spatial dimensionality as the orig-
inal feature map. Subsequently, all feature maps, including the original one, are
concatenated to form the output of the module as depicted in Figure 2.6. This
pooling technique enhances the network's ability to capture contextual information
across di erent scales, thereby improving semantic segmentation performance [8].

2.3.1.6 Fully connected layer

As the name suggests, the fully connected layer is a type of layer where each neuron
from the previous layer is connected to each neuron of the current layer, making it
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Figure 2.6: An overview of the pyramid pooling module. The original feature
map, the leftmost block, is subject to multiple pooling operations at di erent scales.
A 1x1 convolution is applied to the resulting pooled feature maps, which are then
upsampled through bilinear interpolation to retain the spatial dimensionality of the
original feature map. All feature maps are then concatenated to create the module's
output. The image accessed from [8].

fully connected. These layers are typically found towards the end of a convolutional
neural network and are responsible for generating the nal output predictions.

The output of a fully connected layer is computed by applying a weight matrix and a
bias vector to the input, followed by an activation function, such as average pooling
used in the ResNet neural network [12]. A softmax function is commonly applied to
the output of this layer, and consequently to the output of the entire neural network,

to receive a probability distribution across classes [19, 18, 20, 24].

2.3.2 Encoders, decoders, backbones and segmentation heads

Some neural networks adopt an encoder-decoder structure. These networks are
utilised for their ability to learn sequence-to-sequence. Their architecture consists
of two parts: the encoder and the decoder.

The primary function of the encoder is to capture features in the input data by
downsampling it and encoding these features into feature maps. This process typ-
ically involves the application of several consecutive convolutional operations with
corresponding batch normalisation and activation functions. The term encoder
refers to its role in encoding observed features into numerical representations within
the feature maps.

In contrast, the decoder upsamples the feature maps generated by the encoder
to match the spatial dimensionality of the original input data [26]. This is often
achieved by applying transpose convolution operations, as seen in models like ENet
[9], or bi-linear interpolations, as seen in models like PIDNet [10]. Essentially, the
decoder uses the feature maps to reconstruct the original image and, in the context
of semantic segmentation, classi es each pixel according to its features.

12
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The encoder and decoder terms are closely related to the terms "backbone" and
"segmentation heads", where a backbone network is often used as the encoder in
encoder-decoder architectures. The backbone's primary task is to extract features,
much like an encoder's primary task. Conversely, the segmentation head is designed
explicitly for semantic segmentation tasks and takes the extracted features from the
backbone network and processes them to produce pixel-wise predictions.

2.4 Machine learning models

24.1 ENet

The already existing pipeline provided by the company utilises the machine learning
model ENet [9] due to its simplicity and, perhaps more importantly, the small num-
ber of parameters and its intuitive design. This model will serve as a baseline for
the project. As such, the performance of any other models and methods employed
will be compared to the performance of ENet with the hopes of achieving better
results.

As previously stated, the ENet model's most signi cant advantage is its relatively
small size. The model contains merely 0.37M parameters and requires only 3.83
GFLOPs (billion oating point operations). These are signi cantly lower numbers
than those of other machine learning models, such as SFNet-R18 and PIDNet-S,
which will also be used in the project. These models require 247 and 47.6 GFLOPs
and 12.87M and 7.6M parameters, respectively.

The architecture of ENet can be seen in Figure 2.7a. The initial block applies max
pooling and a 3x3 convolution with a stride of 3 on the input, which is then con-
catenated to create the output. The subsequent blocks, or bottlenecks as they are
referred to, each consist of three di erent convolutional operations depending on
the type of bottleneck and come in 5 di erent stages. The rst convolutional op-
eration is a 1x1 projection that reduces the dimensionality, the second is the main
convolutional operation that depends on the bottleneck type, and the third is a 1x1
expansion. The structure of the bottlenecks can be seen in Figure 2.7b. Batch nor-
malisation and PRelLU [25] are applied between each convolution. Spatial dropout
Is used as a regulariser, where the parameters depend on which stage the bottle-
neck is in. For the downsampling bottleneck type, the rst projection convolution

is replaced by a 2x2 convolution with a stride of 2 in both dimensions.

A max pooling operation is added to the main branch, as seen in Figure 2.7b. The
main convolutional layer is either a regular, dilated or transposed convolution with
3x3 kernels. These are sometimes replaced with asymmetric convolutions where the
kernel size is 5x1 and 1x5, resulting in a 5x5 convolution. Padding is added to
maintain the spatial dimensionality within each stage. Lastly, a full convolution,
which is the equivalent of a fully connected transpose convolution, is applied to
receive the nal output.

13



2. Theory

(@) The overall architecture of the (b) Insight into the structure of a bot-
ENet machine learning model. tleneck.

Figure 2.7: a) The model consists of seven di erent sections. The initial stage pro-
cesses the input and the nal stage creates the output. The ve stages in between
consist of bottleneck blocks that, in turn, consist of three di erent convolutional
layers with batch normalisation and PReLU applied between each layer. b) An
overview of the structure of each bottleneck. The conv layer is bottleneck type
dependent, and the 1x1 layers correspond to projection and expansion convolutional
operations. Padding is added to ensure a maintained spatial dimensionality within
a stage, and max pooling is added for the downsampling bottleneck type. Addition-
ally, while downsampling, the rst 1x1 projection layer will be replaced with a 2x2
convolution with stride 2 in both dimensions. Images acquired from [9].

2.4.2 PIDNet

Another machine learning model implemented in the project is the PIDNet [10]. The
name is inspired by PID controllers, which are Proportional-Integral-Derivative con-
trollers used in modern dynamic systems. The model is mainly designed for real-time
semantic segmentation tasks and achieves state-of-the-art results on the CamVid [6]
and Cityscapes [5] datasets, which are commonly used in semantic segmentation.

The PIDNet network consists of three branches: P, |, and D, each with di erent
responsibilities. The P branch focuses on parsing and preserving detailed informa-
tion in high-resolution feature maps. The | branch parses long-range dependencies
by aggregating context information locally and globally. The D branch predicts
boundary regions by extracting high-frequency features. The depths of the P, I, and
D branches are set to moderate, deep, and shallow, respectively, contributing to an
e cient implementation. There are three di erent models in the PIDNet family:
small, medium, and large, which are generated by adjusting the depth and width of
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Figure 2.8. The overall structure of the Pag module. The input feature maps from
the P and B branches are initially processed to have matching spatial dimensionality.
Then, the feature vectors of corresponding pixels from the feature maps are processed
via convolutions and subjected to a sigmoid function introduced in equation (2.2).
The nal output of the Pag module depends on the outputs of the sigmoid function
according to equation (2.3). All depicted convolutions in the gure are 1x1. The
image is retrieved from [10].

the model.

PIDNet also introduces two additional modules called Pixel-attention-guided fusion
(Pag) and Boundary-attention-guided fusion (Bag). The overall structure of the

Pag module can be seen in gure 2.8. It is used to fuse information from the P and
| branches by convolutions and sigmoid activators. The sigmoid function and the
output of the Pag module can be represented mathematically as:

Sigmoid(x) = 1+1e v (2.1)
= Sigmoid(fp(v) fiv); (2.2)
Outpag = ¥ +(1 ) ¥, (2.3)

wheref indicates feature maps from the | and P branches denoted by the subscript
I; p respectively. ¥ represents the feature vectors for corresponding pixels between
feature maps of the | and P branches. This module e ectively leverages which of the
branches provides the most reliable information. A high value of indicates that
the model trusts the information given by the | branch, while a low value suggests
that the model puts more trust in the information provided by the P branch.

The Bag module is placed towards the end of the network, and its primary function is
to fuse the high-frequency and low-frequency areas from the D branch with detailed
features from the P branch and context features from the | branch, respectively.
Similar to the Pag module, this is achieved through a series of convolutions and
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Figure 2.9: The overall structure of the so-called Light-Bag module implemented
in the smaller version of PIDNet. The gure shows how bad semantics, coloured in
red, from the P branch, are eventually singled out by putting a larger trust in the
context information provided by the | branch. The procedure is done through a series
of sigmoid activations and convolutional operations mathematically represented in
Equation (2.5). The image is retrieved from the original authors of PIDNet [10].

sigmoid activations. The structure of the Bag module varies depending on the size
of the Network. The small and medium-sized networks use what is referred to as the
light Bag module, whose structure is depicted in Figure 2.9. The module's function
can be expressed mathematically as:

= Sigmoid(w); (2.4)
Outjight,ag = fp((1 ) ™+ W)+ fi( %+ ¥); (2.5)

wheref refers to the composition of convolutions, batch normalisation, and RelLU
activation functions. The value of indicates the amount of trust the model places
in the detailed features compared to the context information. If > 0:5, the model
will the detailed features more. This fusion mechanism allows the Bag module to ef-
fectively combine the strengths of both detailed and contextual information, leading
to a better overall segmentation performance by enhancing feature representation
and improving boundary accuracy.

The overall architecture of PIDNet is shown in Figure 2.10. Compared to the pre-
viously introduced Enet architecture [9] and the other architectures that will be
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introduced, PIDNet is more complex due to the separation and cooperation of three
distinct branches. Additionally, PIDNet employs S/B-Heads (Semantic-/Boundary-
Heads) to create outputs used for loss calculations. The structure of these can also
be found in the top right corner of Figure 2.10.

The network can be divided into six di erent stages apart from the three di erent
branches. The rst two stages are the initial stages, where feature maps are created
from the input image. In stages 2-4, the network branches out. In each stage, the
input is processed by a series of convolutional operations and corresponding batch
normalisation and function activations, which together generate feature maps. The

| branch's feature map is provided to both the P and D branches via lateral con-
nections. In the P branch, a Pag module processes the feature maps from both the
| and P branches. The corresponding feature maps are merged in the D branch
through element-wise summation. The output of the stage 2 P branch is also pro-
cessed through an S-Head, which calculates the semantic loss (S-Lbgs)Stage 3

Is implemented similarly to stage 2, except that instead of the S-head processing
the output of the P branch, there is a B-head that processes the output of the D
branch, which is used to calculate the boundary loss (B-Losk). Stage 4 similarly
continues feature extraction to the previous stages, without any added S/B-head.
In stage 5, the nal output of each branch is processed. While the output of the P
and D branches are sent directly to the Bag module, the output of the | branch rst
undergoes a PPM. The output of the Bag module is processed by an S-Head, which
results in the nal semantic segmentation.

The PIDNet model divides their loss function into four parts:lo, 11, I, and I3. g
and |, represent the commonly used cross-entropy loss but appear at two di erent
stages.lq is the semantic loss from the output of the rst Pag head, whilé, is the
semantic loss of the nal output of the model. Thd; and|; losses originate from the
boundaries, wherd; represents a weighted binary cross-entropy loss for boundary
detection andlz is a boundary-awareness cross-entropy loss. The total ldsss then
calculated by:

L= olo+ 1li+ 22+ sls; (2.6)

where the parameters are empirically set by the authorsag =0:4, =20, ,=1,

3 = 1 [10]. Figure 2.10 give more insight into how It is important to note that
the PIDNet models are designed for densely annotated datasets, such as CamVid
[6] and Cityscapes [5], which di er from the provided sparsely annotated dataset
used in this report. Therefore, boundary regions are completely irrelevant in this
project because there are none, making the D branch of the network less impactful.
As a result, thel; and I3 losses orginating from boundary regions will not be used
in this project. Instead, the total loss will be fully dependent only and I,, where
the initial proportions suggested by the developers of PIDNet will be used, namely
L =0:4 ly+ I,. These proportions may be adjusted if a di erent ratio achieves
better results.
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Figure 2.10: The gure presents an overview of the architecture of PIDNet. Each
"block" consists of a series of convolutional operations with corresponding batch
normalisation and activation functions. The spatial dimensionality of the feature
maps in each block is represented as a fraction of the spatial dimensionality of the
input image above each block. The blocks in stages 2-4 are labelled according to
which branch they are a part of. Lateral connections between the | branch and the
two other branches are represented as blue arrows. In the gure, S and B denote
semantic and boundary, while Add and Up refer to element-wise summation and
bilinear upsampling, respectively. Image acquired from [10]

2.4.3 ResNet

In this thesis, the ResNet [12] model was extensively used as a backbone network for
several di erent segmentation models. ResNet utilises residual connections, which
mitigate the vanishing gradient problem, enabling the training of very deep networks.
However, due to computing e ciency, this project will focus most on one of the
shallower versions of ResNet, namely ResNet-18, where 18 represents the number of
residual blocks in the model.
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The fundamental building block of ResNet is the residual block, which can be rep-
resented by the following equation:

y = F(X; W)+ x; (2.7)

wherex and y represent the input and output vectors of the block, respectively,
and F represents the residual mapping to be learned.

The architecture of ResNet-18 is shown in table 2.1. The initial layer applies a 7x7
convolution with 64 feature channels, stride 2 and 3 zero padding, followed by batch
normalisation, ReLU activation, and a 3x3 max pooling layer with stride 2. After
the initial layer comes the residual layers consisting of residual blocks arranged in
pairs, each with two 3x3 convolutions. The rst layer has 64 feature channels, and
the amount of feature channels doubles for each subsequent layer, resulting in a nal
layer with 512 feature channels. An average pooling layer is applied to the output
of the residual block layers, reducing the spatial dimensions to 1x1. The results are
then passed to a fully connected layer that provides the model predictions. Note
that batch normalisation is applied after each convolutional operation, and the ReLU
activation function is applied at the end of each layer. Additionally, downsampling
with a stride of 2 is performed in each layer's rst residual block.

Table 2.1: Architecture of ResNet-18. The network is divided into six layers: The
initial layer, the four residual block layers and the nal layer. In each layer, the input
is downsampled according to the output size in the table. The table also presents
the operations performed in each layer, where A x A, B represents a convolutional
operation with B kernels, with kernel sizes of A. Note that layers 1-4 include batch
normalisation and activation functions, which are excluded in the gure. Table
created by the author with information from [12]

Layer Name Type / Operation Output Size
Input Image 224 224 3
convl 7 7,64, stride 2 112 112 64

bnl Batch Normalisation 112 112 64
relu ReLU Activation 112 112 64
maxpool 3 3.Max Pooling, stride 2 56 56 64
3 3,64
layerl .3 364, 2 56 56 64
3 3128
layer2 .3 3128, 2 28 28 128
3 3,256
layer3 .3 3,256, 2 14 14 256
3 3,512
layer4 3 3512 2 7 7 512
avgpool Global Average Pooling 1 1 512
fc Fully Connected (num_classes) 1 1 num_classes
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2.4.4 SFNet

The developers of SFNet [11] have thoroughly investigated the concept of optical
ow to align two adjacent video frame features in the video processing task. This
idea led to the proposal of a ow-based alignment module (FAM), which predicts the

ow eld inside the network to align feature maps of adjacent levels. This concept,

referred to as Semantic Flow, is generated between di erent levels in a feature
pyramid.

Figure 2.11: An overview of the underlying operations done in the FAM module
developed by [11]. Two adjacent feature maps, represented by purple and blue
blocks for upper and lower levels, are convoluted and upsampled to a matching
spatial dimensionality and then concatenated. The concatenated feature map is
further convoluted to create the semantic ow eld, which is used to perform a
warping operation according to equation (2.9) and (2.10). The feature map of the
warped points and the upper-level feature map are then summed together to create
the output of FAM. Image acquired from [11].

FAMs are placed within the decoder of the network. It is integrated between feature
map levels, where the feature maps are compressed into the same channel depth as
the upcoming level via two 1x1 convolutions. Given two adjacent feature maps,

and F, ; with the same channel number, a bi-linear interpolation layer is used for
upsampling the feature magF, to the same size a&, ;. The feature maps are then
concatenated together, and the result is used as an input for a sub-network with
two 3x3 convolutional layers, as shown in Figure 2.11. The sub-network’s output is
the predicted semantic ow eld, which can mathematically be written as

n 1= cony(cat(Fn;Fn 1)); (2.8)

where , is the semantic ow eld of level n, con,() stands for the convolution
operation, cat( ) represents the concatenation. The semantic ow eld ,, ; is then
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used to map each positiorp, ; on the spatial grid , ; to a warped point p, on
the upper leveln via the following operation:

+
by = Pn 1 ; 1(Pn 1): (2.9)
The nal output of the FAM F,(p, 1) is then approximated by linearly interpolat-
ing the 4-neighbours (top-left, top-right, bottom-left, bottom-right) of p, with the
following bi-linear sampling mechanism:

X
Fa(Pn 1) = Fa(pn) = WpFn(p); (2.10)
pP2N (pn)

where N (p,) represents the neighbours of the warped points, in feature mapn,
and w, are bi-linear kernel weights estimated by the distance of the warped grid.
Much like ENet [9], SFNet is subdivided into an encoder and a decoder. The encoder
consists of a backbone network, such as the ResNet series [12], with their nal fully
connected layer removed. Additionally, a pyramid pooling module (PPM) [8] is
adopted at the end of the backbone network.

Figure 2.12: An overview of the SFNet architecture. The top part represented by
stages represents the encoder, or bottom-up pathway, where each stage corresponds
to the layers within the used backbone network, which would be the residual blocks

if ResNet is used as the backbone [12]. A PPM module is applied to the output of
the backbone network, and the result is sent as input into the decoder, or top-down
pathway, represented as the bottom part in the gure. The decoder upsamples the
input feature maps with the help of FAM modules and lateral connections, which
provide the feature maps from the corresponding stages of the encoder. Image
retrieved from [11].

The decoder follows the feature pyramid network (FPN) architecture [27]. An FPN
consists of two main pathways and lateral connections between them. The bottom-
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up pathway extracts feature maps at di erent levels and is essentially the encoder
of the whole architecture. The top-down pathway upsamples feature maps from the
nal output of the encoder and merges the result with corresponding feature maps
from the bottom-up pathway using the lateral connections. However, in SFNet, the
FPN is modi ed by replacing bi-linear upsampling with the proposed FAM. Figure
2.12 provides an overview of the network's architecture while also representing an
FPN.

2.4.5 Deeplabv3plus

The Deeplabv3plus model [13] is a semantic segmentation model that has achieved
state-of-the-art performance on datasets such as [5]. This model extends the fun-
damental deeplabv3 model [28] by employing an encoder-decoder structure. The
encoder of deeplabv3plus consists of a backbone network that extracts low-level fea-
tures and an atrous spatial pyramid pooling (ASPP) module to extract higher-level
features. The ASPP module performs parallel atrous, or dilated, convolutions at
di erent dilation rates and concatenates their outputs to extract high-level features.

Figure 2.13: The gure showcases the architecture of the encoder-decoder struc-
ture of Deeplabv3plus. Note that the backbone network that creates the low-level
features is omitted in this gure. The backbone network extracts low-level features
that are further processed through an ASPP module to extract high-level features.
1x1 convolutions are applied to both the low- and high-level features, where the lat-
ter is upsampled to match the dimensionality of the low-level features. The low-level
and high-level features are then concatenated and go through another 3x3 convo-
lution. The output of this convolution is further upsampled to create the output
prediction image. Image retrieved from [13].

The high- and low-level features are sent to the decoder, where they are upsampled
to share the same spatial dimensions and concatenated. A convolution operation
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is then performed on the concatenated features, and the result is upsampled to
match the spatial dimensionality of the original input image, resulting in semantic
segmentation of the input image. For reference, see Figure 2.13. Note that in
Deeplabv3plus, upsampling does not entail a transposed convolution; instead, the
upsampling is done through bi-linear interpolation.

2.5 Training

This section will introduce how training is performed in machine learning. However,
there are various sub-branches within machine learning, and in this project, the
focus will speci cally be on supervised learning.

2.5.1 Supervision

In the training phase of machine learning, the dataset is used to teach the chosen
model. The dataset consists of images with corresponding labels. These images are
fed as input to the model, and the functions in the model's structure extract features
from the image that are then used for classi cation. In semantic segmentation, the
output would be pixel-wise classi cation over the whole image used as input.

The model's output is compared to the labels in the dataset to determine how well
the model performed. This comparison is done by applying di erent loss functions
that calculate the so-called loss of the model. A high loss would indicate that the
output does not correspond well with the labels. One of the most common loss
functions is cross-entropy loss. In multi-class classi cation, the cross-entropy loss in
each pixel is formulated as

X
Loss = yi log(pi); (2.11)

i=1

where N is the total amount of classesy; is the ground truth probability for each
class, andp; is the predicted probability for classi, ranging from 0 to 1. Note that
for hard labels,y; would be 1 for the correct class and O for the rest. Thieog(x)
function, wherex ranges from 0 to 1, returns a negative number approaching 0 when
x=1and 1 whenx = 0. Cases where the predicted probability of the correct
class is low would, therefore, result in a large loss, while a large predicted probability
for the correct class would result in a small loss.

This loss is then propagated back to the model by an optimiser, such as gradient
descent or similar, where the model updates its parameters in a direction that min-
imises the loss function. The parameter update is also proportional to the learning
rate. The learning rate is usually set up to decrease over time, which means that
the model updates its parameters less aggressively over time. A decaying learning
rate allows the model to learn quickly but coarsely in the beginning and slowly but
precisely towards the end. A learning rate that is too high would lead to the pa-
rameter overshooting the optima in each update, while a learning rate that is too
low would cause the model to never converge to the optima.
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2.5.1.1 Optimisers

Optimisers are the algorithms that handle the gradients created from the loss func-
tions, which are then used to adjust the parameters in the model. The most common
optimisers, which this project will stick to, are stochastic gradient descent (SGD)

and adaptive movement estimation (Adam).

Stochastic gradient descent is an extension of the well-known gradient descent al-
gorithm. Instead of computing gradients over the entire dataset, like the gradient
descent algorithm, SGD randomly selects a smaller subset of the dataset and only
computes the gradient upon the data in this smaller subset. This procedure sig-
ni cantly reduces the computing power required for larger datasets and thus sub-
stantially decreases the time needed for each iteration, but also results in a slightly
slower convergence rate. To accelerate the convergence rate it is common to use
momentum. Momentum uses information from the previous time step to smooth
out variations and thus accelerate convergence rate [29].

Adam is another stochastic optimisation algorithm that works much in the same way
as SGD. However, a key di erence between the two optimisers is that Adam adopts
an adaptive learning rate based on the rst and second moments of the gradients
[30]. In comparison, SGD uses either a xed learning rate throughout the training
or a learning rate scheduler that adjusts the learning rate during the training phase
according to some equation. Due to the adaptive nature of Adam's learning rate,
it is less sensitive to the choice of learning rate and other hyperparameters, making
it more user-friendly. However, according to Karpathy [31], the SGD will almost
always slightly outperform the Adam optimiser if one manages to nd a learning
rate that is, at the very least, close to optimal.

Another common method used in optimisers is weight decay, a form of L2 regulari-
sation that limits the size of weight updates. This method helps prevent the model
from over tting the training data by adding a penalty term to the loss function.
This penalty term is proportional to the square of the magnitude of the weights and
encourages the model to learn simpler patterns by penalising large weights, thereby
reducing its complexity and preventing it from tting the training data too closely
[32].

Both Adam and SGD compute the gradients using smaller subsets of the dataset,
typically called batches. The most common approach is to divide the whole dataset
into batches and then sequentially compute each batch's loss and corresponding
gradients until the entire dataset is processed. One iteration of this is called an
epoch and is usually repeated for a xed amount of times or until a satisfactory
result has been achieved. Between each epoch, the data in the dataset is shu ed to
avoid order biases that could hurt the model's learning.

2.5.1.2 Test and validation

In machine learning, datasets are typically divided into two or three parts: training,
validation, and test data. As the name suggests, the training data is used to train
the model and assist the learning through supervised techniques, as explained in
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section 2.5.1. Validation and test data, on the other hand, are used to evaluate
how well the model has learned. These datasets are separate from the training
data. They are not used during the training process, meaning the model receives no
feedback and does not perform any parameter updates based on its performance on
validation and test data. This separation helps ensure the model does not overt
the training data by learning undesired characteristics, such as noise.

Training progress is often monitored by comparing the loss curves from both the
training and validation data. Other loss-dependent metrics, such as accuracy, may
also be used for this purpose. The expected behaviour of the training loss curve
Is to decrease monotonically over epochs in a negative exponential manner. The
validation curve, however, usually decreases until it reaches a minimum and then
starts increasing. This pattern indicates two phases: the phase before the validation
loss increases and the phase after. The optimal point to stop training is just before
the validation loss begins to increase. Stopping too early would result in under tting,
while stopping too late would lead to over tting. See Figure 2.14 for reference.

Figure 2.14: The gure displays a common comparison of the training and vali-
dation loss curves. The y-axis represents loss, and the x-axis epochs. The optimal
point to stop training would be between the two green dashed bars. Stopping before
the rst green bar would result in an under t model, while stopping after the second
green bar would result in an over t model. Image created by the author.

Under tting occurs when a model is too simple to capture the underlying char-
acteristics of the dataset, leading to poor performance on both the training data
and any unseen data. The model fails to learn enough from the dataset, resulting
in inadequate predictions. In contrast, over tting occurs when the model is too
complex for the training data and begins to learn undesired characteristics, such as
noise. While this results in excellent performance on the training data, it causes
poor performance on new, unseen data. It is, therefore, crucial to divide the dataset
into training and validation data, allowing evaluation of the model's performance
on both seen and unseen data.

The model should be tested on validation data at intervals to assess its performance
on unseen data, for instance, once every epoch. The model should be trained while
the training and validation dataset loss decreases. However, suppose the loss for the
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validation dataset starts increasing. In that case, that is a sign that the model has
begun to over t the data, and the training should be terminated lest the model starts
to learn noise in the training dataset instead of the desired underlying patterns.

2.5.2 Evaluation

The performance of a machine learning model is evaluated on data that it has not
yet encountered during training, typically on validation or test data.

There are several di erent evaluation methods that are each suitable for various
tasks, but most of them are dependent on the concept of true and false positives
and negatives. True positives and negatives are cases where the machine model has
correctly predicted a class. In contrast, false positives and negatives are cases where
the model has incorrectly predicted a class. In the context of this project, false
positives would, for example, be instances where the model predicts the dry class,
but the ground truth indicates another class. False negatives occur when the model
fails to predict a dry class, even though the ground truth is dry. True positives are
instances where the model's prediction matches the ground truth, and true negatives
are cases where the model correctly predicts a class other than the dry class when
the ground truth is also not dry.

In this project, there will be ve dierent classes, and in this setting, the true
negatives are less impactful than in binary classi cation. One can derive many
di erent evaluation methods from the basic concept of true and false positives and
negatives. Arguably, the most common metric is accuracy, which measures the
percentage of correct predictions out of the total amount of predictions. For a
speci c classi, the accuracy can be calculated as follows:

TP + TN; ]
TP+ TN; + FP; + FN;’

where TP, FP, and FN are true positives, false positives, and false negatives, respec-
tively.

Accuracy; =

(2.12)

Other common evaluation methods in machine learning are precision, recall, and
F1-score. These are built similarly using the concept of true and false positives and
negatives. For instance, precision for classwould be calculated by

TR

Precisionj = ———; 2.13
' TP+ FP’ (2.13)
and recall for clasg is TP
Recall = — - 2.14
el = TR Y EN, (2.14)

The F1 score is then a combination of both precision and recall and can be calculated

by
_ 2 Precision; Recall

Fli= Precision; + Recall,
Precision indicates the accuracy of the positive predictions, and recall measures the
model's ability to nd all positives. The F1 score is a metric that combines recall
and precision and can be seen as a trade-o between the two [33].

(2.15)
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A confusion matrix is a common method to visualise true and false positives and
negatives. In binary classi cation, the confusion matrix has four elements corre-
sponding to each of these parameters see Figure 2.15. However, this project will
focus on multi-class classi cation, and in this context, the confusion matrix has a
slightly di erent form.

In multi-class classi cation, the confusion matrix becomes more complex due to
the presence of multiple classes rather than a single one. The diagonal elements of
the matrix represent true positives for each class, indicating the number of correct
predictions for each specic class. The matrix rows correspond to false positives,
indicating how often instances of other classes are incorrectly predicted as a particu-
lar class. Conversely, the columns correspond to false negatives, showing how often
instances of a speci ¢ class are incorrectly predicted as other classes. This structure
helps in understanding the model's performance across all classes, as illustrated in
Figure 2.16.

Figure 2.15: Confusion matrix for binary classi cations. TP, FP, FN, and TN
stand for true positives, false positives, false negatives and true negatives, respec-
tively. Image created by the author.
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Figure 2.16: Confusion matrix for multi-class classi cations. The green diagonal
represents correct classi cations, that is, true positives, while the red squares repre-
sent incorrect classi cations, that is, false negatives and positives. In this example,
there are four di erent classes. The numbers on the left-hand side and on top of
the matrix represent the classes. That is, the element in row and column one of
the matrix corresponds to the true positive value of class 1. The element 12 of
the matrix would represent cases where the ground truth is class 2, but the model
predicted class 1. As such, red squares in row i can be interpreted as false positives
of class i and red squares in column i can be interpreted as false negatives of class
I. Image created by the author.

The project aims to develop a model that can accurately perform semantic segmen-
tation of the road surface condition in an input image. In semantic segmentation, a
commonly used evaluation metric is the intersection over union (loU).

loU is calculated by dividing the area of overlap between the predicted classes and
the ground truth by the area of union [34], as illustrated in Figure 2.17. A high loU
indicates a strong agreement between the predicted and ground truth classes, with
a value of 1 indicating perfect overlap. Figure 2.18 provides examples of loU mea-
surements in a binary classi cation scenario. However, This project revolves around
multi-class classi cation, which requires the calculation of the mean loU when eval-
uating model performance. To calculate the loU, one can utilise the aspects of true
and false positives or equivalently, as they are based on those aspects, confusion
matrices. The loU would then be calculated by:

TP _
TP + FP; + FN,

loU; = (2.16)
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Figure 2.17: The gure graphically shows how loU is calculated. That is, the loU
is the area of overlap divided by the area of union. Image created by the author.

Figure 2.18: The gure displays examples of loU calculations and evaluates them

as excellent, good or poor. In the leftmost example, the area of overlap is almost the
same as the area of union, and therefore, the loU is high. In the rightmost example,
the area of overlap is relatively small compared to the area of union, which results
in a poor loU. Image created by the author.

2.6 Sparsely annotated semantic segmentation meth-
ods

26.1 AGMM

AGMM, the Adaptive Gaussian Mixture Model, is a method developed to bridge the
gap between a densely labelled dataset and a sparsely annotated one for supervision
[14]. The method's main idea is to leverage the similarity between labelled and
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unlabelled pixels in an image to generate predictions for the latter. These predictions
can then be used to add supervision to the unlabelled regions by incorporating
them into the loss function rather than assigning pseudo labels, which is otherwise
a popular method [14].

The generated predictions of the unlabelled pixels should be probabilistic since gen-
erated hard one-hot predictions are inappropriate due to the added noise that will
harm performance. Therefore, [14] proposes using Gaussian mixtures to represent
the class distribution and uses the learned features of labelled pixels as centroids
of the generated Gaussian mixtures. In simpler terms, all pixels in the image are
divided into clusters in feature space, where the mean features of each labelled class
act as the centroids of said clusters. Probabilistic predictions are then generated for
the unlabelled pixels depending on how far away they are from the centroids created
by the labelled pixels, see Figure 2.19 for reference.

The method uses several additional loss functions apart from the ordinary cross-
entropy. Firstly, the mean features ; of the iy, class are calculated by:
1 X
P = f (x); (2.17)
JXIIJ 8X2 X

wheref (x) are the features of pixek and x;; is a vector of all pixels labelled by the
classi. The GMM predictions G are then calculated using Gaussian mixtures as
such: v v

G= g(x i )= e°?f; (2.18)

i i

whereK represents the classes in an input imagd,the distance betweerf (x) and
the mean ; and ; the variance of class. However, the main article found that
the value of did not impact the results in a signi cant way and put it as 1, which
is what this report will do as well. The GMM predictionsG are then used for self-
supervision with the predictionP in a cross-entropy manner to form the rst loss
I—self :

1 X
Lserr = xXi [Glog(P)+(1 G)log(1 P)]: (2.19)
The sparse labely, are also used to supervise the GMM predictions as:
1 X
Lspar = ylog(G): (2.20)
) gy2y

The paper [14] also proposes a contrastive loss to enlarge the distance between the
centroids of di erent Gaussian mixtures:

2 X 2

Leon = e (i )%

K (K + 1) 8i;j 2K;i 6]

(2.22)
All in all, we have a total GMM loss formulated byLeum = Lseit + Lspar + Lcon-
Consequently, the total loss becomes = Lgeg+ Lomm , WhereL g is the ordinary
cross-entropy loss between the model's output and the ground truth in labelled
pixels.
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Figure 2.19: A visualisation of how pixels are assigned to their corresponding
Gaussian mixtures using AGMM. The cloudlike object represents feature space, the
stars are labelled pixels, and the circles are unlabelled pixels. Both unlabelled and
labelled pixels are coloured according to their corresponding class. What is not
shown in the gure is that the mean features of the labelled pixels are used as
centroids of each Gaussian mixture. The unlabelled pixels are assigned to a class
represented by a Gaussian mixture with a probability distribution depending on the
distance to the mixture's centroid. Image retrieved from [14]

2.6.2 Tree Energy Loss

Tree Energy Loss (TEL) is another method intended to bridge the gap between
densely and sparsely annotated datasets by providing supervision from unlabelled
pixels. The main concept of TEL is to create pseudo labels for the unlabelled
pixels in the image in an e ort to increase the amount of supervision available while
training. This is done by dividing the sparsely annotated image into two parts, the
labelled set of pixels | and the unlabelled set . While one can use the ground
truth labels for training with the labelled set, that is impossible for the unlabelled
ones. Instead, TEL uses the fact that pixels corresponding to the same object often
share similar patterns at various feature levels. By leveraging these patterns, the
method is able to provide additional supervision via generated soft pseudo labels for
the unlabelled set. These pseudo labels are utilised to calculate a tree energy loss
L yee, Which can be combined with the segmentation loss acquired from the labelled
set,

Liot = Lsegt L tree; (2.22)

where is used as a balance factor. The segmentation loss is calculated by the
usual cross-entropy loss discussed in Section 2.5, speci cally Equation (2.11). The
tree energy loss can be divided into three substeps: (1) A tree a nity generation step
to model the pair-wise relation. (2) A cascaded Itering step to generate the pseudo.
(3) A soft label assignment step to assign pseudo labels for unlabelled pixels.

The main concept of the tree a nity generation is to represent the image as an
undirected graphG = (V;E), where all pixels make up the vertice se¥, and the
edge setE corresponds to the edges between two adjacent vertices. In the TEL
method, one uses the architecture of a 4-connected planar graph, where each pixel
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is adjacent to up to 4 neighbouring ones. Low- and high-level weight functions can
then be calculated using

S = =) 1G)i%

= = R PO

wherel (i) 2 R® " W and F(i) 2 R® " Y are the RGB and the semantic features of
pixel i respectively. h and w are the height and width of the downsampled input
image.

The semantic features are extracted by applying a 1x1 convolution on the features
before the classi cation layer of the decoder. By sequentially removing the edge
with the largest weight fromE, one can create a minimum spanning tree (MST) for
both the low- and high-level. These MSTs are constructed by utilising the Bor-vka
algorithm. Based on the topology of MST, it is possible to determine whether
vertices share similar feature representations, as such vertices would appear within
the same object and tend to interact with each other preferentially. The distance
between two vertices is then calculated by summing the weights of their connected
edges. The distance map of the MST consists of the distance of the shortest path
between vertices, i.e., the hyper-edge,

X
Di;j = Dj;i = !k;m; (223)
(k;m)ZEi;j

wherei;j;k and m are vertice indexes and 2 low;high. The distance maps are
then projected into positive a nity matrices,

Alow — exp( D|OW= );
Ahigh — exp( Dhigh: );

where is a preset constant parameter that modulates the colour information. The
low-level a nity matrix A°Y contains object boundary information, while the high-
level a nity matrix A"9" maintains semantic consistency.

A cascaded ltering strategyF is introduced to generate the pseudo label® from
the network predictionsP and the a nity matrices:

Y = F(F(P;AY); AMahy: (2.24)

The network prediction P is the network output after a softmax operation. The
Itering operation F is de ned as:

1 X
i gj2
. . P . L
where = | [ vy is the full set of pixels andz; = | A;; is a normalization term.

Note that the pseudo labels generated with cascaded ltering can preserve sharper
semantic boundaries, which are signi cant in semantic segmentation but are lacking
in sparse annotations. This could lead to a boost in semantic performance.

The soft labels are then assigned by a simple function that measures the distance
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between a pseudo labeY and the predicted probability P. The authors of TEL
have opted for an L1 distance, which results in the following equation for the tree

loSSL yree: 1 x
Ltree = FE— JP| Y‘|J (2.26)
] ul 8i2
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Methods

3.1 Preparation

The rst few weeks of the project were used as a preparation stage. This stage was
subdivided into three key aspects: literature review, study of the current pipeline,
and inspection of the dataset.

3.1.1 Literature Review

The aim of the extensive literature review was to explore existing methods and
models that have been used for similar tasks. Consequently, the focus was laid
on articles that had performed semantic segmentation. In particular, the project
explored research of machine learning models designed for semantic segmentation,
some of which were subsequently implemented into the project's pipeline. Addition-
ally, the literature review extended to articles containing di erent data augmentation
methods, an essential tool for a better generalised pipeline and a common approach
to arti cially extend a dataset and increase the performance of machine learning
models.

A signi cant limitation of the project is the provided sparsely annotated dataset.
While sparse annotations require less manual labour than dense annotations, they
also contain less information, which constrains the model's learning process. Ad-
ditionally, most machine learning models for semantic segmentation are developed
with densely annotated datasets in mind and, therefore, contain features that exclu-
sively work for such datasets, causing further challenges. Consequently, a portion of
the literature review revolved around nding research on methods that bridge the
gap between sparsely and densely annotated datasets by providing supervision from
unlabeled pixels as well.

3.1.2 Inspection of the data

The data consists of images recorded by a front-facing camera mounted on moving
vehicles. These images are annotated using laser detectors placed underneath said
vehicle. The laser detectors are based on infrared spectroscopy to provide point-wise
estimated probabilistic distribution over the road surface condition underneath the
vehicle. The estimates are generated by processing the output of the laser detectors
with a laser model developed by Klimator, the collaboration company. The road
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surface condition estimates are located via motion estimation to annotate them into
the images recorded by the front-facing cameras, resulting in sparsely annotated
images as illustrated in Figure 3.1. In this project, these images will be subjected to
data pre-processing and then serve as input to the machine learning model, where
the point-wise road condition estimates will be used as labels for supervision. The
image frame has a resolution of 2880x1860.

Figure 3.1: A part of an example image in the dataset that will be used in the
project. Note that the image is cropped so that it only shows the road with anno-
tations. The conditions with the highest probability in the point-wise road surface
condition estimations are annotated as coloured circles in the image. The yellow
and orange colours correspond to the road surface conditions of snow and grey ice.
Image by author.

The data provided by the company are divided into sessions, typically contain-
ing a few thousand consecutive frames, corresponding to 10 minutes of recording
time. These recordings come from various collaboration companies based in di er-
ent countries, with di erent vehicles, on di erent parts of the day, and sometimes
even varying laser detector setups. All of these factors a ect the expected road
surface condition. It was, therefore, essential to perform a comprehensive study of
the provided data with the aim of nding a combination of sessions that can act as
a dataset for the pipeline.

The most crucial factor in this study was to study the distribution of road sur-
face conditions in the data sessions so that the resulting dataset would contain a
well-balanced representation of di erent road surface conditions under varying cir-
cumstances. Another factor was to acknowledge aws in the data and re ect on how
such aws can a ect the performance of the nal pipeline.

In the end, two di erent datasets were selected. The rst dataset is relatively small
and contains sessions exclusively recorded by a single collaboration company. No
additional manual session selection was used to create this dataset. Instead, it
included all sessions recorded by the collaboration company. The main advantage
of the rst dataset is that it consists of data deemed to be of the highest quality.

In contrast, the second dataset is a combination of sessions recorded by a multitude
of di erent companies, including sessions present in the other dataset. The main
advantage of the second dataset is that it is larger than the rst and provides a

greater diversity of images and conditions, which should result in a more robust
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machine learning model. However, the overall quality of the second dataset is lower
than that of the rst. Even though it contains more frames recorded in more diverse
scenarios, the individual frames are less interesting and often contain homogeneous
data where all annotations belong to a single condition.

The rst dataset contained roughly 16000 training frames and 2080 evaluation
frames, while the second dataset contained roughly 32000 training frames and 4000
evaluation frames.

3.1.3 Flaws in data

3.1.3.1 Motion estimation

While the annotations in Figure 3.1 are essentially perfectly made, there are cases
where the motion estimations fail, resulting in annotations that are signi cantly
worse. This can happen when the camera-equipped vehicle is either driving upwards
or turning, especially in small turns. These cases result in annotations that are way
o the vehicle's actual path, and sometimes, the annotations are not even on the
road at all. These cases are showcased in Figures 3.2 and 3.3 for driving upwards
and turning, respectively.

Figure 3.2: The gure shows two cases where the equipped vehicle is driving
up a small hill/bridge. In both gures, some road surface condition annotations are
located in the air. The motion estimation does not take vertical motion into account
and could potentially cause a lot of problems as the pipeline uses these annotations
to learn classi cation. That is, it may associate a dry road surface condition with
the characteristics of trees or sky. Image by author.

3.1.3.2 Trac

Another aw in the dataset is data collected in tra c. The motion estimation does

not account for obstacles such as vehicles in front of the camera. As a result, anno-
tations are made as if the road is completely clear of tra c, leading to annotations
appearing on top of vehicles ahead instead of on the road. Figure 3.4 illustrates
two examples of where this anomaly occurs. To address this issue, another machine
learning model is employed that detects vehicles in the image, and any annotations
within the bounding boxes of detected vehicles are removed. However, this results in
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