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Abstract

Detecting the exact location of objects enables more sophisticated assistance systems
and robots to excel in a multitude of scenarios and industries. At the manufactur-
ing plants of Volvo, there is ongoing research looking into integrating collaborative
robotic systems for collaborative assembly, stand-alone bin picking, and quality in-
spection. Object recognition, instance segmentation, and pose estimation have been
identified as crucial parts for solving these problems. The aim is to implement flex-
ible end-to-end solutions, where new assembly parts can be integrated with ease.
Because of this, the implementation is limited to the use of synthetic data and RGB
images.

In this thesis, two dilerkent networks are trained solely on rendered data, and
their suitability for dilerent applications is evaluated. We show that for instance
segmentation, MaskRCNN generalizes well to real images, but its performance wors-
ens when the scene is subjected to direct light or when the objects are obscured.
Furthermore, the performance with dilerknt types of data augmentations is eval-
uated and the problems that arise when optimizing a model for real images using
synthetic data are illuminated.

A graphics rendering tool, The Blender Python API, was used to generate datasets
for the two dilerknt networks. Compared to previous work, on which this thesis is
built on, the class list was extended, and randomizing parameters were removed.
The rendered objects were then composed with the SUN2012 Pascal collection as
backgrounds. Both networks were trained on this data and then evaluated using the
metrics: intersection over union (loU) for semantic labeling and Average Distance
(ADD) on both captured and rendered images for pose estimation.

PVNet uses a more shallow network for object segmentation that obtains good
results on synthetic validation data but more varying results when validating on real
images. On synthetic validation, we obtained similar pose estimation results with
assembly parts as we did using a LineMod object with the LineMod settings. This
means we can expect similar results as PVNet’s author received with "fully” trained
models at 200 epochs. On real images, the method starts to perform worse after
50 epochs. The degree of accuracy could be good enough for bin picking, but more
accuracy is needed in order to implement it into a quality inspection toolbox.

Keywords: Convolutional Neural Networks, Deep learning, Instance Segmentation,
Pose Estimation, Semantic labeling, Synthetic data.
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Introduction

In this chapter, the general background to the problem, as well as the purpose and
scope is explained. A number of questions to be answered throughout this master
thesis has been formulated and nally some crude limitations and contributions are
stated.

1.1 Background

Throughout the nal steps in the production line at Volvo's manufacturing plants,
there are lots of detailed instructions regarding assembly that the operator needs to
execute in order to ensure the best possible nal product. This part of the factory
could, therefore possibly be improved with the use of collaborative robots where the
production can bene t from the agility of the humans and the repeatability of the
robots. In order to enable robots to work in an environment tightly coupled with hu-
mans, they would need systems for detecting where the humans are positioned at all
times, e ectively avoiding collisions and optimizing the resource allocation of shared
tools. Incorrect assembly of the engine can become both costly and time-consuming
for all parts involved. Therefore the manufacturer, as well as the customer, could
benet from a computer vision system that continuously checks if assembled parts
are mounted, and done so correctly.

Quiality inspection in manufacturing can be in the form of detecting anomalies and
defects, but also verifying if objects are assembled correctly. It can be achieved by
estimating the pose of the assembled components and checking if this is any di erent
from a stored ground-truth. To perform this well, a robust pose estimation method
with high accuracy is necessary. The pose estimation problem is well known within
academia and previous attempts to solve this are mostly either based on template
matching [25], keypoint-based methods [26] or dense methods [27]. However, the
biggest challenges for template matching methods are truncations, which makes
these methods not applicable to this industrial setting. Also, when using keypoint-
methods that produce heatmaps, they perform poorly when those are not found,
due to object occlusion or truncation. Dense methods are more computationally
expensive, but are also more robust. It is most common to nd that these use
images with depth information (RGB-D) for more straight forward point-to-point
matching.

When training a supervised convolutional neural network (CNN), a large anno-
tated dataset for training and veri cation is needed. Manually annotated datasets
require extensive human e ort to create, thus making this approach undesirable.

1



1. Introduction

Therefore, it would be bene cial if datasets could be created by utilizing a graphics
rendering engine. Although synthetic data has di erent characteristics than images
captured through a real camera. In computer vision, the real world is non-uniform
and perceived through a lens with some distortion that might also be covered with
some particles of dust or equivalent. The network might, therefore, put too much
emphasis on the rendered properties unless precautions are taken to increase gener-
alization.

Figure 1.1 illustrates the part of the assembly line where the possibility of im-
provements is being investigated. At this specic station, a ladder frame, three
Iters, two oil pipes, and an air intake are mounted on the engine block with M10
bolts.

Figure 1.1: Part assembly location that is being investigated.

1.1.1 Objects

For the investigated section of the assembly line, there are 8 kinds of objects mounted
on the engine. In Figure 1.2 is a visual representation of them at di erent scales.
Each of the objects has more or less unique visual properties.

Figure 1.2: From left to right; Renault bypass lter, Volvo bypass lter,
ladderframe, oil suction intake, U-shaped coolant pipe, S-shaped coolant
pipe, pipe xture, bolt m10.



1. Introduction

Bypass lters: These lIters are either gray with the Renault decal or white
with the Volvo decal and have a dimension a27 10 cm. The rigid body of
these lters is the same, making the texture the only distinguishable feature
between them. The lters are threaded downwards into the engine block during
assembly, and will usually be seen in an upright position.

Ladder frame: The ladder frame has a dimension &7 25 cm, making it
the largest object to be mounted in this part of the assembly line. There are
12 equidistantly spaced large holes, three smaller ones for the di erent pipes
and 24 small holes for the bolts. The texture of the ladder frame is matte
metallic. During the assembly, all of the other objects, except the lters, are
mounted on top of it.

U-shaped coolant pipe: This pipe is 27 10 cm in size with a matte
metallic-gray texture. Each of the ends has a purple rubber ring, although if
the pipe is mounted correctly, these seals are not visible. Since this pipe is
symmetric, it can be installed in two di erent ways.

S-shaped coolant pipe: Compared to the U-shaped coolant pipe, the S-
shaped pipe is slightly larger with a size @83 10cm. Furthermore, it is not
symmetric, making it only possible to mount it on the engine in one way. As
the U-shaped counterpart, it has a matte metallic-gray texture with the same
kind of purple seals on each end.

Oil suction intake:  This part is 33 27 cm and is made of black plastic.
On the tip of the object, there is a coarse grid metallic Iter. There is also a
printed bar code on the side of it.

Pipe xture:  The xtures for the U- and the S-shaped coolant pipes are
10 4 cm in size and has a dark matte metallic texture. They have two
smaller holes for the bolts and a larger one for the coolant pipe.

Bolt m10: The bolts are anged, 30 mm long, with an m10 threading thereby
the smallest part in this step of the assembly line. The texture is black and
metallic, and they are all mounted along the edges of the ladder frame.

1.2 Instance segmentation

Instance segmentation is the act of predicting which pixels correspond to a specic
object given an image. What separates it from semantic labeling is that it will also
be able to detect di erent instances of the same object.

1.3 Pose estimation

Pose estimation is the act of estimating the orientation and translation of an object in

a coordinate frame. Pose estimation can be done from RGB images, RGB-D images,
and point clouds. More rich information usually yields better results, although, in
this thesis, the focus is on using solely RGB images.
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1.4 Purpose

The purpose of this thesis is to evaluate the performance, applicability, and feasibil-
ity of implementation of state-of-the-art instance segmentation and pose estimation
with neural networks in the production line, when these methods only have access to
synthetically generated data. It would be bene cial for Volvo if the proposed meth-
ods could be incorporated into a quality inspection toolbox and bin picking robots
that can be implemented in their manufacturing plants. This is one stepping stone
toward a more automated factory where humans and robots work jointly together
in an open environment.

1.5 Research Questions

This master thesis attempts to evaluate the generalization achieved by training two
di erent neural networks on synthetic data using inference on captured images.
Mask R-CNN and PVNet are both methods that execute semantic labeling, while
PVNet is also attempting to solve the pose estimation problem.

The question to be answered with respect to instance segmentation is:

Do we get a better result with Mask R-CNN after using a di erent data gen-
eration approach and using data augmentation?

What can we expect in accuracy, when running inference on real images?

The evaluation criteria used to determine the accuracy is: precision, recall and
Intersection over Union (loU).

How does PVNet, trained on synthetic data, perform on synthetic and real
validation sets?

The evaluation of this part will be done by analyzing results from loU and the ADD
method.

1.6 Limitations

The main focus is to implement working algorithms for instance segmentation and
pose estimation. In order to do this, designing a synthetic data generator for each
method is also of high focus. The end goal is to see how well each method performs
on synthetic data and real data respectively. Then, combined with a relative pose
algorithm, it will be evaluated if it is viable to verify the quality of the assembly
based on these methods. The speed of the algorithms developed will not be the
primary objective of this work, but rather, the focus is to investigate how feasible
this approach is for solving the problem accurately enough with the set limitations.

4



1. Introduction

1.7 Contribution

Throughout the duration of this thesis, an extensive literature study on theory
related to di erent types of machine learning, as well as state-of-the-art algorithms
for instance segmentation and pose estimation has been performed. Mask R-CNN
has been modi ed to t our purpose, then trained and evaluated. Mask R-CNN has
also been implemented to run live inference on an Nvidia Tegra Xavier. The previous
work related to instance segmentation has been extended, and a comparison of the
previous and current results has been performed. PVNET has been implemented,
modi ed, and evaluated. The dataset generation pipeline has been designed in order
to be compatible with the training scheme of Mask R-CNN and PVNET, where Mask
R-CNN is trained over six di erent classes, whereas PVNET is trained on four. All
classes are present in the relevant section of the engine assembly pipeline at Volvo's
factory. The data is constructed from rendered model les and is therefore purely
synthesized. Scripts for camera calibration, pose projection and plotting scripts
were created with the use of libraries from OpenCV, transforms3d, numpy and
Matplotlib. Pre-processing of data involved the use of pythons pickle library, PIL,
and OpenCV. Visual debugging tools were created with the Matplotlib, PIL, and
OpenCYV library. The neural network frameworks PyTorch, Tensor ow, and Keras,
were used for modifying the neural networks. The Blender Python API was used
to generate datasets for the two di erent networks. Object key points were selected
with the FPS algorithm proposed from PVNet's library.

1.8 Ethical & Sustainability Aspects

Viewpoints regarding ethics and sustainability are needed to be taken into con-
sideration. In this section, two aspects have been identied. The rst is directly
connected to this project, and the second one is more linked to the long-term goal,
which this thesis is a part of.

1.8.1 Personal data privacy

When deploying a quality control system using cameras, workers at the factory will
nd themselves being recorded, which might compromise their privacy. The data
is, however, not stored at this instance of the project, but merely evaluated by the
developed algorithms. To evaluate algorithms during the development, the data
saved might not be GDPR compliant without individually issued contracts.

One solution to this problem is to have representatives from the workers union at
the negotiation table while developing the necessary precautions for setting up the
system in the factory. This is done by an assigned team at Volvo and falls outside
the scope of this master thesis.

1.8.2 Meaningful workdays

A substantial amount of time in people's life is dedicated to their workdays. For
people to cope with their work, in the long run, they need to nd meaningfulness

5



1. Introduction

in what they do. According to UN Committee on Economic, Social and Cultural
Rights, (CESCR) [28], this extends to a part of one of the Sustainable Development
Goals set by the UN where it reads as follows:

"rights also include respect for the physical and mental integrity of the
worker in the exercise of his/her employment.”

This master thesis is a small piece in the process of further automating tasks through-
out the assembly line. This automation might, in the long run, simplify the factory
workers' task to an extent where they do not feel enough cognitive satisfaction. De-
pending on the person, the workers might also feel intrigued by being able to work
with robots. Another aspect of this is that collaboration with robots might be a
more complex task than it currently is, where humans and robots work separately.
This might increase the level of cognitive abilities a worker needs in order to be able
to perform the task in a su cient manner. People who are unable to attain this
level of skill would then fall outside the category of employable workers. On the
other hand, such a system could also enable people with physical disabilities to be
included in the workforce, thus making society more inclusive for them. Since this
Is not a direct consequence of this master thesis, a solution to this matter will not
be taken into consideration in this project.



2

Introduction to machine learning

Since the methods used throughout the thesis utilizes neural networks, theory re-
lated to machine learning and neural networks is explained in this chapter. Further,
some common frameworks are also introduced.

2.1 Supervised and unsupervised machine learn-

INg
Two common categories of learning styles in machine learning are supervised learning
and unsupervised learning. In supervised learning, both the target output, i.e., the
labeled data, and the input is fed into the network at the training stage. The model
is tted to the relationship between the input and target output in an iterative
manner. A validation set is used in order to determine the error on new data, as
Is an indication on how well the network generalizes. Depending on the type of the
target variable, the network is either facing a classi cation or a regression problem
as illustrated in Figure 2.1. All machine learning algorithms in this master thesis
belong to the supervised learning class.

In unsupervised learning, there are no labels or ground truth data, as shown in
Figure 2.2. The key idea is to learn patterns and similarities on some data set, which
then are grouped depending on their di erent similarities. Depending on which aim
the network should achieve, the problem class can be separated into clustering or
association problems. Clustering is grouping a set of data in such a manner that
all of the objects in the same group are more similar than to those belonging in a
di erent group. The association deals with nding consecutive links between data
that does not necessarily make them similar.
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Figure 2.1: In supervised Figure 2.2: In unsuper-
learning, the training is vised learning, the net-
done with ground truth la- work does not have access
bels. to any ground truth.

2.2 Neural networks

Neural networks are comprised of algorithms that recognize trends and patterns
in data. They are loosely modeled after the human brain and performs well in
generalization tasks. Neural networks are already being used today in an increasing
number of applications. An example of a simple neural network is shown in Figure
2.3. The input layer is tted to the set from which to extract data. The hidden-layers

in the middle are the means of extracting the most useful features and trends that
exist in the input data. The output layers are the extracted information, typically

in the form of a vector with probability values.

Figure 2.3. Example of the infrastructure of neural networks. [1]

2.2.1 Backpropagation

Backpropagation is used in order to update the weights in a neural networks. Look-
ing at Figure 2.3. Each connection between di erent nodes inherently holds a weight.

8
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At each node, all values from each connection are summed and an external bias is
also added. These sets of weights and biases make up a function that predicts an
output based on the input. If the network is well-trained it can handle new cases it
has not seen before with a very good accuracy.

ng 1
Co= (aj(L)

j=0

yj)? (2.1)
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The activation, denoteda]-L, at the j-th neuron in the L-th layer are described with
equation (2.2). The function wrapping the whole expression represents a type of
activation function that normalizes the number between zero and one. The sigmoid,
or hyperbolic tangents and recti ers shown in Figure 2.4 are commonly used in the
activation layers.

Figure 2.4: Activation functions: sigmoid and recti ed linear unit.

Using the chain rule the sensitivity of the cost function with respect to the weight
at the last layer is calculated by identifying the respective derivatives.

@c _ @ ef’ @¢’
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Equation (2.3) describes how the chain rule can be used to describe the change in
the cost function for a fully connected node in layer "L", with respect to the change

in the weights between a single node "k" in layer "L-1" to another single node "j" in
layer "L". Each term is the results calculated in equations (2.4), (2.5) and (2.6).
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@ _ o

— = 2.6

@ EN (2.6)
L is the number of layers in the networky is the desired output,b is the bias,

J represents the number of the node in that layer. In in a classi cation setting, y

in equation (2.2.1), would always either be a 1.0 or a 0.0, depending on what the

ground truth actually is during training.

@ %! @ eof e’
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Average over all the batches in one training set is calculated as such:
@c _1X* @¢ (2.8)

As shown in equation (2.9), each term represents the cost functions sensitivity with
respect to weights or biases. Each term will be calculated with respect to the weights
between the last node and the second-to-last node, which again is a ected by the
nodes wired with that one.
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2.2.2 Tensors

Tensors are the primary data structure used in neural networks. A tensor can
be formulated as a mathematical generalization of other more speci c instances of
other datatypes. A scalar, vector, matrix, and an N-dimensional array can all be
generalized as a tensor with 0, 1, 2 and N-dimensions respectively. There are three
dimensions present in an RGB image, height, width, and a color channel. This
information is then stored as a tensor and passed into the network. In order for the
neural networks to work with images of di erent resolution and aspect ratios, it is
practical to generalize the functions handling the input tensors. One way to do this
Is to atten the tensor. This is done by reshaping it to a one-dimensional array and
then squeezing it, so it is considered as a tensor with only one element inside.

10
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Figure 2.5: lllustration of di erent tensors. [2]

2.2.3 Deep neural networks

Deep neural networks di er from more shallow ones in the sense that they consist
of more hidden layers. Hyperbolic tangents or sigmoids may result to vanishing
gradients. In particular, these activation functions cluster the weights around zero
and one, and thus the gradients will be almost zero in many cases.

The other extreme is exploding gradients, which happens when the solution sur-
face is rapidly changing. A remedy to this problem is to implement a gradient
checker that reduces the length of the vector if it is above a certain threshold. This
method is called clipping and is a simple way of not overextending in search for the
minimum.

2.2.4 Convolutional neural networks

Convolutional neural networks are biologically inspired models that work in a similar
fashion to the mammalian visual cortex. The mathematical architecture has distinct
local connections, layers and utilizes spatial invariance of visual information. Each
layer is a mathematical kernel operation applied to the previous state of the image.

Figure 2.6: lllustration of a convolutional neural network. [3]

For object recognition networks, the rst step is to load an image as the input.
Then the size of a receptive eld is chosen, and a convolution operation is performed

11
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in a sliding window manner. The result of this operation is the dot products of the
kernel and the respective receptive eld of the original image. The kernel size can
vary in the rst and second dimension, but will always need to match the depth of
the input images. Secondly, a suitable activation function, like a recti ed linear unit
(ReLU), is used on the inputs to each node. Thirdly, a pooling operation is applied
in order to extract essential features, while reducing the number of dimensions.
These three operations are then repeated in the same sequence throughout the
feature learning part of the network. The feature learning part will usually consist
of more than three layers in CNN's, which corresponds to at least three rounds of
convolution, activation and pooling. After the feature learning phase, comes the
classi cation phase. The last layer is attened and connected to a fully connected
layer, which corresponds to the same number of classes that are to be detected.
After the fully connected layer, the feature ndings are converted to a probability
distribution, softmax or similar, over all the classes. This enables the network to
propose the class with the highest probability to the user of the CNN.

This architecture can further be altered to output the bounding box and mask of
an object. The main di erence is that gradual bilinear upsampling of the features
is performed until the image has reached its original dimension. As illustrated in
Figure 2.7, an image of a dog is classi ed and masked through a deconvolutional
network.

Figure 2.7: Convolution and deconvolution of a dog image. [4]

While a majority of all the parameters in a network consists of weights and
constants, there are also some hyper-parameters needed to be determined before
the training is initiated. Some of them are described in the list below.

Number of Classes is a measure of how many classes that the network is supposed
to classify.

Kernel Size determines the size of the convolutional kernel / lter.

Padding is done by adding values, usually of zero, outside the borders and is done
in order to retain the information that exists at the edges as well as hinder
shrinking of the convolutional output. The size of the padding needed depends
on the size of the convolutional kernel.

Stride describes the step size of the kernel operations.

Pooling is a way to reduce the complexity of the model while retaining most of
the most important info after the convolution and activation operations are

12
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performed. Max pooling is popular because it creates sharp and relevant
features. Average pooling and sum pooling are other methods. In addition
to the pooling method, the size of the pooling is also important to de ne.
Adapting the pooling size to match the input dimensions is also possible.

Figure 2.8: Convolution with a3 3 kernel, stride of 1 and padding
around the border. [5]

2.3 Training Neural networks

In order to train the network the data, optimizers, network architecture, batch size,
learning rate and tensor handling framework etc. needs to be speci ed.

2.3.1 Optimizers

Optimizers are algorithms used for minimizing the loss function. The solution mani-
fold is non-convex for all neural networks in supervised learning, because the activa-
tion functions are non-linear. This is why the complexity and shape of the solution
manifold changes with each layer in the neural network. For deeper networks, the
optimization has a higher global minimum convergence rate. In the sections below,
some of the most popular optimizers are described.

Stochastic Gradient Decent  and batch gradient descent are the most common
and straight-forward optimizers. Stochastic gradient descent is an iterative
optimizer which calculates the steepest gradient direction and then steps in
that direction in order to nd the global minimum.

Adagrad is an optimizer that adapts di erent learning rates for individual features.
This is especially good in scenarios where many input examples are missing,
such as sparse datasets.

Adam stands for adaptive moment estimation, and is utilizing knowledge of past
gradients to calculate the current ones. It adds a fraction of the previous
gradients to the current update vector, e ectively creating momentum.

13
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L-BFGS is a limited memory modi cation of the well known Quasi-Newton method
Broyden-Fletcher-Goldfarb-Shanno algorithm (BFGS), which works by ap-
proximating the di erences of past gradients. The BFGS' Hessian approxi-
mation is calculated over the whole history of gradients, whereas the L-BFGS
is calculated over a limited history of past iterations. The latter method is
used in the context of neural networks because the number of parameters in
the problem is often in the millions. The method is preferably implemented
with trust regions or online search for ensuring some convergence.

2.3.2 Batch size

Combining all the gradient suggestions from the optimizer into a batch enables
less frequent update of the weights as the vectors are combined into one over the
entire batch. Although small batch size gradient descent gives empirically better
generalization, a higher minibatch trains the network faster and allows for batch
normalization. According to Masters and Luschi [29], Wilson and Martinez [30] a
batch size should not exceed 32 when using batch normalization and without batch
normalization, there are performance gains even at a size as small as two.

If there is high cooperation between the local and global gradient, online training
is faster. The previous steps do then cancels out with respect to progressing towards
the global minimum since they are all pointing towards the same direction. If the
cooperation is low or unknown, however, the solution manifold is not very smooth,
and the solver will be more robust and have a higher chance of convergence if batches
are used.

2.3.3 Training set size

A general rule of thumb is to have at least ten times as many data points as degrees
of freedom in the model. This is, however, heavily dependent on the complexity of
the model and if regularization is used. With the use of data augmentation, such
as re-sizing, ipping, rotating of other pixel-wise operations, the size of the data
set can be increased. This is also a strategy that can be used in order to make the
neural network more con dent and robust in its generalization.

2.3.4 Regularization

Memorization is not the same as learning, so considerations need to be made with
regards to training a model. In the sections below, there are two ways of regular-
ization, which will ensure that one will end up with a model that should be aptly

t for the task at hand.

Early stoppage can facilitate the process of ensuring that the network is not over-
tting, a portion of the data set can be excluded from the training as a valida-
tion set. This data will not be trained on, but rather fed forward through the
network within xed intervals while training. If the validation error diverges,
it is a sign that the model has crossed the optimum between generalization
and speci cation.
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Dropout is a method proposed by [31] that enables and disables nodes in a layer.
This is done in order to force the network to discover new paths of logical
ow, thus increases generalization and prevents over- tting. The probability of
dropout is generally below 50 percent, and most newer deep learning networks
are utilizing one dropout layer.

2.3.5 Normalization

Normalization is a technique often applied as part of data preparation at the input
level of the model. The goal is to change the values of numeric columns in the
dataset to a common scale, while keeping the di erences in the ranges of values.
Two types of normalization techniques commonly used are listed below.

N

Batch Normalization is based on the mean and standard deviation of the
datapoints in the batch.

N

Batch Renormalization tries to nd a global normalization based on both
the training data and the inference data. This is achieved by keeping a moving
average asymptotically approaching a global normalization.

2.3.6 Transfer learning

Transfer learning is the act of using a network that has been trained to perform a
similar task and adapt and retrain the last layers for the new problem. Successfully
doing this reduces the computational e ort of training the network for the new task,
but it also has the potential to yield better performance when, for instance, the
amount of training data is limited or restricted.

The model used as the starting point for transfer training is called a backbone
network. When choosing a backbone network, the main tradeo is usually the
computational complexity of the network during inference, the size of the last layers
when retraining and how well the network performs on a similar task. In Figure 2.9
di erent models with their respective accuracy on the image classi cation task can be
observed. The size of the circle is the number of parameters in the form of weights
and biases. This number is directly linked to the computational complexity of
retraining it, and, as can be seen in the gure, increasing the numbers of parameters
does not necessarily mean that the network has better performance on a specic
task.
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