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Abstract

Tracking 6D poses of objects from videos provides rich information to
a robot in performing different tasks such as manipulation and nav-
igation. Particle Filtering and Bayesian techniques provide a sound
theoretical framework to solve this complex problem by leveraging
the power of features from Computer Vision (Fantacci et al., 2017)
or from Deep Neural Networks (Deng et al., 2019a). Despite interest-
ing results, the previous frameworks either use features that may be
not discriminative enough, considering the large variety of poses and
viewpoints of an object as seen by a camera (Fantacci et al., 2017),
and/or suffer from severe object occlusions. Also, some of the ap-
proaches might provide the best results only at low frame rates which
make them unsuitable for real-time applications. The pose estimation
problem is further complicated in case of a monocular RGB camera,
so without the depth information, nor the possibility to derive it with
binocular disparity.
In this thesis, the method proposed in PoseRBPF(Deng et al., 2019a)
was adopted, implemented and improved. The method works on
RGB input and integrates recent results on learning discriminative
features for 6D object pose estimation with more classical filtering
approaches. In particular, this framework introduces a Particle Filter-
based approach to estimate full posteriors over 6D object poses. This
is achieved by factorizing the posterior probabilities into the 3D trans-
lation and the 3D rotation of the object using a Rao-Blackwellized
Particle Filter. To obtain accurate estimates and real-time perfor-
mance, the 3D rotation is discretized and a codebook is computed
over the embeddings for all the discretized rotations. The embeddings
are computed with an Auto-Encoder network, trained to reconstruct
the full object even in the presence of significant transformations, oc-
clusions, light chances.
The implementation developed with this work exploits the GPU to
allow to track different objects, also in case of partial and complete
occlusions, providing acceptable frame rates. The proposed work has
been tested on the YCB-Video dataset, a state-of-the-art benchmark



featuring strong object occlusions, and compared with the other meth-
ods tested on the BOP Pose Estimation Benchmark (Hodan et al.,
2018).
The results reported in this thesis in particular show improvements
over the original method, in terms of accuracy with respect to scale
changes, that were obtained by modifying the training approach for
the adopted Augmented Auto-Encoder.
This thesis has been developed in collaboration with Istituto Italiano
di Tecnologia, in the department of Humanoid Sensing and Perception
(HSP).
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Chapter 1

Introduction

In this chapter we will contextualize and introduce the problem of 6D pose esti-
mation in robotics.
We will �rst introduce the problem of estimating the 6D pose from a single RGB
image in Section 1.2, then in Section 1.3 we will discuss a possible approach to
exploit the temporal correlation and hence use a �lter to track the pose in time.

1.1 The Role of Vision in Robotics

Humanoid robots are raising great interest in the research community. They
are versatile platforms and can be used in several application scenarios since the
match with human dimensions and degrees-of-freedom facilitates the operation in
human-made environments and with human-made objects and tools. For these
reasons, they are equipped with a wide variety of sensors to perceive and interact
with the real world.
However, these robots have complex mechanical structures and long kinematic
chains (e.g. the iCub humanoid robot (Mettaet al., 2010) has 53 mechanical
degrees-of-freedom { see Figure 1.1) which are di�cult to model and calibrate
in order to perform even the most basic tasks with great accuracy. Moreover,
the robot's proprioception may be in
uenced by a number of factors, including
measurement noise, sensor distortions, mechanical linkage interactions, friction
and so on.
A precise estimation of objects' position and orientation using vision is also af-
fected by errors, introduced by imprecise knowledge of the cameras extrinsic pa-
rameters. This problem is especially present in the situations where the cameras
are moving to simulate the human oculomotor system. The extrinsic parameters
are required to translate from the camera reference frame to the world reference
system, which in general do not coincide.

1



1.1 The Role of Vision in Robotics

Figure 1.1: The iCub humanoid robot performing grasping task, using camera
information. Figure adapted from (Vicenteet al., 2017).

As a consequence, several tasks in robotics (specially for humanoid robots) are
problematic. They include reaching, navigation, grasping and, in general, the
manipulation with an end-e�ector.
In all these situations, the vision system plays an important role, since it has the
task of simulating the human sense of vision, providing contactless measurements
of the environment.

In this context, it is possible to employvisual-servoing(Espiau et al., 1992), to
compensate errors in the visual domain, and use the produced visual feedback in
order to perform closed loop control of the robot's required task. Therefore, it is
of considerable importance the study of 3D objects detection and their pose (i.e.
the translation and rotation of the object in space), possibly with the associated
measurement of the noise indices. These problems are among the most relevant
ones in control theory and therefore they play an important role in wide range
of robotics applications. For instance, the computation of an object 6D pose
improves performances in robot manipulation and navigation tasks (Denget al.,
2019b).

2



1.2 6D Pose Estimation Problem

1.2 6D Pose Estimation Problem

Given images of rigid objects, the 6D object pose estimation describes the problem
of �nding their position and rotation in 3D space. (Uenohara & Kanade, 1995).
More in details the problem is to estimate the translationt = ( tx ; ty; tz)> and the
rotation matrix R, which together describe the object pose with respect to the
camera coordinate system, as shown in Figure 1.2.

Figure 1.2: Object pose with respect to a camera coordinate system. Figure
adapted from (Xiang et al., 2018).

This is a fundamental problem in 3D vision, which had received great attention
in the recent years, for example in the BOP Challenge 2019 and 2020 (Liu & He,
2019).
Generally, robots trying to grasp or manipulate objects will bene�t from a better
pose estimation, which can be used in many applications including household
helpers or assembly robots. While many pose estimation methods rely on color
and depth data (RGB-D), recently other works consider the task of only using
the color (RGB) information. Depth cameras might fail in outdoor environment
or with specular objects and depth sensors consume more energy (Rad & Lepetit,
2018). Also, RGB cameras are already available on many devices.

However, due to the variety of objects that exist in real world, pose estima-
tion represents a subtle problem, which in general is ill-posed, with respect to the
de�nition of Hadamard. In fact, objects may normally present di�erent shapes

3



1.2 6D Pose Estimation Problem

in the space, the lighting conditions can vary considerably, cluttered scene and
occlusions between objects could a�ect the appearances of the same object, es-
pecially on the projected 2D image planes of the camera.
Moreover, rotation estimation is ambiguous in symmetric objects since certain 3D
rotations are equivalent, under the same point of view (i.e. theaperture problem).
These issues might be still present also in speci�c use-cases, for example when
robots are employed in warehouse. In fact, despite in this context the objects
shapes can be known in advance, the environment might contain several items,
in which there could be occlusions between each other. For instance, they could
be unable to tell the pose of partially (or even completely) occluded objects.
In addition, there are situations in which, due to symmetries, there is not a single
correct answer for the pose of an object, which complicates the task further. In
fact, symmetries are a severe issue when relying on �xed representations of 3D
orientations, since they cause pose ambiguities (see Figure 1.3 for further clari�-
cations).
If not manually addressed, identical training images can have di�erent orien-
tation labels assigned which can signi�cantly disturb the learning process. In
order to cope with ambiguous objects, most approaches in literature are manu-
ally adapted (Hinterstoisseret al., 2012; Kehlet al., 2017; Rad & Lepetit, 2018;
Wohlhart & Lepetit, 2015). The strategies depict tedious, manual ways to �lter
out object symmetries (Figure 1.3a) in advance, but treating ambiguities due to
self-occlusions (Figure 1.3b) and occlusions (Figure 1.3c) are harder to address.
Symmetries do not only a�ect regression and classi�cation methods, but any
learning-based algorithm that discriminates object views solely by �xedSO(3)
representations.
It is also important to consider that, typically, real images are degraded by chal-
lenging conditions such as noise, background clutter, motion blur, and geomet-
rical changes of the target. Generally, these challenges compromise the system's
performance by increasing the probability of high estimation errors. Thus, it is
required an e�ective and robust approach to solve pose estimation under image
degradation.

Classical methods require rich textures on the objects in order to detect fea-
ture points for matching. As a result, they are unable to handle texture-less
objects. (Konishi et al., 2016)

Recent advances in Deep Learning methods have shown great improvements for
the solution of several di�erent problems that deal with images, and pose estima-
tion represent no exception. While early works typically formulate pose estima-
tion as end-to-end pose classi�cation (Tulsiani & Malik, 2015) or pose regression
(Kendall et al., 2016; Xianget al., 2018), recent pose estimation methods usually

4



1.3 Robotic Visual Target Tracking

Figure 1.3: Causes of pose ambiguities.

leverage keypoints as an intermediate representation (Penget al., 2018; Tekin
et al., 2018), and align predicted 2D keypoints with ground-truth 3D keypoints.
Despite that, some problems may occur: occlusions signi�cantly reduce the recog-
nition performance; moreover, symmetric objects cannot be handled by methods
that perform learning with regression between image pixels and 3D object coor-
dinates in order to establish the 2D-3D correspondences for 6D pose estimation.

1.3 Robotic Visual Target Tracking

In robotics (and in a visual-servoing context), it is common to use a �ltering
framework to better control the shape of the �ltered signals to closed loop (Fan-
tacci et al., 2017).
For this reason, it is preferable to use a target tracking system to solve the problem
of 6D object pose estimation. This �lter collects a sequence of noisy measure-
ments produced by the camera (generated from one or more potential targets)
and sub-divide them into a �nite number of disjointed sets of observations, called
tracks (Ristic et al., 2004). A track is a sequence of target state estimates up to
the current time, and normally is an object, a human or another robot.
The fundamental property in tracking a target is the ability to reliably estimate
past and present of the dynamic system, which includes the set of targets, as well
as the prediction of their future states.
Visual target tracking is an element of a wider system, that processes the mea-
sures to form and maintain tracks. This process helps in robotics task such as

5



1.4 Thesis Overview

obstacle avoidance, reaching, grasping, or similar functions. Sensors of various
nature must provide signals to be channeled into the signal processing sub-system,
which will output measurements.
The main di�erence between a traditional estimation problem and a tracking
problem is related to the inaccuracy of the measurements; in other words, the
uncertainty associated with not knowing the origin and the correct association of
the observations with the targets. In fact, the measurements are noise-corrupted
observations, related to the target state. They are typically the result of an esti-
mation/detection algorithm in the signal-processing subsystem.
To build a tracking facility, it is required a target dynamic equation, a sensor
measurement equation and target-originated measurements.
For 6D Pose Tracking, the aim is to tracks the object pose in a stream of images.
With the full pose distribution of an object (as opposed to single pose estimate
given by traditional methods) through time, it possible to accurately captures the
uncertainty in the object's pose. Moreover tracking over time helps disambiguate
the pose of the object. For instance, if an object is visible at some point and
becomes occluded, the method can recover the pose by tracking it from previous
frames.

1.4 Thesis Overview

The considered and developed framework proposed in this thesis introduces a
particle �lter-based approach to estimate full posteriors over 6D object poses.
Among all the state-of-the-art approaches, we proceeded with an implementation
of the PoseRBPF (Denget al., 2019a), based on a Rao-Blackwellized particle �l-
ter. The measurements for the correction phase of the �lter are computed with a
particular Convolutional Neural Network (CNN), the Augmented Auto-Encoder
(Sundermeyeret al., 2019), trained to reconstruct the object even in presence of
signi�cant transformations.

The thesis is divided into �ve chapters and is organized as follows:

Chapter 2 { Theoretical Background : we will explain some basics of Com-
puter Vision, Deep Learning and Bayesian Filtering on which the entire
work is built. In particular, we are going to explain the basic idea of Con-
volutional Neural Network and, in particular, the Auto-Encoder, as well as
the Particle Filter approach.

Chapter 3 { State of the Art : we will review the state of the art on the 6D ob-
ject pose estimation and tracking. We will present the classical approaches,

6



1.4 Thesis Overview

based on Computer Vision, and the related limitations; then, we will move
to more advanced algorithms, based on neural networks.

Chapter 4 { Methodology : we will move to the core of the work carried out,
explaining in detail the �ltering framework implemented to achieve the
tracking task.

Chapter 5 { Experiments : we will explain the setup used for the experiments
and the metrics proposed to evaluate the performances of the proposed
architecture. Then, we will present the experiments performed and the
results obtained.

Chapter 6 { Discussion & Conclusion : we will draw conclusions and sug-
gest possible future works.

7



Chapter 2

Theoretical Background

This work of thesis builds upon Deep Learning and Bayesian Filtering methods.
In this chapter, we will give a brief introduction to the basic concepts that we
are going to build entirely our thesis on.

2.1 Deep Learning

Over the last years, Deep Learning (DL) methods have been shown to outper-
form previous state-of-the-art Machine Learning techniques in several �elds, with
Computer Vision being one of the most prominent cases (Mahonyet al., 2020).
Deep Learning is a subset of Machine Learning, based largely on Arti�cial Neu-
ral Networks (ANNs), used to solve two main types of tasks:supervised , and
unsupervised .
The �rst is done using a knowledge of what the output values (i.e. the labels)
for the samples should be. Therefore, the goal is to learn a function that approx-
imates the relationship between input and output observable in the data.
Unsupervised learning, on the other hand, does not have labeled outputs, so its
goal is to infer the natural structure within a set of data points. DL is used in the
domain of digital image processing to solve di�cult problems (e.g. Image Clas-
si�cation, Object Segmentation and Detection, etc. . . ). Deep Learning methods
such as Convolutional Neural Networks (CNNs) mostly improve prediction per-
formance using big data and plentiful computing resources; this approach has
pushed the boundaries of what was possible: problems which were assumed to be
unsolvable only few decades ago are now solved with (super)-human accuracy.

The reasons why CNNs are very performing in processing images is that they
look at local features, combining them into global features, progressively more
complex; these features are widely used for the resolution of tasks such as those

8



2.1 Deep Learning

mentioned above and also for the problem of estimating the 6D pose.
During the training phase of an ANN, the networks learn some parameters (i.e.
weights) that describe in some way the input image. During this process, two
properties are very important to consider:invariance and covariance with re-
spect to some characteristics. The invariance of a feature with respect to a speci�c
transformation is the property of the �rst one to be equally representative if the
image is subjected to the considered transformation.
On the other hand, the covariance is the property of detecting the same feature in
corresponding location of an image, in the case where two transformed versions
of the same are considered.

2.1.1 Convolutional Neural Networks

Multi-layer networks consist of several layers with Non Linear processing units
called neurons and weighted connections, used to pass on the results of the next
layers. In common approaches these layers are fully connected, meaning that
each neuron in one layer is connected to all neurons of the following layer.
The architecture is analogous to the connectivity pattern of neurons in the hu-
man brain, and was inspired by the organization of the visual cortex. Individual
neurons respond tostimuli only in a restricted region of the visual �eld known
as the receptive �eld.
One of the most common class of ANN is the Convolutional Neural Networks
CNN. In particular, these are multi-layer Neural Networks, developed for array-
like input as images. The CNNs assign importance (i.e. learnable weights and
biases) to various aspects/objects in the image so that they will be able to dif-
ferentiate each one from the others.

Convolutional Layers

The CNNs are based on convolutional layers, which perform the analogous math-
ematical operation, widely used in Computer Vision: given an imageI , and a
small (mk � nk) dimensional array K , called kernel or �lter, the convolution,
K ~ I , of K and I at indices i and j is given by:

(K ~ I )( i; j ) =
mkX

m i =1

nkX

n i =1

I (i � mi ; j � ni ) � K (mi ; ni ) (2.1)

The operation convolutes the image with a �lter of a usually small size and
produces another image as an output. It is important to understand that the
value of a speci�c pixel calculated by the operation, only takes information from
the local surroundings (i.e. apatch) of the input image around this pixel position.
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The size of the patch is called thekernel size.
The response will be high if the patch of the image around this pixel (receptive
�eld ) contains a feature which is similar to the information coded inside the �lter.
The key idea of the convolution operation is that pixels that are close together
are more likely to form relevant connections than pixels which are far away from
each other.
To perform the operation, it is required to construct a convolution kernel with
the same number of input channels as the input data, so that it can perform
convolution with the input data. For example, an RGB image has shape 3� m� n,
where the axis of size 3 is the channel dimension.
If the convolutional kernel's window shape is (mk � nk), so it is required a kernel
of shape (ck � mk � nk), with ck = 3.
Since both the input and convolution kernel have the same numbers of channels,
it is possible to perform a convolution operation between the 2D input and the
2D kernel for each point, summing over the channels to yield also a 2D output.
To perform a 2D convolution between a multi-channel input and a multi-input-
channel convolution kernel, it is necessary, for each channels, to overlay the �lter
to the input, perform element-wise multiplication, and �nally add the result.
After this, the overlay is moved right by one position (or according to the stride
setting), and the same calculation above is performed to get the next result, and
so on for the entire image.
It is also possible to take into account a padding factor: padding allows to use
a Convolutional layer without necessarily shrinking the height and width of the
volumes. This is important in case of deeper networks, since, without padding,
the height/width would reduce as the layers go deeper. In addition, it keeps more
information about the border of an image. Moreover, padding is useful in case
also the values on the borders of the image must be taken into account (otherwise
these are completely ignored during the convolution. Without it, very few values
at the next layer would be a�ected by pixels as the edges of an image.
An example of a 2D convolution with three input channels (RGB case) is shown
in Figure 2.1.

In addition, a convolutional layer contains a lot offeature maps(i.e. �lters),
and each of these performs a convolution on the output of the previous layer. In
this way, the connections share the same weights for all the neurons of the same
feature map (where the weights are the values of the �lter).
An advantage of using convolutional layers is that they are usually much faster
compared to the use of a fully-connected layer, as they have less parameters.
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Figure 2.1: Examples of convolution operation with RGB images: (1) Overlay
the �lter to the input, perform element wise multiplication, and add the result.
(2) Move the overlay according to the stride setting, and do the same calculation
above to get the next result.

Pooling Layers

In this layer each neuron is only connected to one patch of neighboring neurons
from the previous one. It will take a summary from its inputs (i.e. the maximum
or the average value) and pass this on to the following layer. Pooling layers can
also be used to reduce the dimension of the feature maps. This operation reduces
the amount of computation needed to compute the output of this layer, as well
as the size of the model in memory.

Activation Functions

ANNs implement also the concept ofactivation function, which models the pos-
sibility to exalt or inhibit a neuron.
For the choice of the activation non-linearity, the Recti�ed Linear Unit (ReLU)
is the most used in deep networks. The ReLU, de�ned asR(z) = max( z;0);
is a popular choice since it proves to enhance the learning capabilities of deep
networks.
Another activation function that is commonly used is thesigmoidS(z) =

1
1 + e� z

.

A typical architecture of a CNN usually combines convolutional layers, pool-
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ing layers and activation functions which would be able to extract features and
reduce the number of parameters from the original images.

Cases of Interest

There are several architectures in the �eld of Convolutional Networks that have
become standards for Machine Learning tasks. The most common are: LeNet
(Lecun et al., 2006), AlexNet (Krizhevskyet al., 2012), VGGNet (Simonyan &
Zisserman, 2014) and ResNet (Heet al., 2015). ResNets are currently by far state
of the art Convolutional Neural Network models and they are the default choice
for using ConvNets in practice. In particular, also see more recent developments
that tweak the original architecture (He et al., 2016).

2.1.2 Training and Regularization

As already mentioned above, the training process is the �rst task during the im-
plementation of a ANN. This process involves �nding a set of parameters (model
weights) in the network that proves to be good, or good enough, at solving a
speci�c problem. The process is iterative, meaning that it progresses step by
step with small updates to the optimal weights. The process is solved as an op-
timization problem, thus it is related to minimize an error or loss function when
evaluating the examples contained in the training dataset (sample of inputs).
Training a Deep Neural Network is challenging, since it has to tune several pa-
rameters, and typically requires long training times, which makes the estimation
of the numerous hyper-parameters infeasible.

Additionally, regularization methods can reduceover-�tting e�ects that are in-
duced by the large model capacities. This condition arises when the model cannot
divide the noise from the actual data during the learning process. This re
ects
negatively to the model, weakening the ability of generalization (i.e. the ability
to deal with input di�erent from the training sample).

Therefore, here are shortly presented some methods used for training and regu-
larizing neural network models.

Learning Process

The most common and basic approach is the Gradient Descent (GD). It the most
simple and basic algorithm used for training networks. This method calculates
the gradient of a particular loss function that describes the error for every model
parameter; then, it updates the model parameters along this gradient, so that the
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error is reduced. In the case the network has multiple layers, GD methods are
applied by using the so calledback-propagationin order to compute the deriva-
tives of the loss with respect to every parameter in every layer. Thelearning
rate � determines how large the step along the gradient should be. It is a very
important parameter which can a�ect signi�cantly the models performance.
A common procedure is the \annealation" of the learning rate. This approach is
based on a high learning rate at the start of the learning, which must be decreased
while approaching to the local minimum. The objective is to not lose the location
of the minimum by oscillate too much by using high learning rate.
The key idea to keep considered is that, with a high learning rate, the system
contains too much kinetic energy and the parameter vector bounces around chaot-
ically, unable to settle down into deeper, yet narrower sections of the loss function.
Knowing when to decay the learning rate can be challenging: a slow decay will
waste computation and converge within a very long time, with little improve-
ment for a long time. Instead decay values too aggressive converge too quickly,
not reaching the optimal position.
Once the analytic gradient is computed with back-propagation, all the gradients
are used to perform a parameter update.
There are several approaches for performing the update: the simplest form is to
change the parameters along the negative gradient direction (since the gradient
indicates the direction of increase, but usually it is desirable to minimize a loss
function).

An adaptation of the GD is the Stochastic Gradient Descent (SGD). De-
spite the classical gradient descent method, which uses the gradient of the loss
calculated over all training examples to update the weights once, SGD approxi-
mates the whole training loss by taking the loss of amini-batch of examples. This
method is therefore suited to be applied with large training sets.
The term batch size refers to the number of training examples used for each ap-
proximation.
Assuming a vector of parametersx and the gradient r x, the simplest approach
is the so calledvanilla update, which has the form:

xk = xk� 1 � � � r xk� 1 (2.2)

When evaluated on the full dataset, and when the learning rate is low enough,
this approach guarantees to make non-negative progress on the loss function.

A better approach is themomentum update, that almost always exhibits better
converge rates on deep networks. This update can be motivated from a physical
perspective of the optimization problem. In particular, the loss can be inter-
preted as the height of a hilly terrain (and therefore also to the potential energy,
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as U / h ). Initializing the parameters with random numbers is equivalent to
setting a particle with zero initial velocity at some location. The optimization
process is equivalent to the process of simulating the parameter vector (i.e. a
particle) during the rolling on the landscape. Since the force on the particle is
related to the gradient of potential energy (i.e. F = �r U ), the force felt by
the particle is precisely the (negative) gradient of the loss function. Moreover,
according to Newton's Second Law, F = ma; thus, the (negative) gradient is in
this view proportional to the acceleration of the particle.
Note that this is di�erent from the SGD update shown above, where the gradient
directly integrates the position. Instead, the physics view suggests an update
in which the gradient only directly in
uences the velocity, which in turn has an
e�ect on the position:

vk = � � vk� 1 � � � r xk� 1

xk = xk� 1 + vk
(2.3)

Here is introduced thev variable that is initialized at zero, and an additional
hyper-parameter (� ). As an unfortunate misnomer, this variable is in optimiza-
tion referred to as momentum, but its physical meaning is more consistent with
the coe�cient of friction . E�ectively, this variable damps the velocity and reduces
the kinetic energy of the system, or otherwise the particle would never come to a
stop at the bottom of a hill.

An enhanced version of the momentum update has recently been gaining popular-
ity is called Nesterov momentum (Bengioet al., 2012, Sec. 3.5). The core idea
is to compute the gradient approximating the future position (\looking-ahead")
in the vicinity of the point where the focus will move in the next iterations.

Optimized Methods

A popular group of methods for optimization in context of Deep Learning is based
on the Newton's method, which iterates the following update:

xk  xk� 1 � [Hf (xk� 1)]� 1r f (xk� 1) (2.4)

Here, Hf (x) is the Hessian matrix, which is a square matrix of second-order
partial derivatives of the function, while the term r f (x) is the gradient vector.
Intuitively, the Hessian describes the local curvature of the loss function, which
allows to perform a more e�cient update. In particular, multiplying by the in-
verse Hessian leads the optimization to take more decisive steps in directions of
shallow curvature and shorter steps in directions of steep curvature.
However this update is impractical for most Deep Learning applications because
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computing (and inverting) the Hessian in its explicit form is a very costly process
in both space and time. Hence, a large variety of quasi-Newton methods have
been developed to approximate the inverse Hessian, for instance L-BFGS (Dean
et al., 2012; Sohl-Dicksteinet al., 2014).

All previous approaches manipulate the learning rate globally and equally for
all parameters. Since tuning the learning rates is an expensive process, some
adaptive methods can be used in order to focus only on some hyper-parameter
while the others are derived from the �rst ones. A common adaptive learning
rate method isAdagrad (Duchi et al., 2011):

wk = wk� 1 + r 2xk� 1

xk = xk� 1 �
�

p
wk + "

� r xk� 1
(2.5)

where w has the same size of the gradient, and keeps track of per-parameter
sum of squared gradients. This is subsequently used to normalize the parameter
update step, element-wise.
Notice that the weights that receive high gradients will have their e�ective learn-
ing rate reduced, while weights that receive small or infrequent updates will have
their e�ective learning rate increased. The smoothing term" avoids division by
zero. Surprisingly, the square root operation turns out to be very important and
without it the algorithm performs much worse (Duchiet al., 2011).
A negative aspect of Adagrad is that, in case of Deep Learning, the monotonic
learning rate usually proves to be too aggressive and stops learning too early
(Zeiler, 2012).

Adam (Kingma & Ba, 2014) is another recently proposed update approach,
that working as follows:

m k = � 1 � m k� 1 + (1 � � 1) � r xk� 1

vk = � 2 � vk� 1 + (1 � � 2) � r 2xk� 1

xk = xk� 1 �
�

p
vk + "

� m k

(2.6)

In practice, Adam is currently recommended as the default algorithm to use. For
these reasons, this is the method that I used for the training phase of the network
used for this thesis, more details will be provided in the Section 5.2.

Regularization

There are several ways for controlling the capacity of Neural Networks to prevent
over-�tting:
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1. L2 regularization is perhaps the most common form of regularization. It
can be implemented by penalizing the squared magnitude of each parameter
directly in the objective. For every weightw in the network, the term 1

2 �w 2

is added to the objective, where� is the regularization strength. This
regularization has the intuitive interpretation of heavily penalizing peaky
weight vectors and preferring di�use ones.

2. L1 regularization , on the other hand, add the term� jwj to the objective
w. It is possible to combine the L1 regularization with the L2:� 1jwj +
� 2w2 (this is called elastic net regularization). The L1 regularization has
the intriguing property that it leads the weight vectors to become sparse
during optimization (i.e. very close to exactly zero). In comparison, in case
where there is no need to explicit feature selection, L2 regularization can
be expected to give superior performance over L1.

3. Dropout is an extremely e�ective, simple and recently introduced (Sri-
vastava et al., 2014) regularization technique that complements the other
methods (L1, L2). During the training, dropout is implemented by only
keeping a neuron active with some probabilityP (a hyper-parameter), or
setting it to zero otherwise.

2.1.3 Auto-Encoders

Auto-Encoders (AEs) are unsupervised (also called self-supervised) learning tech-
niques. These kind of Arti�cial Neural Networks (ANNs) are designed to impose
a bottleneck, which forces a compressed knowledge representation of the original
input space. The original AE (Rumelhart & McClelland, 1987) is a dimensional-
ity reduction technique for high dimensional data such as images, audio or depth.
If the input features were independent among themselves, this compression and
subsequent reconstruction would be a very di�cult task. However, if some sort
of correlation among the data is present, the structure of the Auto-Encoder can
learn and store the parameters.
This type of neural networks can be implemented as a CNN and its structure is
showed in the Figure 2.2, where it is highlighted the shape of the hidden layer,
always smaller of the input space.
The structure consists of an Encoder � and a Decoder 	, both arbitrary learnable
function approximators. The training process allows to compress the information
in the hidden layer(s), and then decompress back to the original input space,
evaluating the loss in the overall process. The objective is to reconstruct the
input x 2 RN after passing through a low-dimensional bottleneck, referred to as
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Figure 2.2: This is the visualization of an Auto-Encoder implemented as CNN.
First the input passes through the encoder (sequences of convolutional layers)
to produce the code. The decoder, which has similar, but reversed, structure of
the encoder produces the output only using the codez (represented in the latent
space). The goal is to get an output identical with the input.

the latent representationz 2 Rn with n � N:

x̂ = (	 � �)( x) = 	( z) (2.7)

This network can be trained to minimize the reconstruction errorkx � x̂ k, which
measures the di�erences between the original input and the consequent recon-
struction, and the per-sample loss function is simply a sum over the pixel-wise`2

distance:
`2 =

X

i 2 N

kx i � x̂ i k2 (2.8)

An important factor to take care, during the Auto-Encoder training, is the avoid-
ance of over-�tting.
Applications for the Auto-Encoder are for instance Dimensionality Reduction,
Image Denoising, Feature Extraction etc. . .
In almost all of the mentioned applications, the output of the Auto-Encoder is
not the focus, but the values of the internal hidden neurons (theembedding) are
the relevant part.
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2.2 Non Linear Bayesian Filtering

In a Non Linear Filtering context, the estimation of the state of a dynamic system
is performed sequentially using a set of noisy measurements made on the system.
It is common to adopt a state-space approach to model dynamic systems and
focus on a discrete-time formulation of the problem. Thus, di�erence equations
are used to model the evolution of the system over time, and measurements are
assumed to be available at discrete time instants. The state vector contains all
relevant information required to describe the system.

In order to properly design a �ltering architecture around a dynamical system,
at least two models are required: a model describing the evolution of the state
with time (the system or dynamic model), and a model relating the noisy mea-
surements to the state (the measurement model).

In the Bayesian approach to dynamic state estimation, the goal is to estimate
the posterior probability density function (PDF or density) of the state, based
on all available information, including the sequence of received measurements.
For several applications, an estimate is required every time a measurement is re-
ceived. In this case a recursive �lter is a convenient solution. A recursive �ltering
approach means that received data can be processed sequentially rather than as a
batch, so that it is not necessary to store the complete data set nor to re-process
existing data if a new measurement becomes available.
Such a �lter consists of essentially two stages:prediction , correction , as you
can see in Figure 2.3.
The prediction stage uses the system model to predict the state PDF forward
from a measurement time to the next one. Since the state is usually subject
to unknown disturbances, prediction generally translates, deforms, and broadens
the state PDF.
The correction operation exploits the latest measurement to modify (typically to
tighten) the prediction PDF. This is achieved usingBayes theorem, which is the
mechanism for updating knowledge about the target state in the light of extra
information from new data.

2.2.1 Filtering Equations

In the following discussion, the state is represented by vectorxk 2 Rnx ; wherenx

is the dimension of the state vector andk 2 N is the time index. Here indexk is
assigned to a continuous-time instant and the \sampling interval"Tk , tk � tk� 1

may be time-dependent.
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Figure 2.3: The Bayesian �ltering principle. The running of a dynamic system
propagates the statexk through time and produces output measurementzk at
each timek: For the purpose of estimation, the Bayesian �ltering principle tracks
the PDF of xk given the measurement setZk = f z1; z2; � � � ; zkg. It consists of
two steps sequentially implemented: theprediction step from p(xk� 1 j Zk� 1) to
p(xk j Zk� 1) ; and the correction step from p(xk j Zk� 1) to p(xk j Zk) upon the
arrival of zk .

The target state evolves according to the following discrete-time stochastic model:

xk = f k� 1(xk� 1; vk� 1) (2.9)

where f k� 1 is a Non Linear function of the statexk� 1, and vk� 1 is referred to
as the process noise sequence. Process noise caters for un-modelled dynamics or
unforeseen disturbances in the target motion model.
The objective of Non Linear �ltering is to recursively estimatexk from measure-
ments zk 2 Rnz :

The measurements are related to the target statevia the measurement equation:

zk = hk(xk ; wk) (2.10)

wherehk is a Non Linear function andwk is a measurement noise sequence. The
hypothesis in the Bayesian framework is that each measure is independent from
all the previous ones.
Both the noise sequencesvk� 1 and wk will be assumed to be white, with known
probability density functions and mutually independent.

The initial density of the state vector is p(x0) , p(x0 j z0); where z0 is the
set of no measurements. Then, in principle, the PDFp(xk j Zk) may be obtained
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recursively in the aforementioned two stages: prediction and correction.

Assume that the estimate posteriorp(xk� 1 j Zk� 1) at time k � 1 is available.
The prediction stage involves using the system model (2.9) to obtain the pre-
dicted density of the state at time k via the Chapman-Kolmogorovequation:

p(xk j Zk� 1) =
Z

p(xk j xk� 1) � p(xk� 1 j Zk� 1) dxk� 1 (2.11)

(2.11) is based on the fact thatp(xk j xk� 1; Zk� 1) = p(xk j xk� 1) given the as-
sumptions that (2.9) is Markovian.
The probabilistic model of the state evolution (often referred as transitional den-
sity), p(xk j xk� 1), is de�ned by the system equation and the known statistics of
vk� 1.

At time step k when a measurementzk becomes available, the correction stage
is carried out. This involves anupdate of the prediction (or prior) PDF via the
Bayes' rule:

p(xk j Zk) = p(xk j zk ; Zk� 1)

=
p(zk j xk) � p(xk j Zk� 1)

p(zk j Zk� 1)

(2.12)

where the normalizing constant:

p(zk j Zk� 1) =
Z

p(zk j xk) � p(xk j Zk� 1) dxk (2.13)

depends on the likelihood functionp(zk j xk); de�ned by the measurement model
(2.10) and the known statistics ofwk . In the correction stage (2.12), the mea-
surementzk is used to modify the prior density to obtain the required posterior
density of the current state.
Similarly, a measure of accuracy of a state estimate (e.g. covariance) may also
be obtained fromp(xk j Zk).
The recursive propagation of the posterior density, given by (2.11) and (2.12) is
only a conceptual solution: typically, it cannot be determined analytically with
a direct calculations; there are some applications in which the solution is feasible
(i.e. the Kalman Filter).

The implementation of the analytic solution requires the storage of the entire
(non-Gaussian) PDF which is, in general terms, equivalent to an in�nite dimen-
sional vector. Only in a restrictive set of cases, the posterior density can be
exactly and completely characterized by a su�cient statistic of �xed and �nite
dimensions elements. In most practical situations, the analytic solution of (2.12)
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and (2.10) is intractable, and the solution is to use approximations or sub-optimal
Bayesian algorithms.

2.2.2 Particle Filtering

Particle Filters (PFs) are examples of sub-optimal Non Linear �lters. They per-
form Sequential Monte Carlo (SMC) estimation based on point mass (or \parti-
cle") representation of probability densities. The basic SMC ideas (in the form
of sequential importance sampling) had been introduced in statistics back in the
1950s (Hammersley & Morton, 1954). Although these ideas continued to be
explored sporadically during the 1960s and 1970s (Akashi & Kumamoto, 1977;
Handschin & Mayne, 1969) they were largely overlooked and ignored. Most likely
the reason for this was the modest computational power available at the time.

The basis of the SMC methods is the Monte Carlo integration, which is a numer-
ical method for evaluating a multidimensional integral:

I =
Z

g(x)dx (2.14)

wherex 2 Rnx .
The MC method factorizeg(x) = f (x) � � (x) in such a way that � (x) is inter-
preted as a probability density function (Daviset al., 1984), satisfying� (x) � 0
and

R
� (x)dx = 1:

Assuming that, it is possible to draw N� 1 samples
�

x (i ) ; i = 1; : : : ; N
	

dis-
tributed according to � (x): The MC estimation of the integral:

I =
Z

f (x) � � (x) dx (2.15)

is simply the mean over the samples:

I N =
1
N

NX

i =1

f (x (i )) (2.16)

If the samplesx (i ) are independent, thenI N is an unbiased estimate and according
to the law of large numbersI N will almost surely converge toI . If the variance
� 2 of f (x):

� 2 =
Z

(f (x) � I )2 � � (x) dx (2.17)

is �nite, then the central limit theorem holds and the estimation error converges
in distribution:

lim
N!1

p
N(I N � I ) � N(0; � 2) (2.18)
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In the Bayesian estimation context, the density� (x) is the posterior density.
However, it is not usually possible to sample e�ectively from the posterior distri-
bution � (x), as it is multivariate, nonstandard, and known only up to a propor-
tionality constant.

A possible solution is to apply theimportance sampling method. The method
proposes to generate samples from a densityq(x), which has the same support
of � (x) and estimate I using (2.16). Then, a correct weighting of the sample set
still makes the MC estimation possible.
The PDF q(x) is referred as the importance or proposal density. The mathemat-
ical coherency between this quantity and� (x) can be expressed by the following
condition:

� (x) > 0 ) q(x) > 0 8 x 2 Rnx (2.19)

In this way, the Monte Carlo estimate I, expressed in (2.16), is computed by gen-
erating N � 1 independent samples

�
x (i ) ; i = 1; : : : ; N

	
, distributed according

to q(x) and forming the weighted sum:

I N =
1
N

NX

i =1

f (x (i )) � ew(x (i )) (2.20)

where

ew(x (i )) =
� (x (i ))
q(x (i ))

(2.21)

are the importance weights.
From now on, w(x (i )) = w(i ) .

If the normalizing factor of the desired density� (x) is unknown, a normaliza-
tion of the importance weights is needed.

Then I N is estimated as follows:

I N =
1
N

P N
i =1 f (x (i )) � ew(i )

1
N

P N
j =1 ew(i )

=
NX

i =1

f (x (i )) � w(i ) (2.22)

where the normalized importance weights are given by:

w(i ) =
ew(i )

P N
i =1 ew(i )

(2.23)
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Sequential Importance Sampling algorithm

Importance sampling is a general MC integration method that is commonly ap-
plied to perform Non Linear �ltering; the resulting Sequential Importance Sam-
pling (SIS) algorithm is a Monte Carlo method that forms the basis for most
sequential MC �lters developed over the past decades (Doucetet al., 2000; Kong
et al., 1994).
The key idea is to represent the required posterior density function by a set of
random samples with associated weights, and then to compute estimates based
on these samples and weights.
As the number of samples becomes very large, this Monte Carlo characterization
becomes an equivalent representation to the usual functional description of the
posterior PDF, and the SIS �lter approaches the optimal Bayesian estimator.

Before developing the details of the algorithm, some de�nitions are required:
X k , which represents the sequence of all target states up to timek. Moreover,
the joint posterior density at time k is denoted byp(X k j Zk); and its marginal
probability is p(xk j Zk), where this quantity indicates the probability of an event
irrespective of the outcome of another variable.

Let f X (i )
k ; w(i )

k gN
i =1 denote a random measure that characterizes the joint posterior

p(X k j Zk); where f X (i )
k ; i = 1; : : : ; Ng is a set of support points with associated

weights f w(i )
k ; i = 1; : : : ; Ng: The weights are normalized such that

P
i w(i )

k = 1:

Then, the joint posterior density at k can be approximated as follows (Doucet
et al., 2000):

p(X k j Zk) �
NX

i =1

w(i )
k � (X k � X (i )

k ) (2.24)

This lead to a discrete weighted approximation of the true posterior,p(X k j Zk).
The normalized weightsw(i )

k are chosen using the principle of importance sampling
described above. If the samplesX (i )

k were extracted from an importance density
q(X k j Zk); then according to (2.21):

w(i )
k /

p(X (i )
k j Zk)

q(X (i )
k j Zk)

(2.25)

Knowing p(X k� 1 j Zk� 1), with the reception of measurementzk at time k; the
idea is to approximatep(X k j Zk) with a new set of samples. If the importance
density is chosen to factorize such that

q(X k j Zk) , q(xk j X k� 1; Zk) � q(X k� 1 j Zk� 1) (2.26)
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then, samples ofX (i )
k � q(X k j Zk) can be obtained by augmenting each of the ex-

isting samplesX (i )
k� 1 � q(X k� 1 j Zk� 1) with the new state x (i )

k � q(xk j X k� 1; Zk):

To derive the weight correction equation, the PDFp(X k j Zk) can be expressed
(Ristic et al., 2004) as

p(X k j Zk) = / p(zk j xk) � p(xk j xk� 1) � p(X k� 1 j Zk� 1) (2.27)

By substituting (2.26) and (2.27) into (2.25), the weight correction equation is as
follows.

w(i )
k /

p(zk j x (i )
k ) � p(x (i )

k j x (i )
k� 1) � p(X (i )

k� 1 j Zk� 1)

q(x (i )
k j X (i )

k� 1; Zk) � q(X (i )
k� 1 j Zk� 1)

= w(i )
k� 1

p(zk j x (i )
k ) � p(x (i )

k j x (i )
k� 1)

q(x (i )
k j X (i )

k� 1; Zk)

(2.28)

Furthermore, if q(xk j X k� 1; Zk) = q(xk j xk� 1; zk); then the importance density
becomes only dependent on thexk� 1 and zk . This is particularly useful in the
common case when only a �ltered estimate of posteriorp(xk j Zk) is required at
each time step. In such scenarios, onlyx (i )

k needs be stored, and the pathX (i )
k� 1;

can be discarded as well the history of observations,Zk� 1.
The �nal expression for the weight is:

w(i )
k / w(i )

k� 1

p(zk j x (i )
k ) � p(x (i )

k j x (i )
k� 1)

q(x (i )
k j x (i )

k� 1; zk)
(2.29)

and the posterior �ltered density p(xk j Zk) can be approximated as:

p(xk j Zk) �
NX

i =1

w(i )
k � (xk � x (i )

k ) (2.30)

where the weights are de�ned in (2.29).
It can be shown that as N! 1 the approximation (2.30) approaches the true
posterior densityp(xk j Zk).

Thus, �ltering via SIS consists of recursive propagation of importance weights
w(i )

k and support pointsx (i )
k as each measurements is received sequentially. This

simple and general algorithm forms the basis of most Particle Filters. The schema
is below.
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Algorithm 1 Sequential Importance Sampling (SIS)
1: procedure SIS
2: for i = 1; : : : ;N do
3: draw samples: (x (i )

k ) � q(x (i )
k j x (i )

k� 1; zk)
4: evaluate the importance weights: using Equation (2.29)
5: end for
6: compute total weight: wtot =

P N
i =1 w(i )

k
7: for i = 1; : : : ;N do
8: normalize: ew(i )

k = w(i )
k =wtot

9: end for
10: end procedure

Degeneracy Problem and Resampling

Ideally, the importance density function should be the posterior distribution it-
self,p(xk j Zk): For the importance function of the form (2.26), it has been shown
(Doucet et al., 2000) that the variance of importance weights increases over time.
This increase has an harmful e�ect on the accuracy and leads to a common prob-
lem with the SIS Particle Filter: the degeneracy phenomenon.
In practical terms this means that after a certain number of recursive steps, all
but one particle will have negligible normalized weights.

Whenever a signi�cant degeneracy is observed, resampling is required in the SIS
algorithm. Resampling eliminates samples with low importance weights and re-
tain samples with high importance weights. It involves a mapping of random
samplef x (i )

k ; w(i )
k g into a random samplef x (i � )

k ; 1
N g with uniform weights.

The new set of random samplesf x (i � )
k gN

i =1 is generated by resampling (with re-
placement) N times from an approximate discrete representation ofp(xk j Zk)
given by:

p(xk j Zk) �
NX

i =1

w(i )
k � (xk � x (i )

k ) (2.31)

so that Pf x (i � )
k = x (j )

k g = w(j )
k .

The resulting sample is an independent and identically distributed (i.i.d.) sample
from the discrete density (2.31) and hence the new weights are uniform. The selec-
tion x (i � )

k = x (j )
k can be performed with various methods, but the most common

exploits the cumulative sum of weights(CSW) of random measuref x (i )
k ; w(i )

k g;
and the random variableui ; i = 1; : : : ;N is uniformly distributed on the interval
[0; 1].
The process is shown in Figure 2.4.
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2.2 Non Linear Bayesian Filtering

Figure 2.4: The process of resampling: the random variableui uniformly dis-
tributed in [0 ; 1], maps into indexj , thus the corresponding particlex (j )

k is likely
to be selected due to its considerable weightw(j )

k .

Although the resampling step reduces the e�ects of degeneracy, it introduces
other practical problems. First of all, it limits the opportunity to parallelize the
implementation since all the particles must be combined. Moreover, the particles
that have high weightsw(i )

k are statistically selected many times. This leads to
a loss of diversity among the particles as the resultant sample will contain many
repeated points. This problem, known assample impoverishment, is severe in the
case where process noise in state dynamics is very small. It leads to the situation
where all particles will collapse to a single point within a few iterations.

Choice of the importance density

The choice of importance densityq(xk j x (i )
k� 1; zk) is one of the most critical

issues in the design of a Particle Filter. Traditionally the most popular (and
sub-optimal) choice is the transitional prior:

q(xk j x (i )
k� 1; zk) = p(xk j x (i )

k� 1) (2.32)

Substitution of (2.32) into (2.29) then yields:

w(i )
k / w(i )

k� 1 p(zk j x (i )
k ) (2.33)
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Clearly the optimal choice should be the one in which the variance of importance
weights is minimized; but, to apply this minimization, the transitional prior is
needed before the particles are propagated to timek, which is not feasible.

2.2.3 Rao-Blackwellized Particle Filtering

There exist several alternatives of the standard PF algorithm. In this section will
be presented the Rao-Blackwellized Particle Filter (RBPF) due its use in this
thesis.
However, before proceeding it is necessary to introduce another Particle Filter
algorithm on which the one under consideration is based. This is the Sequential
Importance Resampling (SIR) �lter, that derived from the SIS algorithm by an
appropriate choice of the importance sampling density and the introduction of
the resampling step.

Sequential Importance Resampling

The SIR �lter (Gordon et al., 1993) also known asBootstrap �lter has required
very weak assumptions to be used:

1. the state dynamics and measurement functions,f k� 1(�; �) and hk(�; �) need
to be known;

2. it is required to be able to sample realizations from the process noise dis-
tribution of vk� 1 and from the prior;

3. the likelihood function p(zk j xk) needs to be available for point-wise eval-
uation.

The SIR algorithm is derived from the SIS algorithm (revised in Section 2.2.2) by
choosing the importance density to be the transitional prior and by performing
the resampling step at every time index.
The above choice of importance density implies that samples fromp(xk j x (i )

k� 1)
are required. A samplex (i )

k � p(xk j x (i )
k� 1) can be generated by �rstly introducing

a process noise samplev (i )
k� 1 � pv(vk� 1) and setting x (i )

k = f k� 1(x (i )
k� 1; v (i )

k� 1).
For this particular choice of importance density, it is evident that the weights are
given by (2.33).

However, resampling is applied at every time index, and thereforew(i )
k� 1 = 1

N 8 i =
1; : : : ;N; so, there is no need to pass on the importance weights from one time
step of the algorithm to the next.
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As the importance sampling density for the SIR �lter is independent of measure-
ment zk ; the state space is explored without any knowledge of the observations.
Therefore, this �lter can be ine�cient and sensitive to outliers. Furthermore, as
resampling is applied at every iteration, this can result in a rapid loss of diversity
in particles.
The SIR method, however, has the advantage that the importance weights are
easily evaluated and the importance density can be easily sampled. The classical
approaches for PF is to use SIR method, whose procedure is illustrated in Figure
2.5.
Below is a summary of the procedure of Particle Filter using SIR algorithm:

1. Initialization : N-number of samples, or particles are generated from the
PDFs representing the initial knowledge. The initial weights of the samples
are set equal to each other. Afterward, the following two steps are repeated;

2. Prediction: The particles are updated using the motion model (2.9);

3. Correction: The noisy measurementszk are obtained at time stepk and the
likelihood is computed using the equation de�ned in (2.10), and the weights
are updated using (2.25);

4. Resampling: The particles by duplicating the particles with higher impor-
tance weight and eliminating the particles having low importance weight.
The resampling is de�ned in Section 2.2.2.

It is important to underline that the SIR algorithm composes the model of the
generic Particle Filter (Simo, 2013).

State Space Marginalization

SIR �lter in high dimensional state-spaces can be ine�cient, because a large
number of samples are needed to represent the posterior. A standard technique
to increase the e�ciency of sampling techniques is to reduce the size of the state-
space by marginalizing out some of the variables analytically: this is called Rao-
Blackwellisation method (Casella, 1996).
Combining standard SIR and this techniques results in Rao-Blackwellised Particle
Filtering (RBPF) (Doucet, 2000).
The key idea of RBPF is to partition the state-spaceX k into two subspaces,T k

and R k ; such that the distribution p(X k j t 1:k ; z1:k) can be updated analytically
and e�ciently; the distribution p(T 1:k j z1:k) is updated using Particle Filtering.
The justi�cation for this decomposition follows from the chain rule of probability:

p(X 1:k ; T 1:k j z1:k) = p(X 1:k j T 1:k ; z1:k) � p(T 1:k j z1:k) (2.34)
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Figure 2.5: Procedure of Particle Filter using SIR algorithm.

Sampling just t k will generally require many fewer particles (to reach some �xed
accuracy threshold) than standard Particle Filtering, which would sample both
t k and r k .
RBPF is very similar to standard PF, except that each particle now maintains
not just a sample from p(T 1:k j z1:k), denoted by t (i )

1:k , but also a parametric
representation ofp(X k j t (i )

1:k ; z1:k); denoted by� (i )
k ; (note that the parametric

representation might be a mean vector and a covariance matrix, for instance)
The t k samples are updated as in standard PF, and then ther k distributions are
updated using an exact �lter, conditional ont k .

The steps are:

1. Sequential importance sampling step:

� For i = 1; : : : ;N; sample:

(t̂ (i )
k ) � q(t (i )

k j t (i )
1:k� 1; z1:k) (2.35)

and set:
(t̂ (i )

1:k) def= ( t̂ (i )
k ; t (i )

1:k� 1)

� For i = 1; : : : ;N; evaluate the importance weights up to a normalising
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constant:

w(i )
k /

p(zk j z1:k� 1; t (i )
1:k) � p(t (i )

k j t (i )
1:k� 1)

q(t (i )
k j t (i )

1:k� 1; z1:k)
ew(i )

k� 1 (2.36)

� For i = 1; : : : ;N; normalise the importance weights:

ew(i )
k =

w(i )
kP

i w(i )
k

(2.37)

2. Selection step:

� Resample N samples from (t̂ (i )
1:k) according to the importance distribu-

tion ew(i )
k to obtain N random samples (t (i )

1:k), approximately distributed
according top(t (i )

1:k j z1:k);

3. Exact step:

� Update � (i )
k given � (i )

1:k� 1; t (i )
k ; t (i )

k� 1 and zk .

If all the references tot k are replaced withX k = ( t k ; r k) and the step 3; is omit-
ted, the result is a regular (non Rao-Blackwellised) Particle Filter.

Note that if the focus is just on the �ltering, it is not necessary to store the
full trajectory t (i )

1:k in each particle, but only its most recent component,t (i )
k ; since

the � (i )
k are updating online.
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Chapter 3

State of the Art

In this Chapter we will brie
y recap the main problems that could occur, and
describe some methods to solve them that represent the state of the art, in 6D
pose estimation, using RGB (eventually with depth information) images. While
pose estimation is applied in many scenarios, for known or unknown, rigid or
non-rigid objects, we will focus on giving an overview over the literature that is
relevant for robotics applications.

3.1 Classical Approaches

6D object pose estimation has gained increasing attention in the realm of Com-
puter Vision (CV) as it becomes an important problem in rapidly evolving tech-
nological areas related to robotics and augmented reality.
In the past, 6D pose estimation methods were based on classical Computer Vision
and the most common ones were based on feature extraction using hand-crafted
approaches.

3.1.1 Hand-crafted Feature-based Methods

Feature-based methods aim to �nd features in the image that correspond to
known object points and then calculate the pose. Usually, only a few well-
recognizable features are extracted for each object: indeed, these approaches
are also called sparse feature based or keypoint-based models.
These approaches were popular and successful for determining the pose of highly-
textured objects (Lowe, 2004b; Wagneret al., 2008). A disadvantage of these
methods is that they do not work well in general for non-textured objects.
All the methods presented above rely on two di�erent detectors classes to extract
features from the images: corner detectors or blob detectors; they allow a precise
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measurement of the salient region in images coordinates. The �rst type of fea-
ture, the corner, correspond to image regions that have high intensity gradient
in two orthogonal directions, generally is the intersection of one or more edges.
The second type of feature, the blobs, correspond to image spot that have an
intensity di�erent from the neighbouring regions. Among the corner detectors
they are Harris (Harris & Stephens, 1988) and Features from Accelerated Seg-
ment Test (FAST) (Rosten & Drummond, 2006). Among the blob detectors there
are several methods, such as Scale Invariant Feature Transform (SIFT) (Lowe,
2004a) and Speeded Up Robust Feature (SURF) (Bayet al., 2006).

Among these feature-based methods, another relevant one is the approach pro-
posed byDrost et al., called the Point Pair Features (PPF) (Drost et al., 2010).
This method aims to recover the 6D pose of objects from a depth image. A
point pair feature contains information about the distance and the normal of two
arbitrary 3D points. PPF has been one of the most successful 6D pose estima-
tion method as an e�cient and integrated alternative to the traditional local and
global pipelines.

Another relevant class of methods is the so called template-based, which try
to match a rotated object to the image and decide the pose by the best �t (Hin-
terstoisseret al., 2012, 2013).

In general, all these feature detectors are based on methods which are hand-
crafted; recent work have proved that these approaches are less general than the
learning-based methods (Mahonyet al., 2020) with respect to di�erent param-
eters, for instance illumination changes, background clutters and real-cameras
conditions.
These methods can su�er from di�erent errors, which degrade the performance;
the main one is the distortions along object borders, caused by occlusion and
clutter in the test processes.

3.2 Learning-based Methods

On the other hand, learning-based methods are able to handle occlusions between
objects in a more general and robust framework. Indeed, these methods address
features which are not hand-crafted, but learnt.
However, they require su�cient textures on the objects in order to compute the
local features. To deal with texture-less objects, several methods are proposed
to learn feature descriptors using Machine Learning techniques (Balntaset al.,
2017; Doumanoglouet al., 2016; Wohlhart & Lepetit, 2015).
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An intermediate learned representation was proposed (Brachmannet al., 2014) in
form of a dense 3D object coordinate labelling paired with a dense class labelling.
Each object coordinate prediction de�nes a 3D-3D correspondence between the
image and the 3D object model, and the pose hypotheses are generated and re-
�ned to obtain the �nal hypothesis using the votes from each coordinate.
Another approach consist in training a Hough forest for 6D pose estimation from
an RGB-D image (Tejani et al., 2014). Each tree in the forest maps an image
patch to a leaf which stores a set of 6D pose votes (generated by each patch).

The main drawback of these methods is that they rely on matching features
extracted during test to a set of templates, and hence, it cannot easily be gen-
eralized well to unseen ground truth annotations, that is, the translation and
rotation parameters in the context. In all these approaches, local features are ex-
tracted from either points of interest or every pixel in the image, and subsequently
matched to features on the 3D models to establish the 2D-3D correspondences,
from which 6D poses can berecovered (Pavlakoset al., 2017; Rothgangeret al.,
2006; Tulsiani & Malik, 2015).

Recently, new methods propose the employment of a Deep Neural Network to
learn features. This process can be particularly delicate. In fact, while with clas-
sical (Shallow) Learning, the designer has the control on what the network learns,
with the employment of Deep Leaning, this possibility is lost. One of the main
problem is to ensure that closed features are mapped in closed representations.
However, one of the well known issues of Deep Learning is the need for large
amounts of labeled training data. Still, thousands of training samples are re-
quired to �ne-tune a pre-trained deep network for a new task. Such amount of
data is not always available in the visual tracking scenario, where initially only a
single labeled frame is provided. This problem poses a major challenge in learn-
ing deep-feature-based models for visual tracking.

The main reason why Deep Learning is gaining much interested in the Feature
Learning (even with this major problem) is that that Deep Features (features
learned in DL context) consistently bene�t from data augmentation (Huet al.,
2019), which is a very important concept for achieving good performances in pose
tracking.

Another reason that is the cause of the popularity of Deep Features is that they
generally capture high-level semantics while being invariant to di�erent transfor-
mations (e.g., small translations and scale changes).
From this perspective, it may be bene�cial to train the deep model to emphasize
robustness rather than accuracy.
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Bhat et al. performed an analysis on the accuracy/robustness trade-o� involved
in the model learning to gain more knowledge about the properties of deep fea-
tures (Bhat et al., 2018). They observed that the Deep Features are utilized best
when a data augmentation is performed during the training phase. This behav-
ior can be attributed to the invariance property of the Deep Features, hence the
accuracy might lead to a sub-optimal model.

A lot of the recent methods can be divided into two groups: (1) methods that pre-
dict 2D-3D correspondences and then solve the arising Perspective-n-Point (PnP)
problem for recovering the object pose, and (2) methods that directly regress to
some pose representation.

3.2.1 Predicting Pixel and Coordinate Correspondences

In recent years, it was introduced a pipeline that divides the pose estimation prob-
lem into two sub-problems (Jafariet al., 2018). An instance segmentation network
is exploited to �nd the pixel belonging to each object and then an encoder-decoder
network to densely map pixel to 3D object surface points. The instance segmen-
tation selects the 3D object surface points that belong to each object. The most
promising scores are selected using a scoring function and then re�ned by employ-
ing the Iterative Closest Point algorithm (ICP). Finally the pose with the lowest
ICP �tting error is selected. Afterwards another re�nement based or rendering
is used.
Moreover, there have been presented works that, instead of densely estimating
the correspondences for all pixel, they estimate the 2D points corresponding to
the 3D object bounding boxes (Tekinet al., 2018; Tremblayet al., 2018).
The one developed byTremblay et al. is based exclusively on synthetic data to
train a VGG19 (see Sec. 2.1.1) based fully convolutional architecture which pre-
dicts belief maps and the 2D image correspondences of the 3D bounding boxes.
PnP is used for extracting translation and rotation. The belief nets are used to
determine which objects are present.
Instead the method proposed byTekin et al., introduces a deep CNN architec-
ture based on an improved version of YOLO (Redmon & Farhadi, 2016) that
directly predicts the 2D-3D bounding box correspondences. Translation and ro-
tation are then recovered with PnP. BB8 network architecture (Rad & Lepetit,
2018) extends VGG (Simonyan & Zisserman, 2014) to predict a segmentation.
The centroid of an object segmentation is computed as the 2D center of the ob-
ject. Then, another CNN, that is also based on VGG, takes crops centered on the
2D center of the original image to predict the 2D projections of the 3D bounding
boxes and solves for the pose with PnP. This method handles symmetric objects
by limiting the possible rotations to a �xed range during training. During the
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run-time execution, a separate classi�er predicts the range the rotation is in. The
prediction is followed by an optional re�nement step that also uses only colour
and no depth information.

3.2.2 Direct Pose Regression or Classi�cation

The current Deep Learning research trend on 6D Pose Estimation, aim to directly
regress (so the idea is to map input to a continuous output) 3D object coordinate
location for each pixel, in order to establish the 2D-3D correspondences (Brach-
mann et al., 2016; Mercieret al., 2019). For many of these methods, only parts
of the pipelines are trainable, but there also has been work aimed for developing
end-to-end trainable methods. While the methods predict translation and ro-
tation jointly, directly regressing methods separate the estimation of translation
and rotation.
Moreover 3D coordinate regression encounters ambiguities in dealing with, sym-
metric objects.

PoseCNN (Xianget al., 2018) combines the advantages of both template-based
methods and feature-based methods, building a Deep Learning framework where
the network combines bottom-up pixel-wise labeling with top-down object pose
regression. The method tries to predict the pose using the convolutional features.
These features are used to estimate a segmentation and pixel-wise translation.
The 2D object center is then inferred in a Hough voting and a simultaneous
prediction of Regions of Interest (RoIs) is used to crop the VGG16 features and
regress the rotation with a fully-connected architecture.

Although these methods signi�cantly improve the 6D pose estimation accuracy
over the traditional methods, they still face di�culty within the labelling phase,
since it is required to manually specify the symmetry axis for each such object.
In contrast, it was introduced an implicit way of representing 3D rotations by
training an Auto-Encoder for image reconstruction (Sundermeyeret al., 2019),
which does not need to pre-de�ne the symmetry axes for symmetric objects. The
idea is to learn representations that are invariant to a signi�cant domain gap be-
tween synthetic and real RGB images. Since the descriptors are learned solely on
the basis of the appearance of the object views, any symmetrical ambiguities are
also handled. In the test phase, the match occurs by comparing the descriptor
and the codebook. The codebook is made by assigning to each image the rotation
matrix between camera and object. This method can be extended to the 6D case
also saving the diagonal length of the corresponding bounding box, so an object
detector is needed.

35



3.3 Deep Networks for Feature Learning and Pose Encoding

Another regression-type approach is Dense-Fusion (Wanget al., 2019), which
consists in a generic framework for estimating the 6D pose of a set of known
objects from RGB-D images. This approach has an heterogeneous architecture
that processes the two data sources (RGB and depth) independently and uses
a novel network to extract pixel-wise dense feature embeddings, from which the
pose is estimated. The predictions are voted by each embedding to generate the
�nal 6D pose prediction of the object.

3.3 Deep Networks for Feature Learning and
Pose Encoding

With the rise of Deep Learning methods, showing success for di�erent problem
settings, models inspired or extending these ones have been increasingly used.
Some methods use well-known architectures to solve sub-problems.
In fact, pose estimation from RGB images su�ers from several problems: occlu-
sions, illumination changes, symmetry of some objects and many others. Deep
Learning have been proved to mitigate most of these aspects.
Deep Features are born to perform tasks like Classi�cation, Regression etc. . . .
The negative aspect of these is that, in the proposed architectures, the whole
image collapses in one place, and spatial information is lost. In this way, the
extracted features present less invariance with respect to each others.
Therefore using Deep Features for pose encoding is not trivial. What needs to be
done is to develop speci�c loss functions to solve the problem.
For instance, in literature, there exist CNN-based learning descriptors approach
which use loss functions to minimize/maximize the Euclidean distance between
similar/dissimilar object orientations (Balntas et al., 2017; Wohlhart & Lepetit,
2015). They mitigate the problem of object symmetries by weighting the pose
distance loss with the depth di�erence of the object at the considered poses.
These works present methods that minimize cost functions, designedad-hoc to
be able to map di�erent objects into di�erent clusters; then, in the same cluster,
the points are spaced according to their poses.
The concept is to learn descriptors that measure the distance between data points
(metric learning) (Yang, 2006).
As you can see in Figure 3.1, the idea is to obtain a features space in which the
close poses are mapped close together and the far poses are mapped far from
each other in the feature space. The main disadvantage of these approach lies on
the fact that Deep Features can be challenging to integrate in a framework for
various reasons. The most relevant one is caused by their low spatial resolution,
which interferes with accurate localization of the target. Object trackers based
on low-level handcrafted features are primarily trained for accurate target local-
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Figure 3.1: Three-dimensional descriptors for several objects under many di�er-
ent views computed by our method on RGB-D data. Left: The training views
of di�erent objects are mapped to well-separated descriptors, and the views of
the same object are mapped to descriptors that capture the geometry of the
corresponding poses, even in this low dimensional space. Right: New images
are mapped to locations corresponding to the object and 3D poses, even in the
presence of clutter. Figure adapted from (Wohlhart & Lepetit, 2015).

ization to avoid long-term drift. However, this might not be the optimal strategy
for Deep Features which exhibit fundamental di�erent properties.

In the last decade, there were presented methods that use a Deep Learning net-
work for segmentation as part of their pipelines (Jafariet al., 2018; Rad & Lep-
etit, 2018; Xianget al., 2018) or that use instance segmentation (Doet al., 2018).
What separates these methods from the sparse feature based ones is that they do
not extract the features, but work on the images directly and learn some internal
features.

Learning-based techniques have shown promising results in directly regressing the
6D object pose from image data (Liet al., 2019b; Xianget al., 2018). Neverthe-
less, given the complexity of the 6D challenge, a large amount of pose-annotated
training data is required to achieve satisfactory results in practice. This is often
more challenging than labeling for object classi�cation or detection.
Recently, some data driven techniques combining Deep Learning with traditional
approaches, like PnP (Tremblayet al., 2018), have gained interest. Although
they are more data-e�cient, these methods could be problematic under severe
occlusions, and often require precisely calibrated camera parameters for the PnP
step. Given that, a pose is re-estimated in every frame, and these techniques of-
ten trade-o� speed for accuracy (Xianget al., 2018). This might not be desirable
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for a speci�c task like manipulation.

3.4 6D Pose Tracking

In contrast, other works exploit temporal information to achieve higher accuracy
and faster response than state-of-the-art single image pose estimation methods
while using only synthetic data for training.
In fact, temporal tracking of object poses over sequences of images can greatly
improve speed while maintaining or even improving pose quality (Schmidtet al.,
2015; Wuthrich et al., 2013).
For setups where CAD object models are available, the approaches generally rely
on probabilistic-based methods (Wenet al., 2020).

These methods can be of two di�erent types: (1) Learning Free methods, which
do not require training approached, and (2) Deep Features-based methods, which
employ CNN.

3.4.1 Learning Free

Among these frameworks,Choi & Christensenproposed a e�cient Particle Filter-
ing one (Choi & Christensen, 2013), which harnesses the computational power of
GPU, where likelihood is computed based on color, distance and normals. Never-
theless, the hand designed likelihood functions can hardly generalize to di�erent
lighting conditions or scenes with challenging clutter.
An alternative (Wuthrich et al., 2013) explicitly models occlusions and shows suc-
cess in terms of robustness; in contrast, the pose accuracy is not precise enough
for certain manipulation tasks.
To mitigate this problem, follow up work (Issacet al., 2016), applying Gaussian
Filtering achieves promising pose accuracy. As a drawback, they introduce more
frequent tracking loss.
Other groups of methods have been proposed: they proposed objective functions,
which capture the discrepancy between the current observation and the previous
state.
These approaches compute relative transformations based on the minima of the
residual function (Pauwels & Kragic, 2015; Schmidtet al., 2015; Tjadenet al.,
2019). In particular, some methods combine the optical/AR 
ow and point-to-
plane distance to solve tracking in a least-squares sense (Pauwels & Kragic, 2015;
Schmidt et al., 2015). These methods are based, for instance, on SIFT features
and optical 
ow noise, which, however, limit the performance and often require
extensive hyper-parameter tuning to adapt to new scenarios.
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3.4.2 Deep Feature-based

Among the proposed method to mitigate the problems of limited performances
and expensive hyper-parameter tuning, FlowNetSimple is one of the most rele-
vant. The network (Fischeret al., 2015) is trained to directly predict optical 
ow
from two input images and aims to re�ne pose outputs of any 6D object pose
detection approach; this innovative algorithm can also be extended to tracking
(Li et al., 2019a). It requires, however, occasional re-initialization.

Recently, Wen et al. proposed a novel neural network architecture, called se(3)-
TrackNet (Wen et al., 2020), that allows training on synthetic datasets which
transfers robustly to real world data. This work presents a framework for e�-
cient and robust long-term 6D object Pose Tracking, the combination of design
choices for the network and the Lie Algebra representation for learning residual
poses during pose tracking result in highly desirable performance validated by
extensive experiments.
It aims to identify the optimal relative pose given the current RGB-D observation
and a synthetic image conditioned on the previous best estimate and the object's
model. The key contribution of this work is represented by a novel neural net-
work architecture, which appropriately disentangles the feature encoding to help
reduce domain shift. Consequently, even when the network is trained only with
synthetic data can work e�ectively over real images.
se(3)-TrackNet is shown to be robust under large occlusions and to re-orientations.
Moreover it show that the proposed approach achieves consistently robust esti-
mates. Despite these desirable properties for the proposed network, a limitation
is that the training is based on the requirement of the CAD model, which is not
always possible to access.

Recent work (Denget al., 2019a) proposed a Rao Blackwellized Particle Fil-
ter, called PoseRBPF, which decouples the translational and rotational uncer-
tainty, achieving state-of-the-art 6D Pose Tracking performance on the YCB-
Video dataset. In the case of severe occlusions, however, re-initialization of the
pose estimation is required.
The approach can e�ectively estimate the 3D translation of an object and its full
distribution over the 3D rotation. The paper describing this �lter states that
tracking 6D poses of objects in videos can enhance the performance of robots in
a variety of tasks, including manipulation and navigation tasks. Most existing
techniques for object pose estimation try to predict a single estimate for the 6D
pose, but these methods have a number of limitations and problems. For instance,
they are unable to tell the pose of partially or completely occluded objects.
Moreover, there are situations in which, due to symmetries, there is no single
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Figure 3.2: Overview of PoseRBPF framework for 6D object Pose Tracking.
The method leverages a Rao-Blackwellized Particle Filter and an Auto-Encoder
network to estimate the 3D translation and a full distribution of the 3D rotation
of a target object from a video sequence. Picture taken from (Denget al., 2019a).

correct answer for the pose of an object, which complicates the task further. In
fact it turns out that many objects in everyday environments are symmetric, such
as dinner plates, bowls, bottles, or cubes. These objects do not have a unique
3D orientation since they look identical from many di�erent viewing angles. To
circumvent these problems, PoseRBPF used a Deep Learning technique (an Auto-
Encoder) to pre-compute embeddings that represent what the object might look
like in all these orientations and under arbitrary lighting conditions (this encod-
ing strategy is also very relevant for my thesis work). Therefore they proposed
to track the full distribution of the pose of an object (as opposed to single pose
estimate) through time. This distribution accurately captures the uncertainty
in the object's pose, and tracking over time helps disambiguate the pose of the
object.
An overview is shown in Figure 3.2.
At each time step, the approach updates the set of particles by sampling from the
previous particle set, following a model that predicts how the object and camera
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might move from one step to another. This process allows PoseRBPF to accu-
mulate information over time, which in turn leads to more robust and accurate
pose estimates.

41



Chapter 4

Methodology

In this chapter, an overview of the purposes of the thesis will �rst be presented,
after which we will proceed with the explanation of the method, explaining the
choices made during the implementation and re-working of the theory.

4.1 Framework Outline

The aim of this thesis is to introduce a Particle Filter-based approach to esti-
mate full posteriors over 6D object poses. The objective is to create a system
able to perform in real-time, to be used in humanoid robotics applications such
as grasping and cooperation. Therefore, I proceed with an implementation of the
already cited state-of-the-art approach, called PoseRBPF (Denget al., 2019a).
This method factorizes the posterior PDF into the 3D translation and the 3D ro-
tation of the object using a Rao-Blackwellized Particle Filter (see Section 2.2.3).
To achieve accurate estimates and real-time performance, the 3D rotation is dis-
cretized and a codebook is computed over the embeddings for all the discretized
rotations (this will be explained in more details later).
The embeddings are computed with an Auto-Encoder network (see Section 2.1.3),
trained to compress the visual appearance of an object from arbitrary viewpoints
at a certain scale (Sundermeyeret al., 2019).
The use of this kind of network allows to track the full distributions over 6D
poses, for objects with arbitrary kinds of symmetries, without the necessity for
any manual symmetry labeling.

4.1.1 Pose Parametrization

Recalling Section 2.2.3, the key idea behind PoseRBPF is to partition the state-
space (up to timek) X k into two subspaces:T k (which represent the 3D trans-
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lation) and � k (which represent a probability mass for the 3D rotationR k).
In order to associate a probability to each possible rotation, it is necessary to
discretize the latter on a grid of values. For this part, it is necessary to choose a
representation. In fact, rotations can have many representations, like axis-angles
(Hou et al., 2018), Euler angles (Eberly, 2016) or quaternions (Busamet al.,
2017).
According to (Deng et al., 2019a), the Euler angles representation is chosen, in
which the 3D object orientation is represented byazimuth, elevation, and in-plane
rotation.
To achieve accurate pose estimation, the rotation has been discretized into bins
of 5� , resulting in a distribution r over 72� 37� 72 = 191808 bins for each particle
(elevation ranges only from -90 to 90 degrees).

Therefore, the state of the �lter x at time k, relative to the camera coordinate
system, is:

xk = ( t k ; Pk(r ))

= ( t k ; Pk(r1); Pk(r2); : : : ; Pk(r191808))

= ( t k ; � k)

(4.1)

4.1.2 Deep Features as a Measure

In �ltering, it is necessary to protocol a method for encoding target objects (see
Section 2.2), so that the obtained measurements can be provided as corrections
for the execution. In addition, it is necessary that these measurements are less
sensitive as possible to disturbances e�ects.
In case of 6D pose estimation, the goal is to learn latent representations of RGB
images, which represent indirectly the pose related to object views, rendered in
a low-dimensional space. These latters will be used as a measure in the �lter
scheme.
The descriptor learning can either be self-supervised by the object views them-
selves or still rely on �xedSO(3) representations.
So, we are looking for features which are covariant to the rotation (pose), invari-
ant to all the other transformations and with the property of comparability, since
they may be used as a measure in the �lter scheme.
Data augmentation is the most popular choice to achieve the performances cited
above.

For the considerations presented in Section 3.3 about Deep Features, these could
be a valid choice as features we can apply data augmentation on.
In particular, we selected as a usable feature in the �ltering scheme, the one pro-
vided by the latent representation of an AAE.
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In fact Denoising Auto-Encoders(Vincent et al., 2010) have a modi�ed training
procedure with respect to traditional Auto-Encoders (see Section 2.1.3). Here,
arti�cial random noise is applied to the input imagesx 2 RN while the recon-
struction target stays clean.
The trained model can be used to reconstruct denoised test images.
In literature, it has been demonstrate (Sundermeyeret al., 2019) that this train-
ing strategy actually enforces invariance not only against noise but against a
variety of di�erent input augmentations.

Learning Features with an Augmented Auto-Encoder

The motivation behind the Augmented Auto-Encoder (AAE) is to control what
the latent representation encodes and which properties are ignored. We apply
random augmentations �(�) to the input images x 2 RN against which the en-
coding should become invariant. The reconstruction target remains (2.8) but
(2.7) becomes:

x̂ = (	 � � � �)( x) = (	 � �)( x0) = 	( z0) (4.2)

Where we recall that � and 	 are respectively the Encoder and the Decoder.
We introduced the augmentation technique in order to solve the problem of ex-
plicitly learning representations of object rotations. With the same geometric
input augmentations, it is possible to encode the wholeSO(3) space of views
from a 3D object model (CAD or 3D reconstruction) while being robust against
inaccurate object detections.

However, the encoder would still be unable to relate image crops from real RGB
sensors for several reasons:

1. The 3D model is di�erent with respect to the real object;

2. Simulated and real lighting conditions di�er;

3. The network cannot distinguish the object from background clutter and
foreground occlusions.

During the training of the AAE, we will achieve invariance with respect to a
transformation (i.e. background, lighting conditions, occlusions, di�erent reso-
lution) by feeding the Neural Network several times with images on which the
transformation is applied and as a target the clean image (without the modi�ca-
tions). In this way, the latent vector learn to discard these.
Moreover, we could aim for covariance with respect to other features (i.e. the 3D
orientation). For this objective, we will feed the AAE with images on which the
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feature vary, and impose as reconstruction target the image where the feature
varies accordingly. In this way, the latent vector learn to keep the feature.
Finally, in speci�c cases, we want the embeddings not to be invariant at all to
some features, so that the reconstruction in these cases will be bad. To achieve
this, we do not present these features at all during the trining phase.
Instead of trying to simulate every detail of speci�c real sensor dataset,Sun-
dermayer et al. proposed a Domain Randomization (DR) technique within the
AAE framework to make the encodings invariant to insigni�cant environment and
sensor variations (Sundermeyeret al., 2019). More importantly, this technique
is particularly useful in our case, as such a particular dataset of actual images
could be complicated to collect. Indeed, DR is a standard approach to �ll the
gap between simulations and real world.
Moreover, the authors showed that the AE latent space produces latent repre-
sentations which are invariant to several di�erent input augmentations because
it facilitates the reconstruction of de-augmented images.

Learning Invariance to Augmentations

To make evident that this property holds for geometric transformations, they
learn latent representations of binary images depicting a 2D square at di�erent
scales and at di�erent in-plane translations and rotations. The goal is to encode
only the in-plane rotations r 2 [0; 2� ] in a 2D latent spacez 2 R2 independent
of scale or translation. Figure 4.1 depicts the results after training a CNN-based
AE architecture similar to the model in Figure 2.2. It can be observed that the
AEs trained on reconstructing squares at �xed scale and translation (as can be
seen in part 1 of Figure 2.2) or random scale and translation (part 2 of the same
Figure) do not clearly encode rotation alone, but are also sensitive to other latent
factors. Instead, the encoding of the AAE becomes invariant to translation and
scale such that all squares with coinciding orientation are mapped to the same
code, as can be seen in part (3) of Figure 2.2. Furthermore, the latent representa-
tion is much smoother and the latent dimensions imitate a shifted sine and cosine
function with frequency f = 4

2� respectively. The reason is that the square has
two perpendicular axes of symmetry, i.e. after rotating�

2 the square appears the
same. This property of representing the orientation based on the appearance of
an object rather than on a �xed parametrization is valuable to avoid ambiguities
due to symmetries when teaching 3D object orientations.

The main conclusion is that the trained encoder treats the di�erences to real
camera images as just another irrelevant transformation.
Therefore, while keeping reconstruction targets clean, we randomly apply addi-
tional augmentations to the input training views:
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Figure 4.1: Experiment performed by (Sundermeyeret al., 2019) on thedsprites
dataset (Matthey et al., 2017). The experiments shown how the augmentation is
able to make the Network more robust to image geometric transformation. Left:
64� 64 squares from four distributions (a, b, c and d) distinguished by scale (s)
and translation (txy ) that are used for training and testing. Right: Normalized
latent dimensionsz1 and z2 for all rotations (r 2 R) of the distribution (a), (b) or
(c) after training ordinary Auto-Encoders (1), (2) and an AAE (3) to reconstruct
squares of the same orientation.
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Figure 4.2: Training process for the AAE; the reconstruction target batchx
of uniformly sampledSO(3) object views are generated using the corrispective
CAD model; �( �) geometric and color augmentation is applied to input; the
reconstruction x̂ is shown on the right after 30000 iterations. Figure adapted
from (Sundermeyeret al., 2019).

1. Rendering with random light positions and randomized di�use and specular
re
ection, using a Phong model(Phong, 1975);

2. Placing random background images from the Pascal VOC dataset (Ever-
ingham et al., 2014);

3. Varying image contrast, brightness, Gaussian blur and color distortions;

4. Applying occlusions using random object masks or black/RGB squares.

Figure 4.2 depicts an exemplary training process for synthetic views of the object
2, the cracker-box, from YCB-Video dataset(Calliet al., 2015a; Xianget al.,
2018).
The convolutional Auto-Encoder architecture that is used in the experiments is
depicted in 2.2. We use a bootstrapped pixel-wise`2 loss, �rst introduced by (Wu
et al., 2016). Only the pixels with the largest reconstruction errors contribute
to the loss. Thereby, �ner details are reconstructed and the training does not
converge to localminima like reconstructing black images for all views. In our ex-
periments, we choose a bootstrap factor ofk = 4 per image, meaning that1

4 of all
pixels contribute to the loss. We decided to substitute the renderer contemplated
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Figure 4.3: Creating a codebook from the encodings of discrete synthetic object
views.

by the PoseRBPF in order to enable the texture support: we chose an open-
source and light-weight physically-based renderer (PBR), called BOPrenderer
(Denninger et al., 2019, 2020). In details, we render 20000 views of each object
uniformly at random 3D orientations and constant distance along the camera axis
(z0 = 700mm). The resulting images are quadratically cropped using the longer
side of the bounding box and resized (nearest neighbor) to 128� 128� 3 as shown
in Figure 4.2. All geometric and color input augmentations besides the render-
ing with random lighting are applied online during training at uniform random
strength, parameters are found in Table 5.2 and the training setting is explained
in Section 5.2.
As already explained in the Outline (Section 4.1), we need to ponder our opti-
mization choices to achieve both accurate estimates and real-time performance.
The �rst optimization choice is the introduction of a codebook, where all the 3D
discretized rotations are pre-computed over the embeddings.

4.1.3 Codebook Creation

After training, the AAE is able to extract a 3D object from real scene crops,
captured by any type of camera sensors. The clarity and orientation of the
decoder reconstruction is an indicator of the encoding quality. To determine
3D object orientations from test scene crops we create a codebook (Figure 4.3),
following three sequential steps:
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Figure 4.4: PoseRBPF: a Rao-Blackwellized Particle Filter for 6D object Pose
Tracking. For each particle, the orientation distribution is estimated with the
conditioning on translation estimation, while the translation estimation is evalu-
ated with the corresponding RoI. Figure adapted from (Denget al., 2019a).

1. Render clean, synthetic object views at nearly equidistant viewpoints from
a full view-sphere item;

2. Rotate each at �xed intervals to cover the wholeSO(3), according to the
discretization of the rotation (see Section 4.1.1);

3. Create a codebook by generating latent codesz 2 R128 for all resulting
images and assigning their corresponding rotationR cam2obj 2 R3� 3 for all
the possible rotation in the discretized space, calledR c.

4.1.4 6D Object Pose Tracking Steps

Now we will introduce the steps to follow in order to perform 6D object Pose
Tracking.
The overall architecture is shown in Figure 4.4.
In this Bayesian �ltering framework, at each instant k, the state is decomposed
according to the standard RBPF.
In a �rst phase, the prediction , a motion model is applied to the state in order
to predict the future state given the current one. A measurement is then pro-
vided based on the translational content and the Augmented Auto-Encoder. The
likelihoods are calculated on the measurement and will therefore be used in the
correction phase to update the weights and the analytical update of the second
part of the state (rotational). Then the resampling is carried out in order to
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avoid that some particles get too low weights and therefore become negligible.

To de�ne the Bayesian �ltering framework architecture, we have to start from
the theory of Rao-Blackwellized Particle Filter (see Section 2.2.3):

8
>>>><

>>>>:

w(i )
k /

p(zk j z1:k� 1; t (i )
1:k) � p(t (i )

k j t (i )
1:k� 1)

q(t (i )
k j t (i )

1:k� 1; z1:k)
ew(i )

k� 1

ew(i )
k =

w(i )
kP

i w(i )
k

(4.3)

The simplest choice for the proposalq (the density) in this type of �lter, which
is a bootstrap �lter (see Section 2.2.2 and Section 2.2.3), is to sample from the
transition probability distribution:

q(t (i )
k j t (i )

1:k� 1; z1:k) = p(t k j t (i )
k� 1) (4.4)

Substituting 4.4 in 4.3 and omitting the term ew, since resampling will be applied
at each step (see 2.2.2), the weight equation becomes:

w(i )
k / p(zk j z1:k� 1; t (i )

1:k) (4.5)

where the termp(zk j z1:k� 1; t (i )
1:k) is the measurement likelihood.

Assuming to marginalize overr k� 1 (Doucet et al., 2001), it is now possible to
write:

p(zk j z1:k� 1; t (i )
1:k) =

X

r j
k 2 R c

p(zk j r j
k ; z1:k� 1; t (i )

1:k) � p(r j
k j z1:k� 1; t (i )

1:k) (4.6)

Now considering that each measure is independent from the previous ones given
the state, and that the term p(r j

k j z1:k� 1; t (i )
1:k) represents the predictive distribu-

tion of the rotation, given the post measurements and all translations (sincet (i )
k

was already sampled), the equation (4.6) becomes equal to:

p(zk j z1:k� 1; t (i )
1:k) =

X

r j
k 2 R c

p(zk j r j
k ; t (i )

k ) � p(r j
k j z1:k� 1; t (i )

1:k) (4.7)

The term p(zk j r j
k ; t (i )

k ) can be expanded by usingBayes' rule:

p(zk j r j
k ; t (i )

k ) =
p(r j

k j zk ; t (i )
k ) � p(zk j t (i )

k )

p(r j
k j t (i )

k )
(4.8)

50



4.1 Framework Outline

Since the denominator term does not depend onzk we can rewrite (4.8):

p(zk j r j
k ; t (i )

k ) / p(r j
k j zk ; t (i )

k ) � p(zk j t (i )
k ) (4.9)

The two distribution on the right-end side of Equation (4.9) measure the com-
patibility of the observation zk with the object pose given by the 3D rotationr k

and the 3D translation t k .
Thus, it is su�cient to compute the rotational likelihood p(r j

k j zk ; t (i )
k ) and

the translational one p(zk j t (i )
k ) in order to estimate the total likelihood p(zk j

r j
k ; t (i )

k ).

Prediction

In the prediction step, we have to drawt n
k particles using a motion prior; this

model is used to propagate the distribution of the poses from the previous time
step k � 1 to the current time stepk:
To propagate the probability distribution of the 3D translation, a Gaussian Prior
is used:

p(t k j t k� 1) = N(t k� 1 j �; � T ) (4.10)

whereN(t k� 1 j �; � T ) denotes the multivariate normal distribution with mean �
and covariance matrix� T , evaluated in t k� 1.

Therefore, extracting from this distribution p(t k j t k� 1) a sample t̂ (i )
k , for each

particle, we obtain the propagated particle translation as:

t (i )
kjk� 1 � p(t k j t k� 1) (4.11)

Since this distribution is Gaussian, the operation is equivalent to sample noise
from a GaussianN(0; � ) and sum the latter with the translation computed at
the previous stept (i )

k� 1.

The rotation prior, instead, is de�ned as a normal distribution with meanr k� 1

and �xed covariance� R :

p(r k j r k� 1) = N(r k� 1; � r ) (4.12)

We can de�ne the probability associated to each propagated rotation in the fol-
lowing way:

� (i )
kjk� 1(r j

k) = p(r j
k j z1:k� 1; t (i )

1:k) (4.13)

One way to computing these quantities is by marginalizing the previous equation
over r k� 1:

� (i )
kjk� 1(r j

k) =
X

r j
k 2 R c

p(r j
k j r j

k� 1; z1:k ; t (i )
1:k) � p(r j

k� 1 j z1:k� 1; t (i )
1:k) (4.14)
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Now substituting and marginalizing overr k and dropping t (i )
k :

� (i )
kjk� 1(r j

k) =
X

r j
k 2 R c

p(r j
k j r j

k� 1; t (i )
1:k) � p(r j

k� 1 j z1:k� 1; t (i )
1:k� 1)

=
X

r j
k 2 R c

N(r j
k� 1; � r ) � � (i )

k� 1(r k� 1)
(4.15)

Given that the number of samples is extremely elevated (few billions), Equa-
tion (4.15) requires a considerable computational load; indeed, it is possible to
approximate the operation with a convolution with a 3D Gaussian kernel:

� (i )
kjk� 1(r j

k) '
X

r j
k 2 neigh(r k � 1 )

N(r j
k� 1; � r ) � � (i )

k� 1(r k� 1)

' (� k� 1(r k� 1) ~ K 3D )(i )
j

(4.16)

where dim(K 3D ) is ng � ng � ng with ng odd and � 3.
The reason behind the approximation lies in calculating the Gaussians using as
entries only the rotations close to the one taken into consideration. This can be
done since the contribution of the� becomes negligible as you move away from
the mean of the Gaussian, so they could be dropped out.

As seen in (4.9), to estimate the full observation likelihood, we need to com-
pute the rotational and the translational ones separately.

Rotational Likelihood

The rotational likelihood is computed using the feature embedding of a portion
of input image and the codebook.
Given a 3D translation hypothesis for each particlet (i )

kjk� 1, we crop a Region of
Interest from the image, and then we feed the crop into the encoder to compute
a feature embedding of the RoI.
Speci�cally, the 3D predicted translation t (i )

kjk� 1 = ( x(i )
kjk� 1; y(i )

kjk� 1; z(i )
kjk� 1)> is pro-

jected to the image to �nd the center (u(i )
k ; v(i )

k )> of the RoI, using the projective
equation:

�
u
v

�
=

0

B
@

f x
x
z

+ px

f y
y
z

+ py

1

C
A (4.17)

where f x and f y indicate the focal lengths of the camera, and (px ; py)> is the
principal point (image center).
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The size of the RoI, for each particle, is determined as:

s(i ) =
z0

z(i )
kjk� 1

�s (4.18)

wherez0 represents the canonical distance from the camera, and �s is the RoI diag-
onal lenght obtained during the training phase of the Augmented Auto-Encoder.

The concept behind the formula is to tighten and enlarge the bounding box
that is generated in order to crop the image. Hence, when the predictedz, at
time k, is very distant we have a bounding box smaller than the canonical one,
so the one used during the training phase (obtained using two parametersz0 and
�s). Applying the same principle, the bounding box will be larger for closer views.
This is a key concept, as in the framework proposed in this thesis we use only one
monocular camera, so the estimation of the depth is a subtle problem (as we will
formalize in the following Section). Thus, a good tracking of thez is fundamental
to achieve valid performances.

The computed embedded vectorf (zk(t (i )
kjk� 1)), renamed f (zk(t k)), for each par-

ticle is used to calculate the rotational likelihoods as follow:

p(r j
k j zk ; t (i )

k ) / �

 
f (zk(t k)) � f (z(r j

c; t 0))

kf (zk(t k))k �



 f (z(r j

c; r 0))





!

(4.19)

wherer j
c is one of the discretized rotations in the codebook, and� (�) is a Gaussian

probability density function centered on the maximum cosine distance among all
the codes in the codebook for all the particles.

Taking in account the expression of the Gaussian density function, Equation
(4.19), expands to:

p(r j
k j zk ; t (i )

k ) /
1

p
2�� 2

e
�

(cos(r j
k ; zk(t k)) � � ))2

2� 2 (4.20)

with
� = max

r j
c 2 R c

(cos(r j
c; zk(t k))) (4.21)

Translation Likelihood

In order to evaluate the translational likelihoodp(zk j t (i )
k ) we used the mea-

surement information provided by the Augmented Auto-Encoder. In fact, the
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Figure 4.5: Visualization of reconstruction of the RoIs from Auto-Encoder. Start-
ing from the reconstruction (center) carried out on a crop at the canonical train-
ing scale, varying the distance from the cameraz0 (the canonical value is set to
700mm), it can be seen how moving away or approaching the view decreases the
quality of it. This property makes Auto-Encoder a suitable choice for comput-
ing the observation likelihoods. For this image, object #5 (mustard-bottle) of
YCB-Video Dataset was used.

network is trained with the object being at the center of the image and at a cer-
tain scale (i.e. with the canonical translationt 0), and any deviation of the object
pose from the center of the image results in poor re-constructions. Particles with
incorrect translations would generate RoIs where the object is not in the center
of the RoI or with the wrong scale (see Figure 4.5). This is also visible from the
(4.18): a particle with a wrong predictedzkjk� 1 will generate a crop that when
passed to the Augmented Auto-Encoder side will return a latent vector with a
bad reconstruction quality and that particle will get a low weight, so that it will
be discarded in the resampling.
Similar considerations are also made with the prediction forx and y, that is xkjk� 1

and ykjk� 1 obtained during the prediction phase.

The key idea is that particles with incorrect 3D translation will generate bad
reconstructions based on how the Augmented Auto-Encoder was trained. Un-
der the assumption that the encodings corresponding latents are not comparable
with the encodings saved in the codebook, the authors of the paper propose to
approximate the translational likelihood with:

p(zk j t (i )
k ) =

X

r j
k 2 R c

p(r j
k j zk ; t (i )

k ) (4.22)
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4.1 Framework Outline

Intuitively, if the translation prediction t kjk� 1 is correct, the similarity scores
in (4.20) for rotation r (i )

k that is close to the ground truth rotation would be
higher. Speci�cally, as shown in (4.22),p(zk j t (i )

k ) is computed as the sum of
the probability density associated to the rotational likelihood for all the discrete
rotations.
Note that this assumption is reasonable from a probabilistic point of view, but it
does not rely on mathematical fundamentals. The key idea is that we expect the
reconstruction to be worse on the points that were not on the training set.
We believe this is the most delicate step of the framework, and we exploited
di�erent approaches to mitigate eventual problems, especially with respect to
scale transformations.

Correction & Update

After the computation of the full observation likelihood as a product of the trans-
lational and rotational ones, we must perform the updating phase for the analytic
part of the state; exploitingBayes' ruleand the conditional Independence of mea-
surements given the state, the rotation distribution for each particle is updated
with the formula:

� (i )
k (r j

k) = p(r j
k j z1:k ; t (i )

1:k)

=
p(zk j r j

k ; t (i )
k ) � p(r j

k j z1:k� 1; t (i )
1:k)

p(zk� 1 j z1:k� 1; t (i )
1:k)

=
p(zk j r j

k ; t (i )
k )

p(zk� 1 j z1:k� 1; t (i )
1:k)

� (i )
kjk� 1(r j

k)

(4.23)

Algorithm 4.1.4 summarizes Rao-Blackwellized Particle Filter for 6D object POse
Tracking. A more detailed block diagram is instead shown in Figure 4.6.

Pose Extraction

Some robotic task requires the expectation of the 6D pose of the object from
the Particle Filter for decision making. The expectation can be represented as
(t E

k ; r̂ E
k ).

The translation expectation can be computed simply by averaging the translation
estimationst 1:N

k for all the N particles due to the uni-modal nature of translation
in the object tracking task or extracting the translation associated to the particle
with the major weight.
To compute the rotation expectation, we extract the particles with the major
weights and then we take the major rotation probability from the 3D distribution.
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4.1 Framework Outline

Figure 4.6: Operational 
ow of the implemented PoseRBPF. The main blocks
making up the �ltering framework are highlighted in green: Rao-Blackweillized
decomposition, Augmented Auto-Encoder and pre-computed Codebook. The
main operations of the �lter are highlighted in blue: Prediction (particles propa-
gation), Measurement Model, Correction and Resampling.
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4.1 Framework Outline

Algorithm 2 6D Object Pose Tracking with PoseRBPF.
1: input: z k ;

�
t 1:N

k� 1; � 1:N
k� 1

�

2: procedure PoseRBPF
3: f wi gN

i =1  ;
4: (t 1:N

kjk� 1; � 1:N
kjk� 1)  Propagate

�
t 1:N

k� 1; � 1:N
k� 1

�

5: for (t i
kjk� 1; � i

kjk� 1) 2 (t 1:N
kjk� 1; � 1:N

kjk� 1) do

6: � i
k  CodebookMatch(zk ; t i

k) � � i
kjk� 1)

7: wi  Evaluate(zk ; t i
k ; � i

k)
8: end for
9: output:

�
t 1:N

k ; � 1:N
k

�

10: Resample(t 1:N
k ; � 1:N

k ; wi )N
i =1

11: end procedure

The rotation estimation r E
k is the rotation associated to the extracted probability

� j
k .

4.1.5 Formulation of the z-encoding problem

Monocular z estimation is an ill-posed problem: indeed, a single 2D image may
be produced from an in�nite number of distinct 3D scenes. This problem cannot
be solved directly from bottom-up geometric cues in general. To overcome this
inherent ambiguity, typical methods resort to exploiting statistically meaningful
monocular cues or features, such as perspective and texture information, object
sizes, object locations, and occlusions (Khanet al., 2020).
In order to solve thez-estimation problem it is possible to use the Auto-Encoder
to encode it. However from the baseline it is not clear how discriminative the
network is with respect to it.
Furthermore, in the framework,z has a fundamental role as regards the correct
estimation of all the other parameters since, as explained in Section 4.1.4,z is
used to project on the image plane:x and y, in order to identify the RoI to
compute the latent vector.
It is possible to propose an alternative solution of the AAE training to mitigate
this problem.
What I decided is to eliminate completely the scale from the augmentation param-
eters as discussed in Section 5.4, while introducing some variations with respect
to the resolution during the training phase of the AAE. The objective is to obtain
covariance with respect to this aspect.
The proposed strategy, as can be seen from the results obtained in Section 5.5,
allows to better track the z.
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4.2 Filter Implementation

4.2 Filter Implementation

In order to implement the architecture shown in Figure 4.4 and 4.6, I based my
work on the library \Bayes Filters Library" (Fantacci, 2020) using as program-
ming languages C++ and Python. The aim of this library is to provide interfaces
for new and existing recursive Bayesian �lters.

The state of the system is made up of 191811 elements:t is a (3 � 1)> vec-
tor and � a (191808� 1)> ; therefore, the update phase and all the operations to
be carried out would be slow and expensive with a only CPU-based implementa-
tion.
In order to overcome this problem, I decided to implement the �lter almost en-
tirely on GPU and coded these parts with Python; on this side of the implemen-
tation, the optimization is based on libraries such as CuPy (Okutaet al., 2017b)
and PyTorch (Paszkeet al., 2017), which have proven to be e�ective in order to
speed-up several demanding operations.
CuPy is a library that implements Numpy (Oliphant, 2006; Van Der Walt et al.,
2011) arrays on NVIDIA GPUs by leveraging the CUDA library. Exploiting this
library, superior parallel optimization can be provided by GPUs.
The interface of CuPy is basically an alternative of Numpy and, in most cases,
it can be used as a direct replacement: substituting Numpy code with compat-
ible CuPy code will bring noticeable advantages in both time and space perfor-
mances. Indeed, the CuPy library supports most of the array operations that
Numpy presents, including indexing, calculations on arrays, and various matrix
transformations, with a noticeable boost in the performances, up to 10x faster
(Okuta et al., 2017a).

On the C++ side I left all the steps which does not require GPU support (i.e.
the communication, extraction of the state, resampling); this part was imple-
mented exploiting the Eigen library (Guennebaudet al., 2010), which allows also
a multi-threaded implementation.

My job included the creation of a wrapper around the system in order to enable
the use of services to calculate run-time inference. I chose to create the wrapper
in YARP (Yet Another Robot Platform) (Fitzpatrick et al., 2008); indeed, this
middleware was used as a framework for both the inter-process communication
between the C++ and Python modules, and as a communication platform for ex-
ternal inputs and outputs.

As already cited, I decided to propose an architecture where each step is per-
formed either on multi-threading CPU or with GPU accelerations.
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4.2 Filter Implementation

Table 4.1: Inference Time { Sequentially VS Batch Execution.

# of Particles Sequentially Exec Batch Exec

50 5.80 fps 25.50 fps
100 2.95 fps 10.90 fps
200 1.45 fps 5.0 fps

The Augmented Auto-Encoder is a standard Neural Network, so its execution
must be performed on the GPU side. An e�cient implementation within this
philosophy is already available online. My contribution on this part regards the
adaptation of the algorithm in order to be inserted in the �ltering framework.

4.2.1 Augmented Auto-Encoder Adaption

As already mentioned, the Augmented Auto-Encoder was used for the measure-
ment model: for this part the code of a network was already available, imple-
mented in Tensor
ow (Abadi et al., 2015).
The AAE network is shown in Figure 4.2.

As regards the part of the inference calculation, some improvements have been
made to the pre-existing code to be able to calculate the encoding for a batch of
images, instead of only once at a time; this optimization signi�cantly reduces the
computational time required at each iteration and therefore allows an improve-
ment in performance.
The inference times are shown in the Table 4.1 where the number of particles
corresponds to the size of the batch of images that at each cycle is passed to the
Auto-Encoder in order to extract the latent vector z (in this case a matrix of
latent vectors Z).

4.2.2 CPU and GPU Workload Separation

The main operations performed by the �ltering framework, and their classi�ca-
tion in CPU-side computation and GPU-side are shown in Figure 4.7.
The most expensive operations were implemented entirely on the GPU, such as
the application of the prior model for the rotational part. In fact, for instance
the translational prior, Equation 4.11, it was su�cient to to sample noise from
a GaussianN(0; � ) and sum the latter with the translation computed at the
previous stept (i )

k� 1. This operation is not computationally expensive, thus it was
performed on the CPU.
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4.2 Filter Implementation

Instead for operations like the rotational prior, a state of 191808 had to be propa-
gated. To do this, several precautions will be considered to optimize the calcula-
tion. I use PyTorch is to propagate the rotational part of the state, implementing
the convolution on the previous rotation distribution with a 3D Gaussian kernel,
as explained in (4.16).
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4.2 Filter Implementation

Figure 4.7: In �gure are shown the division between operation performed on
CPU and GPU. The block diagram shows only the principal and more expensive
operation.
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Chapter 5

Experiments

In this chapter I described the detail of the setup, the dataset and the metrics
adopted for the experiments, whose aim is to verify and evaluate the method
described in the previous Chapters.
I standardized all the results with respect to the guidelines de�ned by the BOP
(Benchmark for 6D Object Pose Estimation) competition, which is presented in
Section 5.1. In this chapter, I will enter in the details of the choices made during
the training of the Auto-Encoder (Section 5.2), as well as the approach for tuning
the parameters (Section 5.3). Then, I will present some issues on thez encoding,
evidenced by the �rst experiments and the solutions adopted to mitigate or solve
them (Section 4.1.5). I will end the Chapter presenting and commenting the
results on the �nal version of the framework (Section 5.5).

5.1 The BOP Pose Estimation Benchmark

Estimating the 6D pose, i.e. the 3D translation and 3D rotation, of rigid objects
from a single input image is a crucial task for numerous application �elds such
as robotic manipulation, augmented reality or autonomous driving. The BOP
(Benchmark for 6D Object Pose Estimation) project aims to continuously report
the state of the art in 6D object pose estimation.
This benchmark (Hodanet al., 2018) introduces a standard evaluation proce-
dure, an online platform that combines an extensive, diverse and challenging set
of new and existing publicly available RGB-D datasets, tested with state-of-the-
art methods. The benchmark combines eight datasets including 89 object models
and 62155 test images with a total of 110793 test targets. Each dataset is pro-
vided with textured-mapped 3D object models and training images from real or
synthetic scenes. The test images have distinct levels of complexity with occlusion
and clutter including di�erent types of objects, from common household objects
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5.1 The BOP Pose Estimation Benchmark

Table 5.1: YCB-Video Dataset Objects. The objects on which I have carried out
the experiments are highlighted in bold.

Objects

01 002 master chef can
02 003 cracker box
03 004 sugar box
04 005 tomato soup can
05 006 mustard bottle
06 007 tuna �sh can
07 008 pudding box
08 009 gelatin box
09 010 potted meat can
10 011 banana
11 019 pitcher base
12 021 bleachcleanser
13 024 bowl
14 025 mug
15 035 power drill
16 036 wood block
17 037 scissors
18 040 large marker
19 051 large clamp
20 052 extra large clamp
21 061 foam brick

to industrial-like pieces. Among those available, I considered the YCB-Video
dataset comprising 21 objects from the YCB model set (Calliet al., 2015b; Xiang
et al., 2018).
The objects are shown in Figure 5.1 and listed in Table 5.1.
Among the meta-data of the images, a very important parameter is the list of
objects that are present, their poses and 2D centers. However, there are images
where one or more objects are completely (or almost completely) occluded. Ad-
ditionally, there are almost 0.03 percent images in which some objects are present
in less than 25 pixels and in other images their 2D center of the object lies outside
the borders.
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