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Abstract

Seat belts drastically reduce the risk of injury or death, given that one is wearing
them correctly. This thesis emanates from Volvo Cars’ aspiration to tackle this
risk, using the growing potential of machine learning. The foundation of this work
stems from another thesis at Volvo Cars, where a semantic segmentation model
was developed, for identifying and segmenting the seat belt in an image of a car
occupant. To apply this segmentation model approach, the tedious and costly
process of collecting and annotating data is fundamental. The thesis explores the
concept of using synthetic data, i.e., data that is made by software and annotated
in silico, as a substitute for, and a complement to, previously collected real-world data.

Specifically, the thesis explores di [erent methods on how to apply and generate syn-
thetic data and what aspects improve its quality, regarding the prediction accuracy of
the segmentation model. As a measure of prediction accuracy, the mean intersection
over union (loU) over a test set consisting of real-world images is used. Several
segmentation models, with dil[erent architectures, are evaluated to find the best-
performing network. The thesis also explores the concept of domain randomization,
which aims to narrow the domain gap between the synthetic and real data, as well as
multiple label annotations to investigate whether identifying other objects improves
segmentation of the seat belt, and guided backpropagation to explain predictions
made by the segmentation model.

This thesis shows that, although the choice of network architecture is shown to have
a relatively small e [edt on performance, the top performing network is found to be a
Unet++ decoder and a ResNet 34 encoder. The thesis also suggests that when there
is a scarcity of real-world data, introducing synthetic data can improve prediction
accuracy, both by training the model on a mix of real and synthetic data, and by
pre-training the model on synthetic data before training it on real data. The results
also suggest that when the model is trained to also identify objects which often
interact with the seat belt, e.g., the occupant’s shirt, its prediction accuracy on the
seat belt can improve.

The thesis has identified ways to make synthetic data more appropriate for training
the seat belt segmentation model. This thesis successfully demonstrates that there
is a lot of potential to further develop the application of synthetic data in the future.
One obvious approach would be to use a more powerful graphics engine, making the
synthetic data even more realistic.

Keywords: seat belt, car occupant, semantic segmentation, neural networks, aug-
mentations, synthetic data, domain gap
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Introduction

Machine learning (ML) techniques, such asarti cial neural networks (ANNS) [2],

are under continuous development and have emerged as powerful tools applicable
across many domains, such as the automotive industry and medicine. Successfully
integrated ML can relieve the workload of personnel, who could instead focus on
development and inference. However, ML also has drawbacks, one often being its
inherent data requirement. Each model's performance relies heavily on the data's
quality and quantity [3]. This thesis considers data consisting of images. One issue
with image data is that gathering and annotating is a time-consuming and costly
process [4].

Synthetic images, however, can be generated with automatic annotation, on a very
large scale in silico. Producing good quality annotation such as a bounding box could
take up to 35 seconds per objecB]. Since there could be many objects of interest
in an image, the annotation could take several thousand hours. The cost of this
process for data sets containing millions of pictures cannot be overlooked. Generating
annotated data arti cially takes a fraction of the time and cost compared to acquiring

it in the real world. This highlights the main motivation behind this research. This
thesis aims to investigate whether the performance of a model trained on synthetic
data could get close to, or even exceed, a model trained on real-world data. It also
investigates methods of using synthetic data as a complement to real-world data.

Volvo Cars are looking at several di erent use cases where the introduction of syn-
thetic data could be useful. Some examples of such scenarios are car trajectories in
crashes and car trajectories in everyday situations like roundabouts and intersections.
In this thesis, the case of images of belted and unbelted vehicle occupants will be
investigated. A semantic segmentation model is applied, which tries to identify the
seat belt. Given this data, Volvo Cars could then evaluate whether or not a person
Is correctly using their seat belt.

Looking at Figure 1.1 we see a sample of the synthetic data that will be used. This
synthetic data is created with the graphical engine Unity. Note that the synthetic
images were created by the Internal Perception team at Volvo Cars.
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Figure 1.1: Generated image of an occupant in the front seat

1.1 Purpose

The purpose of this thesis is to measure the performance of machine learning models
trained with synthetic data. The speci c use case uses a segmentation model to
detect pixels belonging to the seat belt class. This information could later be utilized
to detect whether a car occupant is wearing a seat belt, and if so, wearing it correctly.
However, this thesis will only focus on object segmentation. It is investigated how
reliable models trained on synthetic data are compared to models trained on real world
data or a model trained on a mixture of data. Augmentation technique$] that alter

the images to get better test results will also be identi ed and implemented. Good
test results in this case mean that a model trained on synthetic data achieves similar
or better performance than when trained only on real data. There are numerous
works to be found related to the use of synthetic data in object segmentation models
[7, 8,9, 10. However, most of them revolve around 3D images of urban scenes, where
the intended implementation is related to autonomous driving. None of them seems
to use a similar type of data as the one investigated in this work.
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Theory

This chapter will introduce the theoretical knowledge necessary for the remainder of
the thesis. It contains descriptions of the di erent neural networks used to identify
the seat belts, followed by an explanation of the technique behind distinguishing
di erent objects in images and the architecture of the underlying neural network. The
synthetic data is also described, as well as methods to improve image segmentation
models. The chapter concludes by describing a method to interpret the models'
results.

2.1 Image segmentation

In computer vision and image processing image segmentation has become a key topic
[11]. Semantic segmentation labels an image on a pixel-wise basis and categorizes
pixels into di erent classes. Figure 2.1 shows an image that has been segmented, via
DeeplLabV3, to distinguish and label di erent pixels belonging to certain objects
with di erent colors. The DeepLabV3 network will be presented in Section 2.3.5.
Note that the original image has been produced by the authors, using a di usion
model which is later described in Section 6.1.

Figure 2.1: Semantic segmentation of objects in a living room image

2.1.1 Adam optimizer

For our neural networks a method called Adam optimization, ADAptive Moment
estimation, is used. Adam is a stochastic gradient descent method that utilizes

3



2. Theory

adaptive estimation of rst- and second-order moments. The optimizer is a com-
bination of two other popular methods, AdaGrad and RMSProp, consolidating
some of their good properties. Adam deploys the adaptive learning rates from
AdaGrad that improve performance on sparse gradients tasks, and it also uses per
parameter learning rates from RMSProp, improving noisy performance problenis?].

The equations for the rst- and second-order estimatior{my;v;) can be seen in
equations(2.1) and (2.2). The estimates, i.e. their update{m;; %) and shown in
equations(2.3) and (2.4). New estimates are calculated for every time step this

variable can also be seen as iterations of the algorithm.

mg= 1m; 1+(1 1) 0 (2.1)

Vi= vy 1+ (1 2)912 (2.2)
_ Mt

My = I (2.3)
_ VU

% = 1 3 (2.4)

In these equations, the parameters; and , are the exponential decay rates for the
rst and second-moment estimations andy = r f ( ) represents the gradient of the
objective function. The objective function , also known as the loss or cost function
Is selected by the user and could for instance be the binary cross entropy function if
one needs to compute some classi cation task.

The rst-order moment represents the exponential moving average of the gradient
vectors encountered during iterations. This estimate provides information about the
average direction in which the parameters should be updated.

The second-order moment captures information about the magnitude of the gradients.
This assists in adjusting the learning rate for each parameter based on the variance
of the gradients. Both these estimates are then used to compute bias-corrected
estimates. It is these estimates that are utilized to update the model parameters
The equation for the parameter update can be seen in Equation (2.5).

= — 25
t t 1 poti_'_t (2.5)

The parameter values are updated in every time stepuntil ; converges [12].

2.1.2 Intersection over Union

Intersection over Union (IoU) is a metric that is used to evaluate the accuracy of
object segmentation. It does this by evaluating the overlap of the ground truth and
the prediction region [L3. The equation for the loU metric can be seen i2.6). In
this equation, TP, FP, and FN denote true positive, false positive, and false negative.
In this case true positive indicates the area of intersection between the segmentation
mask and the ground truth. False positive is the predicted area outside the ground

4



2. Theory

truth and false negative is the number of pixels belonging to the ground truth the
model failed to predict fL4]. Note that for this thesis the value for a empty set is set
to 1 and there is a padding 00:000001lintroduced to the nominator and denominator

to avoid division by zero.

TP
oV = TP FP+ EN (2.6)

2.1.3 Dice

The dice metric is similar to loU. The formula can be seen i2.7). The dice
coe cient can be interpreted as two times the intersection divided by the amount of
annotated pixels in both images15]. The rules for the edge cases described for loU
applies for the dice metric as well.

o oTP
Dice = T+ FP + FN 2.7)

2.1.4 Binary cross entropy with LogitsLoss

The Binary cross entropy (BCE) with LogitsLoss(2.8) is a combination of binary
cross entropy and a sigmoid layef2.9) in one single class. The di erence between
regular BCE and BCEwithlogits is that the latter uses the raw unnormalized values
outputted by the network. These values are more numerically stable than using the
actual predictions [L€). In this case,p denotes the raw data or logits and is not a
predicted class as in regular BCE.

BCEwithLogits = [y log( (p)+(1 vy) (1 ()] (2.8)

()= — = (2.9)

l+eX

The binary cross entropy, along with loU and Dice are used in the loss function of
the network, see Section 3.5.

2.2 Model architecture

The architecture used for the semantic segmentation is taken frorh7], which is

a master thesis where the author developed a model that tracked the posture of a
car occupant and shoulder belt position. The choice of architecture used /] is
based on a survey][l] where several state-of-the-art architectures have been tested.
According to that survey, no architecture outperforms all others on all data sets for
semantic segmentation but they all use ResNet 101 as an encoder. On top of the
ResNet 101 encoder, a feature pyramid network was implemented, both of these
concepts will be explained in Section 2.3 and 2.3.2.
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Figure 2.2: Mathematical schematic of a convolution expression

2.3 Convolutional neural networks, Encoders and
Decoders

Convolutional neural networks (CNN) are deep learning architectures that have
shown very successful results and are commonly used in computer vision tasks. They
typically consist of three types of layers: convolutional layers, pooling layers, and
fully-connected layers [11].

The convolutional layersare the key pieces in a CNN, it is here that the opera-
tion called convolution is performed. The convolution can be described as a linear
operation where a set of weights are multiplied with an input, in this case, the
RGB values of an image. These sets of weights are also referred to as a kernel.
The kernels are often designed to detect speci c objects like corners or edges. The
output of the multiplication between the kernel and the input is mapped to a fea-
ture map. In Figure 2.3 a schematic showing a convolution operation followed by
a pooling operation can be seen. Note that the kernel is much smaller than the
input, which allows for sliding the kernel across the entire image, detecting any
instances of the object that is searched for. Furthermore, these convolutional layers
can be stacked on top of each other. The purpose of stacking layers is that each
layer has a di erent objective, like detecting edges and corners, and also its own kernel.

When traversing deeper within the network, the low-level features, such as edges
and lines, are used to extract features of higher order to express shaged. [This
process continues until objects such as faces or animals can be extracted. Note that
each value in a feature map is also passed through an activation function such as the
sigmoid function, see Equatior(2.9). Once the image has propagated through the
network the results are evaluated using a loss function such as BCEwithLogits. Then
the weights in each kernel get updated througbackpropagation[19], optimizing the
network to detect the features of interest.

Next is the pooling layer which reduces the spatial dimensions of the input and thus
reduces the number of parameters. Like the convolutional layer, the pooling layer
slides a kernel across the input but instead of computing weights, it uses an aggregate
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Figure 2.3: Image processed by a convolution operation and then followed by a
pooling operation. The output of the image is a semantic segmentation

function such as average or max value. Pooling layers are used to reduce complexity,
prevent over tting, and extract the most prominent features in the input.

In fully-connected layers, each node in the output layer is connected to a node in
the previous layer. This layer is used for classi cation based on the previous layers
[20]. In Figure (2.2) a mathematical representation of a convolution is shown. Note
that the feature map is the scalar product between the input and the kernel. For a
pooling layer, the feature map would be represented by the maximum value of the
input.

In segmentation tasks arencoder-decodeischematic is often used. Both the encoder
and the decoder are CNNs. The objective of the encoder is to take an input sequence
and convert it into a vector representation. An input sequence in this case could
be an RGB image with dimensiongchannels, height, width} [3; 256 256] where
each channel represents one color and the height and width are the dimensions of
the image. The dimension of the vector could in this case be represented bR%?
dimensional vector where all color channels and each grid has been concatenated
into one vector. More speci cally, the color dimensions are reduced to one dimension
and the width and height are compressed. The vector representation is also known
as a hidden or latent representation of the input and is in a more condensed form.
This way the network still keeps the information about key features while ignoring
redundant information [21]. The encoders that are used consist of several versions of
the ResNet architecture.

The decoder reads the compressed input from the latent vector and produces an
output which is compared with the target and information is sent to the network for
computing loss. In computer vision, the decoder can also be a tool for reconstructing
the input images based on the hidden space [21].

This thesis is focused on semantic segmentation performed on a pixel-wise level, i.e.,
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each pixel is classi ed rather than classifying the image as a whole. In these cases, it
is useful to deploy a fully convolutional neural network. What di erentiates these
networks from the regular CNN is that there are no fully-connected layers. Instead of
the dense layers that have a xed output dimension, fully convolutional networks use
a 1x1 convolutional layer at the end so that the output dimension can match that of
the input [22]. As can be seen in Figure 2.3, the output is an image representing the
semantic segmentation rather than a label or a class.

2.3.1 ResNet

ResNet or residual network is a certain type of neural network that is mostly used
for the task of image recognition23]. The ResNet networks usually come with a
number su x that indicates the number of layers, for example, the ResNet101. What
is iconic for the ResNet is thaesidual block also known as askip connection The
residual blocks aim to eliminate the vanishing/exploding gradient problem that can
otherwise occur in deep neural networks. This block provides an alternate route for
the gradient, giving it the option to bypass some hidden layers ensuring that the
next layer will perform at least as well as the previous laye28]. Figure 2.4 shows
the schema of a residual block. Note the identity mapping added on top of the
outputs of the layers, preventing the possibility to pass on extremely low or high
gradient values stemming from inside the hidden layers [24].

The skip connection rst introduced by the ResNet architecture solves a common
problem in deep learning. A naive approach would be that if the depth of the network
is increased, the model should be more robust and yield stronger performance, for
example adding more layers for more features. However, it turns out that the error
rate actually saturates and then increases if the network gets too deep [24].

Figure 2.4: Example of a residual block. The curved arrow shows the shortcut
that skips the intermediate layers [1]
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2.3.2 Feature pyramid network

A feature pyramid network(FPN) is a neural network that is used for object detec-
tion. This model particularly excels at detecting objects at di erent scales2f]. For
example, in an image, a human hand can be of di erent sizes depending on where
it is located in a depth perspective26] and so it can be di cult for a network to
correctly identify the hand in such scenarios.

The FPN addresses this issue by creating a pyramid of feature maps with di erent
spatial resolutions. This allows objects of di erent scales to be detected. To achieve
this the architecture consists of two main pathways, the top-down pathway and the

bottom-up pathway [27].

The bottom-up pathway is a feed-forward network that generates feature maps of
di erent resolutions from the input image. When going up, the spatial resolution
will decrease and thesemantic valuewill increase. This process is also known as
downsampling Semantic value and spatial resolution are two concepts revolving
around the interpretation of visual content. Semantic value implies the recognition
and understanding of objects and scenes, whereas spatial resolution is the granularity
present in an image, i.e., the number of pixels used per unit area. The top-down path-
way increases the spatial resolution of the feature maps provided by the bottom-up
pathway. This process is known agpsampling The FPN also uses lateral connec-
tions, sending information between the bottom-up and top-down pathways without
passing it through each layer of the pathways. These connections blend the upsam-
pled feature maps with the corresponding downsampled feature maps, combining
global context and ne-grained details to better capture objects at di erent scalef.

In Figure 2.5 a schematic of the feature pyramid network can be seen. Note the
small squares in the top-down pathway indicating the predictions made for each
level, this shows the predictions made for di erent scales and highlights the main
property of the FPN network.
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Figure 2.5: A schema of the feature pyramid with the bottom-up pathway to the
left and the top-down pathway to the right

2.3.3 Unet

The Unet architecture was originally developed for biomedical image segmentation.
The network consists of two pathsthe contraction part and the symmetric expand-
ing part [29]. The contracting part captures the context of the image by using a
series of fully-connected convolutional and max pooling layers. In this process, the
spatial information is reduced and the feature channels are increased, abstracting
the input image to capture the most relevant information 30]. Spatial informa-
tion refers to the arrangement and relationship between objects, and increasing
the feature channels means that the network can learn more complex features and
patterns. Detecting edges is an example of one feature. The expanding part de-
codes the data from the contracting part to reconstruct the input image, similar
to an encoder-decoder structure. Furthermore, it uses skip connections to localize
where in the images objects are locate@]]. In Figure 2.6 an example of the Unet
architecture can be seen. Note the U-shape which has given the architecture its name.

The Unet++ is an architecture that was built to improve the existing Unet architec-
ture. While it retains much of the architecture it has one key di erence. Instead

of only implementing skip connections between the corresponding encoder-decoder
layers it also implementsnested skip connectior{32]. These connections make it
possible for the network to connect several di erent levels. The advantage of this
Is that the network can access features from di erent scales and di erent levels of
abstraction. For a Unet++ the arrows in Figure 2.6 can access all levels and not
only the layers on the same level.

10



2. Theory

Figure 2.6: Neural network architecture of Unet. In the picture each layer is
marked and it also shows the contracting part which points down and the expanding
part going upwards in the gure. These two pathways constitute the U shape giving

the architecture its name. Also, note the skip connection between the layers

2.3.4 LinkNet

The LinkNet uses an encoder-decoder schema similar to the Unet, but there is also a
connection between each encoder-decoder block. The objective of this connection is
to recover spatial information that could otherwise be lost in the downsampling of the
encoder. Furthermore, LinkNet uses batch normalization between each convolutional
layer [33]. Batch normalization is a technique that standardizes the input to a layer
for eachmini-batch. In this context, a mini-batch is a small portion of the training
data. Normalizing the output from an activation function in a previous layer means
that the spread and distribution of subsequent layers will, potentially, not be as
dramatic. This increases training speed and also reduces generalization erBaf.[In
Figure 2.7 the architecture for the LinkNet can be seen.
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Figure 2.7: The schematic of the LinkNet architecture

2.3.5 DeepLabV3

The DeepLabV3 is a fully convolutional neural network model introduced by Google
for the task of image segmentation. The main characteristics of the network are the
implementation of atrous convolutionsand atrous Spatial pyramid pooling These
techniques are designed to tackle two common pitfalls of image segmentation respec-
tively. The term "atrous" comes from the French word "atrous,” which means "with
holes" or "with gaps". Atrous convolutions are also known as dilated convolutions.

The DeepLabV3 architecture attempts to solve two issues in image segmentation.
The rst issue stems from downsampling data through the encoder. While this
process retains essential features with smaller data requirements, spatial information
can be lost. This makes the network e cient at predicting the labels of objects but
the information of where objects are is reduced. The second issue can arise in images
that have objects of the same label but with di erent resolutions. Since the receptive
eld increases when traversing deeper into the network, larger objects get detected
easier, whereas smaller objects become harder to recogn®. [The receptive eld

is the part of an input that after convolution results in a feature [36].

The Atrous convolution can be seen in Figure 2.8. The idea with this convolution
Iter is to dilate the kernel by inserting gaps. With this, the receptive eld gets
increased and the amount of parameters remains xed. This allows for control over
the eld of view and thus the resolution at which features are detected [37].
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Figure 2.8: Dierent atrous convolution lters with a kernel size of 3 3. Moving
from left to right the dilation of the lter is increased

The atrous spatial pyramid pooling uses atrous convolutions and applies this to an
input feature map in parallel. This is an e ective way to classify regions at arbitrary
scales. The technique resamples features at di ereatrous rates i.e., how much the
kernel is diluted. It then uses image pooling and batch normalization [37].

Like Unet, DeepLabV3 also has a successor, this one is called DeepLabV3+. The
DeepLabV3+ extends the DeepLabV3 architecture by adding a decoder module to
improve segmentation along object boundaries. The decoder adds skip connections,
1x1 convolutions and upsampling [38].

2.4 Synthetic data

Synthetic data is data that is not collected in the real world but instead generated
arti cially in some way [39]. The synthetic data used in this thesis is mainly images
created in the rendering software Unity (version 2021.3.2f1). The data is produced
by the Internal Perception team at Volvo Cars which have worked closely together
with the authors throughout the thesis to create the datasets. To gain more diverse
datasets, the production of the data has been steered via regular feedback to include
such things as di erent light conditions, shading, and placement of the occupants.
These changes could also be isolated so that only one variable changes at a time
while keeping others xed, resulting in a high level of scrutiny for variables in each
image.

In Section 3.2.2 the di erent prompts and requests that have been made to Internal
Perception are described in more detail, and how the data evolved during the thesis
is also shown. As the images were rendered in the software, each pixel was also anno-
tated. This is what highlights the advantage of synthetic data. Creating a bounding
box for an object in an image could potentially take around 35 seconds per object
[5] and a pixel-wise annotation potentially takes 10 times as lond()]. If there are
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multiple objects per image and the data set is very large, the annotation will be a very
tedious and costly process. Furthermore, since the RBG values of each pixel are deter-
mined by the software, this also means that annotation will be extremely precise on a
pixel-wise basis, something that would be very hard to obtain with human annotation.

The one drawback encountered while creating the synthetic data was the interplay
between the seat belts and the models. To align the seat belt along the body of the
model the Internal Perception team had to manually adjust the settings of physical
collisions, also known as colliders in Unity. In short, the colliders describes the
interplay for physical collisions between di erent objects. The collider component is
invisible and requires precision to work well41]. The necessity for correct colliders
meant that only produce a few di erent synthetic human models could be produced,
but for those models, an arbitrary amount of data could still be produced.

2.4.1 Data augmentation

Data augmentation is a technique that arti cially in ates a data set while also preserv-
ing the labels of the original data §]. Transforming the input image helps the model

to reduce generalization errors by forcing it to learn invariant representations. Data
augmentation has been shown to lead to great improvements in deep learning models,
both for performance and generalization. It is particularly useful when training data
are scarce and the model fails to grasp the entire variance of the data distribution
from the training set [42]. While there are several di erent ways to augment the train-
ing data, this thesis has focused mainly ophotometric and geometric augmentations

Photometric augmentations are transformations that alter the RGB channels of the
image. It does this by changing each pixel value to a new value that is de ned by
the augmentation technique. Geometric augmentations map individual pixels to new
destinations and thus change the geometry of the imag6].[ The augmentations
are implemented using thealbumentations Python library, which has a plethora of
di erent techniques to use [43].

2.4.2 Bridging the domain gap

One important issue that arises when using synthetic data is minimizing théomain
gap between synthetic and real world imagesl{), i.e., the visual di erence. This
could mean generating synthetic data which is more photorealistic. In this speci c
work, the photorealism is partly limited by the graphics engine, which is reason
to believe that the usability of synthetic images will improve as the engines which
produce them improves. There are other methods, such demain randomization
and augmentations, as described in Section 2.4.3 and Section 2.4.1 respectively, which
also work towards bridging the domain gap.

2.4.3 Domain randomization

The main idea of domain randomization is, instead of training the model in a single
environment, it is exposed to a myriad of di erent environments. With enough

14



2. Theory

variability in the training images, the real-world testing images will appear as just
another variation of the training [44].

Inspired by [45) new images were rendered, with an atypical background and also
with ying distractors. In other words, the typical car interior could be replaced with
another background. The ying distractors are objects such as circles, rectangles,
and also seat belts. Correct annotation was added for ying distractor seat belts.
The objective is to increase variability and also make the model more robust to
identifying the relevant object regardless of the rest of the image, making the image,
or more speci cally the seat belt, invariant to its environment. In Section 3.3.2 some
image examples of the domain randomization are shown.

2.5 Interpretability

Machine learning models are often so-callddack boxesThis could mean that they
are too complex for human understanding, e.g., deep neural networks, or simply that
they are hidden for proprietary reasons. The models investigated in this thesis falls
under the rst category. Understanding a model's predictions can be very important
for further development, e.g., by understanding and correcting the reasons for bad
predictions. In the case ofimage classi cation models the common methods of
explanation focus on the model's ability to identify relevant features in the input
images, e.g., given an input image of a cat, the model predicted the correct class
"cat" by identifying the features belonging to the cat. A common approach to
visualize this explanation method is throughsaliency maps[4€], which evaluates
each pixel's impact on the probability of a speci ¢ class and visualizes it as a heat
map. This approach is intuitive when explaining classi cation models. In the case of
segmentation models, however, this explanation method is not as intuitive, since the
prediction itself shows the highlighted features.

2.5.1 Guided Backpropagation

By implementing Guided BackpropagationGBP) [47], a segmentation model can
be interpreted by visualizing what it has learned. While in the original paper the
implementation of GBP was performed on a classi cation model, it has since been
successfully adapted to a segmentation moddélg. The method is an extension of
the standard backpropagation algorithmAs a rst step a forward passis performed,
l.e. an input image is propagated through a trained network up until the last
convolutional layer. For each layer, the ReLU activation function is applied to the
feature maps, such that all features with negative values are set to zero. lfétbe
the i:th feature in the |:th layer feature map, then the forward pass process can be
described as

f!*1 = ReLU(f!) = max(f/;0) (2.10)

Then, starting from the last convolutional layer, a backpropagation is performed,
where the gradients with respect to the activations are calculated and then propagated
backward using the chain rule. Again the RelLU function is applied, only allowing
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positive gradients to propagate backward. Lel] be thei:th gradient in the I:th
layer, then the modi ed backpropagation can be described as

o =(f/>0)d™ > 0o)g* (2.11)

where the expressions in parenthesis are logical operators, yieldihd true and 0
if false. The resulting gradients at the input layer will represent the importance of
each pixel in relation to the output 6. If negative gradients were included in the
visualization, they can result in noisy images47]. This was the motivation behind
the use of GBP.
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Method

This chapter explains the di erent methods used to evaluate the usability of the
synthetic data, which includes both evaluating the synthetic data on its own, as well
as using it as a complement to real-world data. It explains the di erent datasets,
both containing synthetic and real-world data, that are being evaluated. The
implementations of augmentations and DR are also described.

3.1 Choosing the model

All models tested in this work are imported from the PyTorch software library
segmentation_models_pytorch [49], where numerous encoder/decoder setups are
implemented. A list of all setups used in the project can be seen in Table 3.1.
Note that each decoder is compatible with each encoder, and all combinations are
explored. To get a reference for which network was used and how the architecture
was implemented, see Section 2.2.

Encoders Decoders
ResNet18 FPN
ResNet34 DeepLabV3
ResNet50 DeepLabV3+
ResNet101 Unet
ResNet152 Unet++
LinkNet

Table 3.1: List of all encoders and decoders used

Regardless of which architecture a segmentation model has, it takes an image of a
car occupant as input and predicts which pixels, if any, contains the seat belt. The
outputted prediction has the format de ned below.

De nition:  Given an input imagel with dimensions(m; n), the prediction outputted
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by the segmentation model is a matrixA of sizem n with elementsa; such that
8
< 1; if pixel at (i,j) in | is predicted as seat belt
8 = P (i.)) P (3.1)
-0 else
Note that De nition 3.1 regards binary predictions, e.g. when only the seat belt is
segmented. The case where multiple classes are predicted, which is also explored, is
explained in Section 3.3.4.

3.2 Data

The available data consist of a vast amount of synthetic data (as described in Section
3.2.2) and a limited amount of real world data (Section 3.2.1). The synthetic data was

provided by Internal Perception at Volvo Cars, who were given continuous feedback
by the authors, attempting to decrease the domain gap (Section 2.4.2). The used
real data is provided by Volvo Cars. It was originally collected for the master's thesis

[17] which, in regards to seat belt segmentation, laid the foundation for this work.

3.2.1 Real data

The real data was collected by placing a video camera aimed at the front passenger
seat. The data consist of a total of eleven test persons, where 40-60 frames of each
person have been collected from the respective video recordings. Attempts have been
made to generate a natural variation in the data, i.e. recording during di erent light
conditions, with the passengers both belted and unbelted, wearing the belt correctly
and incorrectly, as well as recording empty passenger seats.

The data is divided into two subsets (see table 3.2), one consisting of images of four
test persons which is used as a test set, and another one consisting of images of the
remaining seven test persons which is used for integration in training, as described
in Section 3.3.3. This split was made to ensure that the test set only consists of, for
the model, previously unseen images.

Use # images # test persons
Testing 222 4
Training 341 7

Table 3.2: Division of available real data

3.2.2 Synthetic data

The synthetic data consists of synthetically rendered images, produced in the Unity
engine by Internal Perception at Volvo Cars. The synthetic data has evolved during
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the work on this thesis. These steps of evolution will hereon be referred to as
generations of which six have been introduced (see Figure 3.1 below). This evolution
Is a result of continuous feedback from the authors. In part, the feedback has been
inspired by poor predictions, e.g. increasing the portion of images of non-belted
occupants to improve the predictions in such scenarios. Feedback has also been
results of trying to bridge the domain gap (see Section 2.4.2) between the synthetic
and real data, such that each new generation aims to add variation inspired by
real-world natural variation. These natural variations regard the color of cloth-
ing, variations of light (such as angle of incidence and intensity), car interior color,
seat belt color, seat belt placement (such as over and under shoulder), occupant's
placement (such as di erent rotations in seat and arm positions which obstruct the
visibility of the seat belts). Some of these variations are visualized in Figure 3.2 below.

The sixth and last generation is a result of the development team obtaining a new
software license, leading to greatly improved details on the occupants, adding faces,
gender, hair, and actual clothing objects. By adding labels to more features in the
images, such as shirts, pants, and skin, the impact of context is explored, as described
in Section 3.3.4. The details of speci c generations are summarized below.

First generation -  Include color variations in car interior, seat belts, and
occupants. The occupants are single-colored dummies.

Second generation - Improved seat belt colliders, i.e. the way the seat belts
interact with the occupants made more realistic.

Third generation -  More car interior colors, especially colors similar to the
seat belt. Includes images with unbelted occupants, as well as images without
occupants. Added multiple colors on occupants, simulating clothing and skin.
Fourth generation -  Added light variations and shadows to simulate sunlight.

Fifth generation -  Added more seat belt colors.

Sixth generation -  Greatly improved the appearance of occupants, adding
clothing, faces, and hair. Also added multiple labels as explained in Section 3.3.4

3.3 Training

The applicability of the synthetic data is explored with several di erent approaches.
Using a xed synthetic data set during training, the network, i.e. encoder/decoder
combination as described in Section 3.1, with the highest performance when tested
on the real data test set is explored.

Training is performed on all generations of synthetic data separately, as well as on
data sets with mixed generations attempting to further increase variation. Di erent
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Figure 3.1: Six generations of the synthetic data in chronological order, going from
left to right, starting at the top. The fth generation's belt color addition is here
visualized with an empty seat, which was added in the third generation
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