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ABSTRACT

Learning Markerless Robot-Depth Camera Calibration and
End-Effector Pose Estimation
Bugra Can Sefercik
Master of Science in Computer Science and Engineering
August 5, 2022

Robot arms are being used more and more in unstructured environments. As such,
they are relying more on vision sensors compared to traditional factory robots which
are placed in highly structured, controlled and caged work-cells. Some applications
that rely on vision data include bin-picking, box picking and placing, assembly and
part feeding in mixed human-robot work cells, inspection, quality control etc. Vision
data is mainly required to localize the objects to be manipulated, perform measure-
ments and detect near-by humans. Vision based robot systems require extrinsic
calibration between the robot and camera in order to work properly. This is a time
consuming and tedious procedure which can be expensive as well. Fast, flexible and
precise robot-camera calibration is essential for not only industrial environments
but also academic lab environments where the location of the camera and/or robot
needs to be frequently or is accidentally changed.

Extrinsic calibration between a robot arm and camera is a decades old challenge
still prevalent to this day. Traditional techniques work by estimating pose of the
camera relative to a fiducial marker from multiple points and matching these esti-
mations with the robot’s pose. Recent learning based approaches predict extrinsic
calibration from images relying heavily on simulation data.

In this thesis, we present a learning based markerless extrinsic calibration sys-
tem that uses a depth camera. We learn models for end-effector (EE) segmenta-
tion, single-frame rotation prediction and keypoint detection, from automatically
generated real-world data. Our models are based on MinkUNet and PointNet++
architectures. We use a transformation trick to get EE pose estimates from rota-
tion predictions and a matching algorithm to get EE pose estimates from keypoint
predictions. We further utilize the iterative closest point (ICP) algorithm, multiple-

frames and outlier detection to increase calibration robustness. Our results on the
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test set with previously unseen camera locations give sub-centimeter (0.74cm) and
less than 0.05 radians (1.69°) average calibration errors and 1.00cm and 2.74° av-
erage pose estimation errors. In addition, we released an open source easy to use
tool for robot users to handle robot-camera calibration with a few mouse clicks by

seamlessly integrating all the models and algorithms discussed in this thesis.



OZETCE

(u)grenim Tabanli Robot-3B Kamera Harici Kalibrasyonu ve Ug¢ Efektor
Pozisyonu Tahmini
Bugra Can Sefercik
Bilgisayar Bilimleri ve Miihendisligi, Yiiksek Lisans
5 Agustos 2022

Robot kollar1 yapilandirilmamis ortamlarda giderek daha fazla kullaniliyor. Bu ne-
denle, yiiksek diizeyde yapilandirilmig, kontrollii ve kafesli ig hiicrelerine yerlestirilen
geleneksel fabrika robotlarina kiyasla gortintii sensorlerine daha fazla ihtiya¢ duyuy-
orlar. Cop toplama, kutu tagima ve yerlestirme, insan-robot ortak ¢aligma hiicrelerinde
montaj ve parca besleme, inceleme, kalite kontrol sistemleri goriintii sensori kul-
lanan uygulamalara ornek olarak gosterilebilir. Gortintii verileri esas olarak ma-
nipiile edilecek nesnelerin yerini belirlemek, ol¢ctimler yapmak ve yakindaki insanlari
tespit etmek i¢in gereklidir. Goriintii tabanli robot sistemlerinin diizgiin galigsabilmesi
icin, robot ve kamera arasinda harici kalibrasyon islemi yapilmasi gerekir. Bu, za-
man alic1 ve sikici ayn1 zamanda da pahali olabilen bir prosediirdiir. Hizli, esnek
ve hassas robot-kamera kalibrasyonu, yalnizca endiistriyel ortamlar i¢in degil, aym
zamanda kamera ve/veya robotun konumunun sik sik degigtirilmesi gereken veya
yanlighkla degistirildigi akademik laboratuvar ortamlari i¢in de gereklidir.

Robot-kamera harici kalibrasyonu, on yillardir stire gelen ve bugiin dahi tizerinde
caligilan bir problem. Geleneksel yontemler, referans bir nesnenin kameraya gore
afin dontigimiini farkli robot pozisyonlarindan hesaplayarak ve bu afin doniigim
tahminlerini robotun yén ve konumuyla eglestirerek calisir. Ogrenme tabanh giincel
yaklagimlarin biiyiik bir kismi simiilasyon ortaminda olusturulan verileri kullanarak
harici kalibrasyon tahminini gerceklestiriyor.

Bu tez calismasinda; referans nesneye ihtiya¢ duymayan, ogrenme tabanli bir
robot-3B kamera harici kalibrasyon sistemi sunuyoruz. Otomatik olarak olusturulan
gercek diinya verilerilerini kullanarak, ug efektér (EE) segmentasyonu, EE yon tah-
mini ve kilit nokta tespiti icin modeller egitiyoruz. Ogrenme modellerimiz MinkUNet
ve PointNet++ mimarileri kullanilarak olugsturuldu. EE konum hesaplamasini, EE

segmentasyon ve EE yon modellerinden elde edilen tahminlerini kullanarak yapiyoruz.
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Tespit edilen kilit noktalar: referans kilit noktalariyla esgleyerek, EE yon ve konum
tahminini ikinci bir yontemle de gerceklestirmis oluyoruz. Kalibrasyon kalitesini
artirmak i¢in yinelemeli yakin nokta (ICP) algoritmasindan, birden fazla 3B fotograf
verisinden ve aykiri deger analizinden faydalaniyoruz. Daha ¢nce kullanilmamis
test verileriyle yaptigimiz dlgiimlerde; 1 santimetreden daha az (0.74c¢m) konum ve
0.05 radyandan daha az (1.69°) yon ortalama hata paylariyla kalibrasyon iglemini
gerceklestirdik. Tek kareden yaptigimiz EE yon ve konum hesaplamarinda, 1.00cm
konum and 2.74° yon ortalama hata paylarina ulastik. Ayrica, bu tezde anlatilan
tiim model ve algoritmalar1 entegre ederek; acik kaynakli, kullanici dostu robot-3B

kamera harici kalibrasyon yazilimim geligtirdik.
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Chapter 1

INTRODUCTION

Robot arms have been deployed as part of automation systems in factory floors
since 1970s. Robotic automation systems are precise, repeatable, fast and they
reduce human workload both literally and figuratively. These systems are highly
engineered, customized and expensive to setup. They are mainly housed in caged
work-cells since they are not safe during operation. As such, these systems are
mostly feasible for mass production.

There are practical, economical and intellectual drives for broader applicability
of robot arms which brought about the advent of ”collaborative” robots or cobots.
Cobots are designed to be safer to negate the need for cages, more cost effective (both
in terms of unit and integration costs) and easily re-programmable by sacrificing
payload capacity and to an extent precision. Some tasks that these cobots are
tasked with include parts manipulation, bin-picking, box picking-and-placing, and
assembly. These tasks require the localization of manipulation targets with respect
to the robot. A popular approach is to use vision towards this end where a camera
estimates the pose of the target with respect to itself which is then transformed to
the robot’s coordinate system. The last step requires the knowledge of the camera
with respect to the robot which is called extrinsic calibration.

Keeping the correct calibration is a challenge for robots in dynamic and un-
controlled environments encountered by cage-free robots. Even if the robot and
the camera are meant to be static. Multiple factors alter this calibration such as
re-positioning the robot and/or the camera for better workspace coverage or for
different applications (e.g. research projects), inadvertently moving them for clean-

ing, people bumping into camera rigs and robots, wear-and-tear and backlash on



Chapter 1: Introduction 2

Robot |_“

Base |‘

Predictions

Figure 1.1: Sample point cloud input of the system and predictions for the input.

low-cost fixtures etc. As such calibration is a needed but time-consuming process.
At the very least, calibration needs to be double-checked before the real work can
begin. This is an all-too-real issue for robotic researchers working with robot arms,
which is getting more wide-spread as cage-free robot arms and mobile manipulators
become more common in the industry.

Traditional extrinsic calibration approaches rely on fiducial markers. Checker-
board patterns and augmented reality tags are commonly used in both research and
factory settings. Adding markers is error-prone due to intrinsic calibration errors,
sensor noise, robot-to-marker fixture quality (which introduces errors in transforma-
tion between the markers and the robot) etc. Almost all the approaches benefit from
post-processing steps to improve the calibration quality such as the iterative closest
point (ICP) algorithm, if a reference model is available. High precision systems
employ precision machined fixtures and active markers (e.g. leds, infrared reflective
materials along with infrared light-sources) which are costly. Thus, using markers
is not an ideal solution for most applications.

In this work, we develop a system that can handle the extrinsic calibration
between a depth camera and a robot arm without additional hardware, markers or

simulation. We utilize recent developments in deep learning models for point clouds
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in combination with the ICP algorithm. Our system collects its own data, negating
the need for manual labelling. Two side benefits of our system is that (1) it provides
high quality semantic segmentation information about the background, end-effector
and the rest of the robot, and (2) estimates the end-effector (EE) pose with high

accuracy.

1.1 Thesis Statement

It is possible to build a fast and flexible learning based markerless extrinsic cali-
bration system using a noisy consumer-grade depth camera, with minimum human
intervention, and without any additional equipment that can achieve sub-centimeter

level position and sub-deciradian level rotation precision, using only real data.

1.2 Contributions

The main contributions of our system are;

(1) high performance (average test errors of 0.74cm and 1.69°) markerless extrinsic

calibration,

(2) high performance (average test errors of 1.00cm and 2.74°) EE pose estimation

with respect to camera,
(3) automatic real-life data collection methodology,

(4) an easy-to-use, open-source robot-depth camera calibration tool.

1.3 Outline

Remaining chapters of this thesis are organized as follows:

e Ch. 2: investigates the conventional and learning-based robot-camera calibra-

tion literature.

e Ch. 3: gives background information on the available technical methods uti-

lized in this work. Experienced readers are encouraged to skip this chapter.
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e Ch. 4: explains our setup and our automatic data collection methodology.

e Ch. 5: explains our novel single frame end-effector pose estimation method.

e Ch. 6: explains how single frame end-effector pose estimations can be used for

precise robot-camera calibration.

e Ch. 7: presents our experimental setup and discusses results of our experi-

ments.

e Ch. 8: summarizes the thesis and highlights the possible future directions.

e Appx. A: provides neural network structures, training details and describes

the outlier rejection approach.
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Chapter 2

LITERATURE REVIEW

Calculating the transformation between a robot’s base and a camera, usually
called extrinsic calibration, is a well-established problem. Foundations of prevailing
robot-camera calibrations techniques were laid in the late 1980’s. Essentially, the
calibration task is to calculate the pose of the robot’s EE or robot’s base with respect
to the camera that is either mounted on the EE (eye-in-hand) or placed nearby the
robot arm (eye-to-hand) as shown in Fig. 4.1a. The ultimate goal of the robot-
camera calibration is to get the pose of a target (e.g. an object), which is estimated
by using the camera data, in the robot’s base frame to facilitate robot tasks such as
manipulation, avoidance etc.

In this chapter, we comprehensively investigate how conventional and learning
based methods tackle the robot-camera calibration problem as well as several related

approaches.

2.1 Conventional Approaches

Conventional techniques use fiducial markers to estimate camera to robot transfor-
mations. Most of the popular approaches attach a fiducial marker on the robot
and/or place a marker [Garrido-Jurado et al., 2014, Fiala, 2005, Olson, 2011] in the
vicinity of the robot’s working envelope. [Tsai and Lenz, 1988] formulates 3D robot-
camera calibration as we know today building upon [Shiu and Ahmad, 1987)’s work.
It establishes calibration methods for both eye-to-hand and eye-in-hand setups based
on the use of a calibration object. In [Tsai and Lenz, 1988], a 2D camera attached
to the robot wrist in eye-in-hand setup and two 2D cameras placed in the proxim-
ity of robot’s working envelope in 3D eye-to-hand setup. Calibration is done using

kinematic information and collecting multiple images from different robot joint con-
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figurations providing that the static calibration object is visible to the camera(s).
[Zhan and Wang, 2012] develops an offline calibration system and online calibration
system for an industrial eye-in-hand robot drilling system adopting the principles
and techniques devised by [Shiu and Ahmad, 1987, Tsai and Lenz, 1988] 30+ years
ago. [Liu et al., 2020] presents a 3D surface scanner system that uses a fixed 2D
dotted calibration surface following the same method to periodically optimize its
scanner and calibration model parameters during scanning. [Kroeger et al., 2019]
describes a four-camera eye-to-hand system that uses fiducial markers for not only
extrinsic camera calibration but also automated intrinsic stereo calibration relying
on the similar methods. Intrinsic calibration is handled by moving the robot to var-
ious joint configurations having placed a fiducial marker between its grippers and
extrinsic camera calibration is done by sticking multiple marker tags on robot base.

[Pauwels and Kragic, 2016]’s work is based on the use of everyday objects such as
canned /boxed goods instead of conventional markers provided that 3D models of the
objects are available in advance. The object is placed inside the gripper and robot
base calibration parameters are periodically calculated and optimized using object
registration and forward kinematics information while the robot arm is moving.

Major disadvantages of using such markers include wear-and-tear, distance de-
pendent camera noise [Wasenmiiller and Stricker, 2016, fixture backlash and build
quality etc. For instance, [Pauwels and Kragic, 2016] uses a Pringless can as a fidu-
cial marker whose 3D model was published by [Calli et al., 2015]; however, chips
producer changed the coating of the can in 2021 which made use of the available
3D model obsolete for calibration procedure. There are also single frame methods
that use fiducial markers to estimate the EE pose [Peng et al., 2020, Pauwels and
Kragic, 2016] in real-time.

Marker based methods start to fail when the reference objects/markers are not
as visible enough as anticipated or somehow the marker model changes. Some of
the marker based solutions also suffer from marker position uncertainty (e.g. when
markers are grasped by the end effector) There are expensive and specialized, often
high-precision, expensive and active (e.g. IR markers), systems used in the industry

which are not feasible for all robot applications. In this work, we aim to develop a
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markerless approach to handle extrinsic calibration.

2.2 Learning Based Approaches

The advent of deep learning brought breakthroughs in virtually every computer
vision task that has been around for decades. Naturally, these developments apply
to both robot-camera calibration and EE pose estimation. Other computer vision
tasks that are closely related to the methods discussed in this thesis include semantic
segmentation, 6-DoF object pose estimation and keypoint (landmark) detection.
[Lee et al., 2020, Labbé et al., 2021] have produced successful results on robot
pose estimation from a single frame for eye-to-hand setups. [Lee et al., 2020] learns to
estimate hand-picked keypoints (joint connection points) of entire robot arm from an
RGB image trained with the dataset generated in various simulation environments.
They combine forward kinematics information with the predictions to estimate the
robot pose in 3D space using Perspective-n-Point algorithm (PnP). [Labbé et al.,
2021] approaches the same problem from a different point of view though using the
same RGB data with or without forward kinematics information. The method takes
an RGB image and generates initial 6D pose and joint state estimates. Then, they
iteratively render a CAD model using the joint state predictions and apply CAD to
image matching to optimize 6D pose and joint state estimates. They also directly
estimate 6D robot pose provided that the joint states are already available from
forward kinematics. [Lambrecht, 2019] adopts a CNN based few-shot method for
robot pose estimation. Similar to [Lee et al., 2020], they learn to predict manually
selected robot keypoints from RGB images, then estimate robot pose using keypoint
predictions and forward kinematics. Our system diverges from these methods in
the following areas: (1) they require majority of the robot arm to be visible while
our only requirement is to see the EE in the frame and part of its adjacent robot
link, (2) our method uses depth data whereas others rely on 2D to 3D projection
using the PnP algorithm to compute affine transformations, hence, we can readily
apply the ICP algorithm to refine our pose estimates and (3) we do not require

any synthetic/simulation data and use only real-world data. It can be argued that
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we are solving a simpler problem (only EE and depth data) in exchange for higher
calibration quality.

Partially similar to our system, [Valassakis et al., 2021] introduces a learning
based solution to eye-in-hand pose estimation problem using single RGB frame. It
learns to directly regress camera to EE affine transformation parameters using CNNs
via simulation data. Compared to our method, this approach solely relies synthetic
data and 2D images, and works in a different robot-camera setup (eye-in-hand).

[Hwang et al., 2020, Peng et al., 2020] utilize the conventional methods and
learning based methods in combination. They both attach fiducial markers (set of
3 spheres with different colors) to the EE of a surgical robot and estimate initial
affine transformation using conventional techniques that we discussed in Sect. 2.1.
Then, [Hwang et al., 2020] uses an RNN model to reduce tracking error due conven-
tional method’s estimation while [Peng et al., 2020] feeds an MLP with the initial
estimation and kinematics information to enhance instant predictions. In contrast
to these methods, we use only learning based methods for initial estimations and

don’t rely on fiducial markers.

2.3 Related Tasks

2.3.1 6-DoF Object Pose Estimation

6-D object pose estimation is a fundamental task in robotics as knowing the pose of
an object with respect to a camera is a mandatory step for manipulation. We apply
similar ideas to estimate the pose of the end-effector with respect to the camera to
be later used in extrinsic calibration. The field of 6D pose estimation is broad and
thus we only mention the methods we use.

We perform EE rotation prediction using the techniques presented in [Xiang
et al., 2018, Li et al., 2018b]. They both learn object rotation prediction by using a
custom version of least squares fitting target as a loss function. In order to predict
the object translation, [Xiang et al., 2018] reconstructs the predictions for two RGB
frames using intrinsic calibration information and [Li et al., 2018b] trains an RNN

model to predict translation by iteratively predicting and optimizing registration
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between the reference object and the target object. Although we train our rotation
model with the same loss function, we employ a completely different approach for

translation prediction.

2.3.2  Semantic Segmentation

Semantic segmentation is an essential part of most computer vision applications
ranging from background replacement in online meetings to brain tumor identifica-
tion and localization. Objective of semantic segmentation is to convert raw image
representation to a simpler, category-based representations by labeling each image
pixel with a certain category. There are numerous publicly-available off-the-shelf
2D semantic segmentation architectures from which selection can be done based on
one’s needs such as speed, resolution and accuracy [He et al., 2017, Ronneberger
et al., 2015, Sandler et al., 2018]. Even though MLP based [Qi et al., 2017a, Qi
et al., 2017b], and CNN based [Li et al., 2018a] architectures were published for
point cloud processing, point cloud based semantic segmentation has ramped up
with the introduction of the sparse convolutional networks [Liu et al., 2015, Jiang
et al., 2020, Cheng et al., 2021, Vu et al., 2022].

In this work, we utilize a sparse convolutional backbone [Choy et al., 2019] to

segment robot EE, robot arm and background from point cloud inputs.

2.3.83 3D Object Keypoint Detection

Keypoint (landmark) detection is a well-studied task in RGB space, specially for
human bodies and faces [Kazemi and Sullivan, 2014, Huber et al., 2016, Toshev and
Szegedy, 2014]. Keypoints are used for affine transformation calculation between a
reference object and a target object. Although there have been decent solutions in
2D space for many years, 3D methods that are not dependent on PnP transformation
from 2D images have emerged only recently. [You et al., 2020] published a 3D
object dataset having manually selected keypoint labels with benchmark results for
commonly used 3D neural backbones. [Jakab et al., 2021] introduces an unsupervised

keypoint discovery algorithm for object point clouds.
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In this work, we train a neural network to estimate manually picked keypoints
for the EE and use the keypoints to compute affine transformation entirely in 3D

space based on the ideas from these methods.

2.4 Summary

In this chapter, we introduced some of the prevalent conventional and learning based
techniques in robot-camera calibration literature. Conventional methods rely on
markers and solving the homogeneous transformation equation. Learning based
methods mainly utilize simulation data. Some of them directly estimate the cali-
bration whereas some solve the equation. We also briefly presented pose estimation,
learning based semantic segmentation and keypoint detection methods, and dis-

cussed how they serve our purposes.
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Chapter 3

BACKGROUND

3.1 Robot Coordinate Systems

A robot system generally consists of a mechanical robot arm with several links and
axes, an end-effector attached to the edge of the arm such as a gripper, a driller or a
hand model along with a computer controller responsible for moving the robot arm
and providing the communication between the robot and workstation computers
running ROS. Most robot arms have 6 or 7 DoF, in other words have 6 or 7 single-
axis rotational joints to let them move the EE to various locations with different
translation and rotation configurations. Franka Emika Panda robot arm has 7 DoF
as show in Fig. 4.1b.

In robot systems, not only robot joint states but also other objects and cam-
era are assigned with individual 3D coordinate frames, or poses, containing both
translation and rotation information with respect to a reference coordinate frame as
shown in Fig. 3.1. For example, the robot base pose is given with respect to world
frame whereas object poses are given with respect to user frame in the Fig. 3.1. Since
these coordinate frames hold both translation and rotation data, we need a unified
mathematical description of these relative transformations for computational consis-
tency. Let p, and p, denote geometric coordinate vectors, i.e. x, y, z, for frame {a}
and frame {b}, respectively, in the same coordinate system. Then, p, can computed

as in Eq. 3.1:
Pa =Ry Xpp+1, (3.1)

where R{ denote rotation matrix of {a} with respect to {b} and ¢ denote trans-
lation vector of {a} with respect to {b}.
Eq. 3.1 can be written as an affine transformation operation where homogeneous

transformation matrix 7)* denotes the rotation and transformation of frame {a}
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Figure 3.1: ABB Robot co ordinate system visualization [Deng et al., 2012].

whose origin is displaced from frame {b}.

R’y

T8 = (3.2)
0 1

Using this notation, it is now easier and more organized to calculate geometrical

coordinates of the frame {a}:

Pa Do
=T x (3.3)

3.2 Quaternion Notation

In Sect. 3.1, we denoted 3D orientation information with 3x3 rotation matrices.
Two other popular rotation notations in robotics applications are Euler angles and
quaternions. The Euler angles are the three angles denoting the rotational deviation
from x, y, z axes angles. They are much more intuitive than other notations; how-
ever, they are constricted by the gimbal lock phenomenon occurring when two of the
three axes are driven into a parallel alignment causing dimensional reduction. This

phenomenon prevents orientation angles from getting close to 90°. Constrastingly,
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quaternion notation does not suffer from this phenomenon which makes it numer-
ically more stable than Euler angles. Moreover, Euler angles and quaternions are
more compact and mathematically efficient than the rotation matrices.
Quaternions, introduced by William Hamilton [Hamilton, 1944], are used to
encode 3D rotation information into four-element vectors and formulated as ¢ =
w+ xi + yjJ + 2k where w, x,y and z are scalar values and ¢, 7 and k are imaginary

numbers. Hence, following equations hold true:

ij=k k=i, ki=j, ji=—k kj=—i, ik=—j
q]* = w? + 2% + y? + 2°
lgl =1 (for unit quaternion vectors)

Relationship between rotation matrices and unit quaternions is as follows:

w? + 2% —y? — 22 2(xy — wz) 2(wy + x2)
R = 2(xy + wz) w? —a? +y? — 22 2(yz — wx)
2(zz —wy) 2(wx + yz) w? —x? —y? + 22

Quaternions have a significant role in this thesis because orientation parts of
all calibration and other pose values are quaternion vectors. Also, w,z,y,z and
ql,q2,q3,q4 are used interchangeably in the respective order in both our work and

other robotics applications.

3.3 Camera Calibration

Camera calibration, or camera re-sectioning, is one of the most fundamental pro-
cedures in computer vision literature. There are two types of camera calibration:
computation of internal geometrical and optical attributes of the camera called in-
trinsic calibration and computation of 3D transformation, i.e. translation and rota-
tion, between the camera and world’s or another frame’s coordinate system called
extrinsic calibration.

Explicit camera calibration is computation of the transformation (extrinsic) pa-

rameters between the camera and a reference coordinate system. In vision based
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robotics applications, extrinsic calibration is the computation of transformation be-
tween the camera and the robot. The camera either is fixed at a certain location
or attached to the robot and moves with the robot. If the camera is fixed, we need
to compute only camera to world coordinate system transformation. However, if
the camera is moving along with the robot, two transformations are required which
are camera-to-robot and robot-to-world to infer camera-to-world transformation.
Camera-robot calibration is also called hand-eye calibration.

Implicit camera calibration estimates the intrinsic (internal) parameters of the
lens and image sensor of the camera. It generates a map between camera coor-
dinates and pixel coordinates such as focal length, skew and geometric distortion
coefficients. Photogrammetric calibration and self-calibration are the major camera
calibration methods. Photogrammetric calibration is done by using a calibration
object whose 3D geometric information is known while there is no need prior knowl-
edge for self-calibration. Self-calibration is computation of calibration parameters
using a sequence of images taken from a static scene. Photogrammetric calibration
is more reliable and precise whereas self-calibration is more flexible. Although im-
plicit camera calibration is a important process to increase accuracy and precision,

it is outside the scope of this thesis.

3.4 Neural Network Architectures for Point Clouds

Neural network architectures (used for 3D perception tasks) are divided into two
categories differentiated in the use of 3D convolutions.

3D Convolutional Neural Networks: First version of 3D convolutional neu-
ral networks uses cuboid kernels with dense representations where empty spaces in
point cloud data are represented either as a nil value or the signed distance func-
tion [Tchapmi et al., 2017, Dai et al., 2017]. Although this version is intuitive and
straight forward along with a wide support by the most popular deep learning frame-
works, it is vastly inefficient in terms of processing speed and memory usage for point
cloud processing as 3D scans comprised of mostly empty spaces. The second version

is sparse convolutional networks [Liu et al., 2015, Graham et al., 2018]. To decrease
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Dendrogram

Figure 3.2: Visualization of agglomerative hierarchical clustering [Bock, 2020]

the memory usage and avoid the calculations for empty spaces, the non-empty ele-
ments in sparse inputs are stored continuously with their spatial information indexed
in a special structure such as a permutohedral lattice or a rectangular grid [Adams
et al., 2010, Su et al., 2018|.

Neural Networks without 3D Convolutions: In this category of neural
network architectures, points are considered feature vectors for multi-layer percep-
trons instead of coordinates in the 3D space pioneered by [Qi et al., 2017a]. This
method takes fixed size point vectors as input and outputs vectoral predictions for

each point.

3.5 Hierarchical Clustering

Clustering, or cluster analysis, is the task of partitioning a set of data entities into
clusters (groups) such that entities within the same group are similar to each other
while they are distinctively different from the entities in other groups according to
some metric such as color difference or distance.

Hierarchical clustering is based on the idea of entities being more similar as they
are closer to each other based on a certain connectivity metric such as Euclidean
distance. At the beginning of the hierarchical clustering, each entity is considered a

separate cluster. Then, following steps are executed:

1. pinpoint two clusters which are closest to each other

2. merge these clusters into one cluster.
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These steps are iterated until there isn’t any cluster eligible to be merged.

After choosing the connectivity metric, we need to decide our linkage criteria
which determine how we compute the distances between two clusters. For instance,
we can use the longest distance between pair of entities from two clusters (complete-
linkage), the distance between centers of two clusters (average-linkage) or the short-
est distance between the pair of entities from the clusters (single-linkage). Selection
of the linkage criteria heavily depends on the properties of the clustered data. When
there isn’t sufficient information about the data properties, it is logical to use Ward’s
method [Ward Jr, 1963] that is based on minimization of sum of squared distances
of each entity from the average of the entities in the cluster.

Results of a hierarchical clustering algorithm can be visualized on a dendrogram.
As shown in Fig. 3.2, we are building clusters in a bottom-up manner which is
formally named as agglomerative hierarchical clustering. In contrast to this, we can
utilize divisive hierarchical clustering algorithm where we start with one cluster and

iteratively divide it into smaller clusters.

3.6 6-DoF Object Pose Estimation

Determination of rotation and translation of objects relative to a reference 3D co-
ordinate system is a long-studied problem in computer vision and robotics. For
example, computer vision based robot systems utilize this position and orientation
data to manipulate objects or reason about the objects inside the robot’s working
envelope. Combination of 3D orientation and 3D position information of an object
is referred as 6-DoF (6D) object pose. In this thesis, we consider the robot EE an
object class and estimate 6-DoF pose of it with two different methods that can be
seen in Fig. 5.2 in which red, green and blue arrows respectively represent rotations
in x, y and z axes and gray sphere shows the translation of the EE.

6D object pose estimation is usually handled with a single 2D or 3D image, a
stereo 2D image pair or a set of sequential images in which the camera is moving
and the displacement is known. Generally, objects 6D pose detection solutions work

on set of generic objects such as an apple, a pitcher or a driller all of which are
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available in the YCB dataset [Calli et al., 2017]. Contrarily, 6D pose estimation
methods are typically customized for specific objects and struggle to generalize to
different object classes.

There are three main techniques to solve 6D object pose estimation problem:
with geometric or analytic methods, with evolutionary algorithms and with learning

based systems.

3.6.1 Geometric Methods

If shape and geometry of the object is previously known, pose of an object in a
given image can be estimated by solving the transformation between descriptors, or
keypoints, of a reference object and descriptors of the object in the image. These
descriptors can be either calculated with of-the-shelf algorithms such as SIFT, SURF
and ORB [Lowe, 2004, Bay et al., 2006, Rublee et al., 2011] or manually defined
keypoints such as corners or other distinctive features. Implicit camera calibration
parameters are required to calculate 6D object poses in 2D images. It is also possible
to estimate the transformation between the reference object point cloud and the
target object point cloud in 3D images using registration algorithms such as the
ICP algorithm [Besl, 1988] which is explained in Sect. 3.8 where it is not required

or possible to predict corresponding descriptors.

3.6.2  FEvolutionary Algorithms

Evolutionary algorithms can be used to solve 6D pose estimation problem when
online estimation is not necessary. This approach is more powerful than other ap-
proaches when camera calibration is imperfect. 6 pose parameters are the genetic
parameters in the algorithm and the fitness function is the distance error between
projection of the model fitting a set of points and points from the 2D image [Rossi

et al., 2005].
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3.6.3 Learning Based Systems

These approached utilize machine learning models to learn features to map 2D or
3D inputs to 6D pose estimations. Commonly, these models are trained with a
large dataset containing numerous poses of the same object. After training, models
are expected to predict 6D poses of the object classes from the training dataset
containing unseen poses.

Majority of the latest methods [Xiang et al., 2018, Li et al., 2018b] utilize combi-
nation of the approaches explained in this section for 6D pose estimation. They aim
to learn transformation between an object instance’s point cloud from 3D images
and a reference 3D object’s CAD model or point cloud which are already provided

in public datasets [Calli et al., 2015].

3.7 Keypoint Detection

Keypoint, or descriptor, detection is the task of finding distinctive spatial points of
the objects in an image. Keypoint detection plays a crucial role in computer vision
tasks where affine transformation between two images needs to be calculated such
as panoramic image stitching and real-time localization using 3D sensor data in au-
tonomous driving applications. There are two main ways to extract keypoints from
an image: using of-the-shelf generic algorithms to extract keypoints and locating
manually defined class-based keypoints.

Generic keypoint detection algorithms like SIFT, SURF and ORB [Lowe, 2004,
Bay et al., 2006, Rublee et al., 2011] search for interesting, or feature, points in the
image by looking for sudden changes through an image such as edges and corners.
Once the interesting points are localized, descriptor vectors are generated for each
interesting point. The homogeneous transformation matrix between two images can
be created using these keypoints. Correct keypoint-to-keypoint matching between
two images is done by using descriptor vectors.

In manual keypoint detection, class-based keypoints are manually set on a ref-
erence object/image. For example, we defined total of 6 different keypoints (4 for

the corners and 2 for the tip of the grippers) for the EE in this thesis as shown in
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Figure 3.3: 2D ICP visualization.

Fig. 5.2. These keypoints are detected using learning techniques or/and analytical
computer vision methods during the inference. Since we also defined the classes
along with the keypoint locations, classes are also predicted during inference which
eliminates the need for descriptor vectors. Affine transformation estimation becomes
possible by matching the keypoint locations and classes from two different images
as visualized in Fig. 5.3.

Keypoint detection and matching is the conventional way of predicting affine
transformation between two frames or object and it has been worked on and utilized

in computer vision applications for decades.

3.8 Iterative Closest Point (ICP) Algorithm

Global and local matching of free-form curves and surfaces has been one of the key
problems in computer vision. [Besl, 1988] formally introduces the problem as the
estimation of the optimal translation and rotation that aligns, or registers, 3D data
acquired from the vision sensor(s) describing a 3D shape to a previously available
3D model of the shape in the sensor coordinate system.

The Iterative Closes Point (ICP) registration algorithm has been the foundation
of 3D geometric registration in both academic and industrial applications. The
inputs are a target point cloud, a reference point cloud and an initial transformation

(combination of translation and rotation) which roughly aligns the reference frame
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to the target frame. The output is the refined transformation which firmly aligns
the target and reference point clouds as shown in Fig 3.3.

Essentially, the ICP algorithm iterates over the following steps until either the
algorithm converges or maximum number of iterations is reached [Besl and McKay,

1992, Zhou et al., 2018]:

1. Find correspondence set K = {(p, r)} from target point cloud P, and refer-

ence point cloud R transformed with current transformation matrix T.

2. Optimize the transformation T using SVD to minimize Eq. 3.4 calculated over

corresponding points in K.

BT = Y |p- Txr|? (3.4)

(p; r)eK

3.9 Conclusion

In this chapter, we provided comprehensive introductions for the fundamental tech-
niques employed in this thesis. We gave details about generic object pose estimation
methods, basic concepts of computer vision based robot applications and ways to

process point clouds for different needs.



Chapter 4: Preliminaries 21

Chapter 4

PRELIMINARIES

4.1 Setup

Figure 4.1: Setup: (a) outside view of experimental setup with Franka Emika Panda
7-DoF robot arm and Microsoft Kinect V1, (b) joint states visualization of the robot

ar.

In this work, we used the Franka Emika Panda 7-DoF Robotic Arm as the
calibration target and the Microsoft Kinect V1 depth camera as the vision sensor
in the real world setup. The table in front of the robotic arm defines limits the
robot’s working envelope (operating area) and the depth camera is placed so that
it can perceive robot arm in various joint configurations inside the vicinity of the
operating area as shown in Fig. 4.1a. Joint states information (Fig. 4.1b) is obtained

via ROS frameworks.
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4.2 Data Generation

Figure 4.2: Dataset generation stages: (a) points, RGB and EE pose data, (b)
background frame and visualization of restricted working envelope (operational area)
limits, (c) semantic labels for the robot arm and background, (d) finalized data
generation with semantic labels of EE, arm and background; EE pose ground truth

and keypoint labels.

Our EE segmentation and pose estimation methods rely on learning as such
require a large robot point cloud dataset. We generate ground truth semantic seg-
mentation labels for arm, EE and background; 6-DoF EE poses with respect to the
depth camera and 6 keypoint locations and classes of the EE along with the trivially
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Figure 4.3: Visualization of Kinect camera positions during training and test data

collection.

available EE and other joint poses with respect to the robot base.
We automatically collect the specified dataset in a real world setup to eliminate

the need to build a simulation environment.

4.2.1 Calibration

The first step is to perform an initial robot-camera calibration. This can be done
with existing techniques. Initial calibration is completed with a marker based cali-
bration tool. We execute the first fine-tuning and verification procedure by visual-
izing that the whole robot arm’s CAD model (configured according to current joint
states) and the depth camera’s point cloud stream tightly overlap using RViz [Kam
et al., 2015]. Next step is to match robot CAD model with point cloud stream via
ICP algorithm [Zhang, 1994] using current calibration and joint states information.
This procedure is the only manual step that is needed for our system and is only
required for data collection which is ideally a one-time operation. Once our system
is up and running, no such steps will be necessary. Using the calibration information
and joint states data, we are able to generate robot’s EE pose ground truths with

respect to the depth camera. At this stage, we record the point cloud stream with
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RGB information, joint states and EE pose data by automatically moving the robot
arm to thousands of different joint configurations which are obtained by replaying
previously recorded sequential joint states data. Then, we extract frames from the
recorded data stream (bag file). A sample point cloud frame from the recorded data

is shown in Fig. 4.2a.

() ()

Figure 4.4: Dataset instances: (a), (b) and (c) show our training dataset collection
points for camera positions P1, P2 and P3, respectively. (d), (e) and (f) show our
test dataset collection points with EE pose information for camera positions P1, P2

and P3, respectively.
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P1 Test P2 Test P3 Test
Ay [em] | Ag [°] | Ay [em] | Ag [°] | A [em] | Ag 7]
P1 Training | 5.15 14 95.12 | 71.33 | 173.49 | 119.07
P2 Training | 102.7 | 96.32 5.88 18.31 | 88.12 | 95.37
P3 Training | 175.35 | 170.16 | 86.44 | 112.66 6.2 42.5

Table 4.1: Relative translation and rotation differences between camera pose pairs.

4.2.2  Semantic Segmentation Labels

The second step is to automatically generate semantic segmentation labels for EE,
arm and background. To achieve that, we first collect background frames from
which the robot arm is moved to outside the working envelope which is defined by
the edges of the yellow table in our environment. We combine these background
frames into a single frame in order to discard transient noise. Next, we specify
the physical limits of the robot arm’s operating area by defining maximum and
minimum X, y, z coordinates with respect to the depth camera as illustrated in
Fig. 4.2b. Semantic segmentation labels for the robot arm points and background
are generated by subtracting the background points from every frame [Sankoh et al.,
2010]. Hence, semantic labeling is finalized for the arm and background as depicted
in Fig. 4.2c in which gray points are the background and red points are the robot
arm. Further, semantic segmentation labels for EE points are generated by utilizing
the robot’s joint states, calibration and 3D dimension information of the EE. Using
these information, we generate a bounding box with the EE’s dimensional data
and transform the bounding box using joint states and calibration information as
drawn with white lines in Fig. 4.2d. Labels of the arm points inside the transformed
bounding box are converted to EE segmentation labels which are colored yellow in
Fig. 4.2d. Alternatively, the CAD model of the robot along with joint positions
and the calibration information can be used to get the arm and EE points, and

consequently background points. This would be needed when the robot arm is
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Figure 4.5: AR-tag view.

visible in the frame no matter what, to get the background points.

4.2.3  Keypoint Ground Truth Generation

The third step is to generate keypoint labels for the EE. We extract total of six
keypoints; four of them are located at each corner of the EE and two of them are
located at the tip of the gripper fingers as shown in Fig. 4.2d and Fig. 5.2 with
differently colored hexagons. We define six reference points within the EE bounding
box which we already transformed based on the pose information in the previous
step. The EE points closest to these reference points are selected as keypoints, as
long as their distances are below a certain threshold. If no EE points for a given
reference points is within the threshold, we deduce that a keypoint doesn’t exist for
the corresponding part of the EE. Keypoint classes are generated using the spatial

relations of the keypoints.

4.2.4  Dataset Specifications

We collected around 7000 frames from 3 different camera poses (see Fig. 4.4). The
cameras are placed on three sides of the robot setup, as shown in Fig. 4.3. We reserve

1000 frames for validation to control overfitting. To increase the generalization, we
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applied 3D data augmentation methods such as elastic distortion, noise injection and
point dropouts during model training. We further collected data from additional 3
cameras poses (see Fig. 4.3), 6 locations per pose and 10 frames per location for a
total of 180 frames, to be used as our test data. We show EE poses which we use in
our test data in Fig. 4.4 for individual camera poses. The relative translation and
rotation differences between training and test camera poses are given in Table 4.1.
We also collect evaluation data using an ArUco tag attached to the EE in the same
test configuration. We chose a relatively large marker so that it is robust to distance
wrt. camera, as shown in Fig. 4.5.

The training data is collected with an initial calibration. As we do not have
access to high quality markers (e.g. a motion capture system), this may suffer from
all the issues laid out in this paper. The ADD of the training data is calculated as
0.75cm, which implies a relatively high quality data set. We show data collection

points of the EE for each camera position in Fig. 4.4.

4.3 Conclusion

In this chapter, we established the details of the environment and the tools used for
this thesis. Further, we introduced a novel way to automatically generate ground
truth for data semantic segmentation, EE keypoints and EE pose in typical robot-

camera setups.
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Chapter 5

SINGLE FRAME END-EFFECTOR POSE ESTIMATION

Our system consists of two main stages; (1) single frame EE 6-DoF pose estima-
tion, and (2) multi-frame extrinsic robot-to-depth camera calibration. The output
of the former along with forward kinematics is enough to get a calibration estimate
but multiple frames increases robustness. Fig. 5.1 shows our single frame EE pose
estimation and Fig. 6.1 shows our calibration workflows. In this chapter, we in-
troduce our approach to the EE pose estimation task (stage (1)). We explain our
approach to the robot-camera calibration problem (stage (2)) in Ch. 6.

For EE pose estimation, we first segment the EE from a point cloud using a
semantic segmentation approach. Then we utilize two different approaches to esti-
mate the EE pose. The first one does EE rotation prediction followed by a point
cloud transformation step to get the EE translation. The second one extracts key-
points from the EE and matches these with reference points calculate the EE pose.
Both approaches are followed by an ICP step initialized with the EE pose estimates
to match the EE points and the EE CAD model. These steps are summarized in
Fig. 5.1. As a result of these steps, we segment and extract EE point cloud from
the point cloud frame, predict keypoints of the EE and predict the EE pose shown
in Fig. 5.2.

In this chapter, we present the details of our work for single frame EE pose

estimation starting from the semantic segmentation step.

5.1 End-Effector Segmentation

The EE pose estimation starts by extracting the semantic segmentation information
from an input point cloud. The outputs of this step are the EE, rest of the arm and

the background labels for the points as shown in Fig. 1.1 in yellow, red and gray
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Figure 5.1: Single frame prediction architecture: Starts with semantic segmentation
and clustering of EE points, then it is branched into the upper branch which is 6D
EE pose estimation with rotation prediction and transform calculation (RPT) and

the lower branch which is 6D EE pose estimation via keypoint matching (KPM).

colors for each respective semantic class.

For this step, we utilize a modified, sparse version of the Unet architecture named
the Minkowski Unet network [Choy et al., 2019, Liu et al., 2015, Ronneberger et al.,
2015]. Unet is one of the most popular neural network backbone architectures to
learn spatial relations in images which is crucial for tasks connected to semantic
segmentation. We use the full version of MinkUNet18D [Choy et al., 2019] as a
backbone for voxel-based feature extraction followed by a two fully connected layers
to output the final class predictions. The network is trained setting the voxelized
raw point clouds as the input and the collected semantic segmentation data as the
target using cross entropy criterion as the objective function. Details of the neural
network architecture and training process are shared in Appx. A.1.

We extract the candidate EE points from the input point cloud using these
point class predictions. Our network may produce false positive predictions for the
semantic classes as any other semantic segmentation architecture might. Although
we are not concerned about false positive arm and background predictions, accuracy

of the EE semantic predictions is highly important because success of the subsequent
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methods heavily relies on the quality of the EE point cloud. For example, if the
model produces EE classification for both the real EE points and spatially far away
non-EE points, then the following systems (shown in Fig.5.1) will not be able to
predict the correct results. We apply Ward’s agglomerative hierarchical clustering,
or linkage clustering, [Ward Jr, 1963] to points classified as EE using the point
coordinate values as input to reject superfluous (spatially irrelevant) predictions.
We choose the largest cluster and use points in it as the final EE point cloud. This
approach can easily be transferred to multi-agent environments by choosing the
largest N clusters at the end of the same algorithm where N denotes the maximum
number of the agents (robot arms) in a given scene. We do not apply linkage
clustering to the other semantic class predictions simply because we do not use the

other classes’ point clouds in the remaining parts of this system.

5.1.1 FEFE FExpansion Trick

Shape of the EE is roughly a cuboid with two much smaller cylindrical shapes
(grippers) attached to it (Fig. 5.2). Two grippers of the EE is prone to be missed
during 3D scanning. As a consequence, we are left with fully smooth EE surfaces
for prediction that makes our system vulnerable to faulty ICP matching results
(Sect. 3.8 and Sect. 5.4). As seen in Fig. 4.2a, the surface becomes uneven, i.e.
more descriptive, at the robot wrist where the EE is attached to the robot arm. To
benefit from this descriptive surface, we include arm segmentation labels at the wrist
to the EE labels during only semantic segmentation training. More specifically, we
convert arm points to EE points within the 1.5¢m periphery of the EE along the
negative z — axis. We discuss the effects of this trick in detail in Ch. 7.

As a result of this stage, we can produce robust, noise-free EE semantic segmen-

tation outputs.
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Figure 5.2: Visualization of the end-effector segmentation (yellow), end-effector pose

frame, and keypoints (colored hexagons).

5.2 End-Effector Pose Estimation with Rotation Prediction and Trans-
form Calculation: RPT

This approach consists of two main stages; we first predict the EE rotation from
the EE points provided by semantic segmentation architecture explained in Sect. 5.1

and calculate the EE translation using rotation prediction and the EE points.

5.2.1 Rotation Prediction

In this part, we train another neural backbone which takes EE point cloud as in-
put and outputs the EE rotation prediction as a quaternion vector (explained in
Sect. 3.2). We utilize only the encoder part of another MinkUNet18D [Choy et al.,
2019] backbone with the same configuration as the previous one followed by a two
fully connected layers to predict 4 dimensional quaternion vector. We opted for
a sparse network instead of dense network because voxelization of the EE points
makes the rotation predictions faster and more resistant to noise and illumination
variations.

Ad-hoc regression of the quaternion vectors with common objective functions
such as mean squared loss is not viable due to the nature of the quaternion vec-
tors. We adopted the pose match loss (PLoss) from PoseCNN [Xiang et al., 2018]
in Eq. 5.1 to learn rotation estimation with high accuracy. It rotates the input

point cloud with both predicted rotation and ground truth rotation and measures
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the average squared distance between rotated points clouds. This loss reaches its
minimum value when the predicted rotation and the ground truth rotation are the
same. In others words, two rotated point clouds tightly overlap when the loss value

1s at its minimum.

PLoss(d,q ZHR x — R(q)x|? (5.1)

M em

where M denotes the set of EE points, m is the total number of EE points and x
is a single point. q and q are predicted and ground truth quaternions, respectively.
Lastly, R(q) and R(q) are rotation matrices corresponding to q and q vectors.
Detailed relation between quaternion vectors and rotation matrices are shared in
Sect. 3.2.

Network architecture and training details are shared in Appx. A.2.

5.2.2  Translation Calculation

To calculate the EE translation, we use the inverse of the rotation matrix obtained
in Sect. 5.2.1 to rotate the points to their canonical locations with respect to the
camera. Then we use the relationship between the center of the EE frame and the
points to calculate the EE translation in the canonical pose. We finally rotate this
back to get the EE translation with respect to the camera.

The Eq. 5.2 is used on each of the EE points to get the canonical locations, where
RFPE is the rotation prediction of the model, PF¥ is the position of the EE point

and the PFF is its rotated position.
PP — (RFF)=1 x PPF (5.2)

When the points are rotated in the camera frame, the relationship between them
and the EE frame center is as follows; the x-axis is 0.015m inside the surface of the
EE, the y-axis is in the middle and the z-axis is the top of the canonical EE points.
The Fig. 5.2 shows these axes superimposed on the segmented EE points. We use

the following equations to capture this relationship where ¥ and PFF denote the
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axes positions of the EE frame and EE points in the rotated frame.

tPF = max (PFF) — 0.015 (5.3)
_ max (PEE) — min (PEE

tEF = min (PFF) (5.5)

We finally rotate t¥F back to get the EE translation, t¥F, wrt. the camera using

Eq. 5.6.
tFE = REF x tEF (5.6)

Calculating the EE translation with such an approach is efficient and accurate given
that the segmentation and rotation predictions are accurate and that the EE is
visible. However, full EE visibility is not a given for all the frames and as such, this
method cannot be trusted for single frame pose estimation by itself.

As a result of the rotation prediction and translation calculation, we finalize
the estimation of EE pose which is show in Fig. 5.2 with red, green, blue arrows

corresponding to the rotation and gray sphere corresponding to the translation.

5.3 End-Effector Pose Estimation via Keypoint Matching: KPM

In this approach, we predict keypoints by selecting points from the segmented EE
point cloud and match predicted keypoints to reference EE keypoints to figure out

pose of the EE with respect to reference frame as shown in Fig. 5.3.

5.83.1 Keypoint Prediction

We start with the definition of 6 hand-picked EE keypoints which are located at
four corners of the EE and at the tips of the two gripper fingers of the EE as
shown in Fig. 5.2 with differently colored hexagons. Each different color for the
keypoints represents a different keypoint class such as top left corner or right gripper.
Classification of the keypoints plays a significant role in the simplification and speed
of the matching algorithm explained in Sect. 5.3.2. Keypoint estimation is done by
selecting points from the EE point cloud itself.
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Figure 5.3: Visualization of pose prediction via keypoint-to-keypoint matching be-

tween the reference EE and the target EE.

We utilize a dense point cloud encoder PointNet++ [Qi et al., 2017b] as a neu-
ral backbone instead of a sparse network because voxelization causes loss of point
specific information which prevents precise keypoint selection and prediction. The
network outputs 6-class probability estimations for each point in the EE point set.
The network is trained with the collected dataset (see Sect. 4.2) using cross en-
tropy loss as the objective function and segmented EE points as input and the
collected ground truth keypoints as target. Lastly, we select the points with the
highest probabilities for each class and reject the ones whose probabilities are below

a predetermined threshold.

5.3.2  Keypoint Matching

We then conduct class-based keypoint matching procedure as shown in Fig. 5.3. We
use a version of the least-squares fitting algorithm [Arun et al., 1987] to find the
rigid affine transformation between predicted keypoints and the reference keypoints,
which gives us the EE pose with respect to the camera in the end. This is possible
when there are at least four high quality keypoint predictions because we are working

in the 3D space.
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5.4 Pose Estimation Refinement via the Iterative Closest Point Algo-

rithm

We described two different techniques to predict the EE pose from segmented EE
points; RPT in Sect. 5.2 and KPM in Sect. 5.3. Even though these approaches
produce relatively good results, there is room for improvement.

We use an off-the-shelf ICP algorithm [Zhang, 1994, Zhou et al., 2018] to improve
the pose estimation accuracy. An ICP algorithm requires three inputs; the initial
pose estimate (needs to be fairly accurate), a source point cloud, and a target point
cloud as we explained in Sect. 3.8. In our case, the initial pose estimate comes
from either the RPT or the KPM methods, and the target point cloud comes from
the EE segmentation. To generate the source points, we convert the CAD model
of the robot’s EE (provided by the manufacturer [Franka Emika, 2022]) to a point
cloud, and transform the points based on the current EE configuration. The ICP
algorithm outputs the transformation needed to tightly match the source and target

points which we use for refinement our initial pose estimates.

5.5 Conclusion

In this chapter, we shared our method for 3-class point cloud segmentation. We
introduced two different methods to successfully estimate the 6-DoF pose of the

robot EE; RPT and KPM. Finally, we explained how we use an off-the-shelf object

registration algorithm to boost EE pose estimation accuracy.
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Chapter 6

CAMERA TO ROBOT BASE CALIBRATION

Camera to robot base calibration is an important step in vision based robotics
applications because it allows system to be aware of where the EE and other robot
joints are located with respect to the camera even if the robot arm is not visible
in the camera’s field of view as we explained in Sect. 3.1 and Sect. 3.3. In this
chapter, we introduce our solution to robot-depth camera calibration task by taking
advantage of the methods explained in Ch. 5.

For calibration, the system collects multiple frames and the corresponding EE
pose estimates generated in Ch. 5. To increase robustness, sanity check and outlier
detection steps are introduced. The remaining poses are then averaged in the rigid-
body transformation space (the SE(3) manifold), to get the final extrinsic calibration
result. These steps are summarized in Fig. 6.1. In the remainder of the chapter,
we explain our methods for sanity check, outlier detection, pose averaging and how
we bring together these methods to create a novel camera to robot base extrinsic

calibration procedure.

Sy Intra-.conﬁg.ura.tion
Check - Outlier Rejection -
Configuration & Averaging Averaged
Based Group

Group Poses
Poses

Inter-configuration Robot Base's
Outlier Rejection 6D Pose
& Averaging wrt. Camera

Figure 6.1: Calibration architecture.

EE 6D Pose
Predictions
wrt. Camera
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6.1 Sanity Check

Sanity checking mechanism is designed to detect tricky EE point clouds and corre-
sponding estimations which would cannibalize the robustness and accuracy of the

calibration algorithm. The sanity check algorithm analyzes following conditions;

e if the surface area of the detected EE point cloud is close enough to the real

EE surface area,
e if amount of the segmented EE points is more than a certain threshold,

e if the keypoints are in the right positions relative to each other.

In the case that any of the conditions above doesn’t hold, we mark the point cloud

frame defective in order to prevent it from being used in the calibration process.

6.2 OQutlier Detection

Need for outlier detection algorithm arises from the fact that sudden changes in
point cloud data and corresponding predictions do happen during the calibration
stage even if the camera location and robot joint configuration remain constant
because of the transitory illumination variations and other noise sources. Using the
point cloud data and estimations for calibration without discarding irregularities
would cause inaccuracies in the final extrinsic calibration calculation.

We utilize a modified version of the Z-score outlier detection algorithm using the
absolute deviations about the median [Iglewicz and Hoaglin, 1993] to discover the
irregular vectors amongst a set of pose vectors. Our pose estimations comprise of
translation vectors as x, y, z values in the 3D coordinate system and orientation
vectors as quaternion vectors. We directly apply Z-score method to each axis of the
translation vector. However, we cannot apply the Z-score method directly to indi-
vidual elements of the rotation matrices or quaternions. In order to detect outliers
amongst rotation predictions, we calculate rotational distances of every prediction

to a reference unit quaternion (¢ = 1+ 0z 4+ Oy + 0z). We run the Z-score algorithm
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on these distances and identify irregular rotation predictions. Lastly, we label a pose
vector as outlier if any of the position axes and/or rotation vector is marked outlier.
The outlier detection algorithm takes a set of pose vectors as input and returns

a set of pose vectors from which outliers are removed as seen in Algo. 1.

6.3 Pose Averaging

We compute average of the pose vectors for two times in our calibration flow to
calculate the final calibration results as shown in Fig. 6.1. A pose vector is a com-
bination of a translation vector and an orientation vector. We calculate the average
translation vector by computing the arithmetic average of each axis (x, y, z) indi-
vidually. However, we cannot compute the average orientation vector in this way
due to the structure of rotation matrices and quaternions. In order to compute
average orientation, we adopted a quaternion averaging method based on an SO(3)
on-manifold optimization technique introduced by [Markley et al., 2007]. Average

pose vector is the combination of the average translation and quaternion vectors.

6.4 Calibration Flow

A single EE pose with respect to the camera frame can be used to calculate the
transformation between the camera and the robot using Eq. 6.1, where T represents
the homogeneous transformation between frames X and Y, and the letters B, C,
and F'E correspond to the robot base, camera and the EE respectively. The EE in
the base frame, TEF, is obtained by forward kinematics and the EE in the camera
frame, TE?, is estimated by either the RPT or the KPM methods introduced in

Sect. 5.2 and Sect. 5.3, respectively.
TC =T5" < (Tg")™ (6.1)

However, a single frame is not robust enough to get a good calibration. We move the
robot around and capture multiple frames at each robot pose to get more accurate

estimates.
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Alive Lab Robot Calibration Tool - Kog University, Istanbul, Turkey
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Figure 6.2: Alive Lab Markerless Robot Calibration Tool

We first compute semantic segmentation and EE pose estimates for each point
cloud frame as described in Ch. 5. Subsequently, sanity check (Sect. 6.1) is applied
to each frame in order to eliminate point cloud frames where the EE is not visible
enough for accurate pose estimation.

After the sanity check, the camera to robot base predictions (Eq. 6.1) are com-
puted using the EE poses (Sect. 5.2 and 5.3) and the forward kinematic information.
We then group the robot base pose predictions based on the robot configuration
(recall that we capture multiple frames per robot configuration). We apply the
outlier elimination method (Sect. 6.2) to each robot configuration’s pose set in or-
der to discard irregular base poses within the groups. Then remaining camera to
base transformations are averaged using the pose averaging technique described in
Sect. 6.3. This gives us the individual robot base calibration estimates for each robot
configuration group.

Finally, we employ the same outlier detection and averaging steps to the calibra-
tion estimates of each robot configuration group to get the final robot calibration
estimate. The final pose vector contains ultimate camera to robot base affine trans-

formation information.
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6.5 Alive Lab Markerless Robot Calibration Tool

We developed an easy-to-use tool to further simplify the robot-depth camera cal-
ibration process by seamlessly integrating the methods introduced in this chapter
and Ch. 5 as shown in Fig.6.2. We made the calibration tool publicly available as an
open-source project along with the created dataset which has been used for model
trainings discussed in this thesis. Users can use this tool for semantic segmentation,
keypoint prediction and EE pose estimation via both RPT and KPM in addition to
the robot-depth camera calibration. Moreover, users can easily add new features and

customize this tool to run their own methods as it is coded in a modular structure.

6.6 Conclusion

In this chapter, we explained our robot-depth camera calibration method. We gave
details of our methods to verify the quality of single EE pose predictions, to de-
tect outliers within a group of pose vectors and how to correctly compute mean of
pose vector groups. Finally, we unveiled an open-source robot-depth camera cali-

bration software.
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Chapter 7

EXPERIMENTS AND RESULTS

In this chapter, we evaluate the semantic segmentation, single pose estimation
and camera calibration performances of our system. We test our approach with
ground truth segmentation labels as well to gauge the effects of the accuracy of the
segmentation model on the pose and calibration estimation. We also provide results
without the ICP step to highlight its benefits.

All of our experiments are conducted in a real-life setup which includes a Mi-
crosoft Kinect V1 and a Franka Emika Panda robot arm as shown in Fig. 4.1a. For
evaluation purposes, we collect a new test set from three previously unseen point
of views (POV), using the steps described in Sect. 4.2. We put the robot arm in
six different configurations for each POV and collect 10 frames in various lighting
conditions. All the results reported in this section uses this test dataset.

We use the translation error (e;), rotational error (eg) and the average distance
(ADD) metrics to measure the pose estimation and calibration performances. The
€; is the Euclidean distance between the ground truth translation and predicted
translation. The €g is the minimum rotation in degrees between the ground truth
rotation and the predicted rotation. ADD is the average of point-to-point Eu-
clidean distances between the EE points transformed with the ground truth pose
and transformed with the predicted pose [Hinterstoisser et al., 2012]. ADD is the
acknowledged way of computing object pose prediction errors which considers both
translation and rotation. To measure the accuracy of our semantic segmentation

model, we use the standard accuracy, precision and recall metrics.
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Class Precision Recall Accuracy
End-Effector 0.98 0.90 1.00
Arm 0.90 1.00 0.99
Background 1.00 1.00 1.00
Overall 0.96 0.96 0.99

Table 7.1: Semantic segmentation results.

Class Precision Recall Accuracy
End-Effector 0.96 0.99 1.00
Arm 0.87 0.99 0.99
Background 1.00 0.99 0.99
Overall 0.94 0.99 0.99

Table 7.2: Semantic segmentation results with the EE expansion trick (Sect. 5.1.1).

7.1 Semantic Segmentation

Semantic segmentation performance is important since it is the first step and its EE
segmentation output is used as input to multiple the succeeding steps. We use the
per-class precision and recall statistics along with the overall accuracy to assess the
performance of segmentation model which is described in Sect. 5.1.

Table 7.1 and Table 7.2 present the semantic segmentation results differing based
on the EE expansion. As explained in Sect. 5.1.1, we expand limits of our EE labels
in order to enhance the final pose and calibration predictions. The trick allows
the segmentation model to find all of the EE points while decreasing precision.
Therefore, we are able to feed all the EE points to our models. Our main aim
with the trick is to input more descriptive surfaces to the ICP algorithm for better

EE pose estimation, hence better calibration estimation. Overall, the segmentation
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Method € [cm] er [°] ADD [cm]

RPT 2.36 = 0.36 7.75 £ 5.05 247 £ 0.52
RPT + ICP 0.87 + 0.20 3.20 £ 2.42 0.97 £ 0.30
KPM 1.35 £ 0.37 7.46 £ 1.54 1.53 £ 0.33
KPM + ICP 0.96 £+ 0.27 242 £0.98 0.99 £ 0.26

Table 7.3: End-effector pose estimation results with ground truth semantic segmen-

tation.

model performs well. The recall ratio for EE segmentation is ~ 100%, i.e., the
model is able to catch all the EE points. Recall that we use linkage clustering to
get rid of spurious segmentation results to improve down-stream performance. As
expected, only translation estimation part of the lean RPT method is negatively
affected by the EE expansion due to the calculation technique of the translation via
RPT (Sect. 5.2.2).

The pose estimation and extrinsic calibration performances are calculated with
both the model outputs (Table 7.4) and ground truth segmentation labels (Ta-
ble 7.3). They show that there is around 0.05¢m translation and 0.5° rotation
difference between the average errors, with less variance on the ground truth end.
These are negligible when the camera noise is taken into account [Wasenmiiller and
Stricker, 2016]. Combining this with the segmentation performance, we
conclude that the segmentation model performs well enough to generate

reliable inputs for the subsequent modules.

7.2 Single Frame Pose Prediction and Multi-Frame Calibration

Table 7.4 and Table 7.5 show the pose estimation performances of the RPT and
KPM with and without the ICP post-processing step with semantic segmentation
predictions with and without the expansion trick, respectively. The Table 7.3 shows

the same with ground truth segmentation. Table 7.6 shows the calibration results.
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Method € [cm] er [°] ADD [cm]
RPT 249 £ 0.77 7.18 £ 4.62 2.58 = 0.90
RPT + ICP 1.01 £ 0.32 3.47 £ 2.75 1.07 £ 0.35
KPM 1.43 £ 0.48 744 £ 1.44 1.60 £+ 0.47
KPM + ICP 1.00 £+ 0.27 2.74 £ 1.59 1.04 £ 0.27

Table 7.4: End-effector pose estimation results with semantic segmentation predic-

tions using the EE expansion trick (Sect. 5.1.1).

Method € [cm] er [°] ADD [cm]

RPT 2.03 £ 0.59 7.04 £ 3.51 2.15 £ 0.55
RPT + ICP 1.16 £+ 0.40 2.83 £ 1.20 1.20 £ 0.40
KPM 1.54 £ 0.45 8.10 £ 2.11 1.75 £ 0.43
KPM + ICP 1.15 £ 0.40 2.85 + 1.14 1.19 £+ 0.40

Table 7.5: End-effector pose estimation results with semantic segmentation predic-

tions.

ICP step provides considerable improvement for pose estimation: The
addition of the ICP post-processing step improves both algorithms in all metrics in
both segmentation input cases. In addition, the absolute performance is very impres-
sive with about lem translation and 3° rotation errors. This would be satisfactory
for an important amount of manipulation applications with grippers.

KPM has a slight edge over RPT: Both methods perform more or less the
same with the ICP step. KPM outperforms RPT in translation estimation and RPT
outperforms KPM in rotation estimation when we remove the ICP step.

Pose Estimation Comparison to Existing Work: It is difficult to compare

the methods since the setups are significantly different, mainly due to simulation
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€ [em] | er [°]

AR-Tag 1.83 | 3.26

Ours 2.35 3.37

Ours + ICP | 0.74 1.69

GT + ICP | 0.77 1.19

Table 7.6: Calibration results for different methods.

requirements and lack of point cloud data in existing datasets. However, we are
going to attempt comparison wherever there are similarities while conceding that
our analysis is not apples to apples.

RPT and KPM approaches even without the ICP step outperform state-of-the-
art object pose detection methods [Xiang et al., 2018, Li et al., 2018b] having 2.12cm
and 1.54cm average ADDs, respectively. In other words, these modules predicts EE
pose with 100% accuracy in the case that ADD threshold is chosen above approxi-
mately 1.07 4+ 0.35 = 1.42c¢m for RPT and 1.04 4+ 0.27 = 1.31cm for KPM as shown
in Table 7.5. The performance gets much better when ICP step is included. More-
over, we outperform a similar single frame pose estimation method [Lee et al., 2020]
whose maximum ADD rate is below 60% for Kinect V1. However, the generic object
pose detection methods deal with multiple objects [Calli et al., 2015] and [Lee et al.,
2020]’s result is for the entire robot arm, whereas we are only looking at the EE.

[Valassakis et al., 2021] report ¢; (1.34cm) and eg (4.4°) errors on their simula-
tion data and €; (1.04cm) on their real world data, for their eye-in-hand calibration
method. Our ¢; and eg errors are lower; however there is a significant setup discrep-
ancy between our methods (eye-to-hand vs. eye-in-hand).

High Performance Multi-Frame Calibration: The calibration results are
given in Table 7.6. The average translation and rotational error between the pre-
dicted calibration and the ground truth calibration are ¢, = 0.74cm and ez = 1.69°,

respectively. As expected, the ICP step significantly improves performance and that
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P1 Test P2 Test P3 Test
€ [cm] | eg [degree| | € [cm] | eg [degree] | € [cm] | e [degree]
P1 Training | 1.32 0.64 1.64 2.81 4.21 5.63
P2 Training | 0.84 0.60 0.70 1.82 1.61 2.32
P3 Training | 1.82 1.20 2.28 2.12 0.93 1.89

Table 7.7: Calibration prediction results for respective training and test sets.

semantic segmentation and ground truth inputs perform similarly. This absolute
performance would allow for most manipulation applications outside of assembly or
high precision tasks. These results are affected by the sensor noise, and potentially
the intrinsic calibration and the initial extrinsic calibration errors. We argue that a
more recent camera or an active marker system is needed to go beyond these values.

We also compare our system with AR-tag based classical baseline. The AR-tag
results in Tab. 7.6 are given without the ICP step. These results show that the
AR-tag holds 0.5¢m advantage in translation and is on par in rotation. We chose a
relatively large marker to be robust to distance and large orientation changes. This
alters the EE shape considerably, shown in Fig. 4.5, and makes ICP infeasible. A
smaller tag degrades the performance considerably with distance to camera. We
argue that, if we were to have an appropriate reference CAD model with the large
marker, the final calibration results would be on-par. Thus, our method can achieve
similar results to a classical marker based method while being easier to use and
requiring much less manual effort down the line. We further argue that our sys-
tem would have better performance than an AR-tag based approach with a smaller

marker that is more practical to use.

7.2.1 Training with Data from Individual Camera Poses

The results we presented so far were obtained from data collected from each training
camera location (see Fig. 4.3). These locations cover either side and the front of the

robot. They also cover range of distances to robot base where P1 is closest and P3
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is the farthest. However, this raises the question of calibration performance without
such coverage.

To answer this, we train different models using data from each training camera
location and test it on all the test data (e.g. train with P2-training, test on P1-test,
P2-test and P3-test). As given in Table. 4.1, there are significant translation and
rotation differences between the poses with only similarity being the pitch axis.

Table 7.7 shows the calibration results. The calibration results show that, the
closer the train-test locations, the better the performance with an exception for P1-
train and P1-test. The reason is that the P1l-train pose is very close to setup, and
as such, its training set lacks data from farther EE poses. System trained with P2
data achieves the best overall results, as expected, since it is in the middle both the
translation-wise and the rotation-wise. Furthermore, its performance is not too far
from the system trained with all the data.

Table 7.8 and Table 7.9 show our EE pose estimation results for RPT + ICP and
KPM + ICP, respectively. In both tables, P1 test set results are very close to each
other regardless of the training dataset. For P2 and P3 test sets, P1 training set falls
behind while the results from P2 and P3 training sets are vastly close to each other
with approximately 1mm translation and 1.5° rotation differences. It implies that
training sets where the camera is closer to the robot base struggle to predict EE
poses at further camera positions. Contrarily, training datasets with distant camera
positions are able to produce more accurate estimations at closer camera positions.
In training datasets, average number of points in EE clouds is directly proportional
to the distance between the camera and the robot base. Consequently, we argue
that models trained with smaller EE point clouds are able to fit larger EE point
clouds whereas the opposite is not true.

The EE pose estimation results is not directly reflected on the calibration results.
This is due to the sanity check and outlier elimination procedures explained in
Sect. 6.1 and Sect. 6.2, respectively. Although the average pose estimations for P2
and P3 are very similar, predictions of the models trained on P3 set have more
deviation in rotation estimations than P2 set that deeply affects the calibration

results. Average standard deviations for rotation predictions are 5.62°, 1.26° and
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P1 Test P2 Test P3 Test
€ [cm] | eg [degree| | € [cm] | eg [degree] | € [cm] | e [degree]
P1 Training | 0.62 2.99 1.36 6.08 2.10 9.91
P2 Training | 0.70 2.97 1.07 2.82 1.47 3.43
P3 Training | 0.72 2.50 0.94 4.09 1.26 3.34

Table 7.8: RPT + ICP EE pose prediction results for respective training and test

sets.

P1 Test P2 Test P3 Test
€ [cm] | er [degree| | € [cm] | eg [degree] | € [cm] | e [degree]
P1 Training | 0.67 6.59 1.46 6.94 1.82 6.99
P2 Training | 0.66 2.87 1.08 2.80 1.50 2.96
P3 Training | 0.65 2.87 1.04 7.82 1.35 2.20

Table 7.9: KPM+ ICP EE pose prediction results for respective training and test

sets.

4.80° for models trained on P1, P2 and P3 datasets, respectively.

The results imply that, a careful selection of the training camera pose is impor-

tant but a single camera is enough with a slight sacrifice in calibration performance.
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7.3 Conclusion

In this section, we investigated how our segmentation model performs and its perfor-
mance affects subsequent modules. We also explained how the EE expansion trick
effects the segmentation and following modules. Further, we showed how two totally
different approaches (RPT and KPM) can perform on EE pose estimation and how
much an off-the-self ICP algorithm enhances the both results. We examined our
robot-depth camera calibration results. Finally, we discussed how different camera

poses affect the EE pose estimations and robot-camera calibration estimations.
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Chapter 8

CONCLUSION AND FUTURE WORK

In this work, we presented a learning based extrinsic calibration system that does
not require fiducial markers, additional hardware or simulation. Our system takes
point cloud images, segments out the end-effector (EE), feeds these EE points to two
single-frame EE pose estimation approaches that use learned models and the ICP
algorithm, and finally calculates the robot-camera extrinsic calibration parameters
from multiple EE pose predictions. The training data is collected automatically
from the real robot setup with initial calibration being the only needed human
intervention.

In automatic data collection stage, we record point clouds and kinematics infor-
mation for different robot joint positions. Then using the calibration information
and forward kinematics, we automatically generate ground truth data for EE pose,
semantic segmentation labels and EE keypoints for the point clouds. EE keypoints
are generated for manually selected EE parts.

In single frame EE pose estimation stage, we train a neural network to predict
semantic segmentation labels for point clouds. We refine EE segmentation results
by applying linkage clustering to raw EE segmentation results. We estimate EE
pose via two different methods (RPT and KPM) using the EE point cloud. In RPT,
we train a encoder neural network to predict EE rotation, then using the EE point
cloud and the rotation prediction we predict the EE translation to complete EE pose
prediction. In KPM, we train an MLP-based encoder neural backbone to predict
six keypoints for the EE point cloud. We compute the EE pose using the predicted
keypoints and reference keypoints. Finally, we enhance our pose predictions by
applying the ICP algorithm to both RPT and KPM outputs.

In the extrinsic calibration stage, we calculate camera to robot base pose using

a set of single frame EE predictions from different robot positions and forward



Chapter 8: Conclusion and Future Work 51

kinematics. We reject unreliable EE pose prediction in the sanity check step. Using
the reliable estimations and forward kinematics we calculate average robot base
poses for each robot arm position after eliminating outlier robot base poses. Lastly,
we calculate final camera to robot base extrinsic calibration by averaging all robot
base pose following outlier elimination.

Our system achieves sub-centimeter level position and sub-deciradian level ro-
tation precision with our setup. We argue that standard augmented reality tag
markers and our depth camera combination would not have achieved better results
especially with the inclusion of the ICP algorithm. We further argue that less noisy
depth cameras and higher precision robot arms would result in even better perfor-

mance.

8.1 Future Work

There are potential future steps to expand and improve our system. A related
assumption in this vein is that our system assumes that there are no objects in the
camera view during calibration since we do not collect data for them as adding object
segmentation to data collection would compromise the data collection. We argue
that this is a mild requirement, to remove all the objects from the environment, to
handle extrinsic calibration since it can be done prior to any application.

A direct future step to alleviate the aforementioned assumption is to be able to
segment arbitrary objects. There is interest in the robotics field for this problem
and some early approaches that are not widely applicable yet. Data augmentation
techniques and /or further developments in deep learning may make this feasible. An
augmentation example would be to superimpose object point clouds from available
point cloud object datasets to train an object class for semantic segmentation.

We use a relatively high-capacity model, MinkUnet18D [Choy et al., 2019], for
the semantic segmentation task involving only three classes. As such, it is prone
to overfitting. An out of sample input (i.e. a point cloud with objects) would be
difficult to handle. However, using lower capacity models such as MinkUNet101 and

MinkUNet14A deteriorated our semantic segmentation performance. The object
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data injection would also be helpful as a regularizer for our high capacity model.

Our system segments the background and the robot body without the EE. These
can be leveraged for other tasks or make single-frame EE pose estimation more
robust, e.g., by estimating the joint angles from the robot points. If arbitrary object
segmentation capability is also introduced, this system would evolve to be highly
beneficial for manipulation tasks.

Currently, we provide the desired keypoints by hand. Even though it is enough
to do this once for each EE, it is not the most ideal approach since the user may
not be familiar enough with robotics to do so or the selected keypoints may not be
easy to distinguish. An automated keypoint selection algorithm can be added in the
future to handle this challenge.

We collect data with the robot arm in different joint configurations for the cali-
bration operation. These joint configurations should be diverse for a better calibra-
tion estimate. The test set in this work, which would be the calibration set in real
operation, randomly selected the joint configurations. A fully automated system

should chose these by itself while keeping the EE in the camera frame.

8.2 Concluding Remarks

Our system is a hybrid of learning based and classical approaches. We take advan-
tage of the recent developments in deep learning and combine the model outputs
with the ICP algorithm, sanity check and outlier rejection steps. The noisy data
and inherent errors in these models result in reduced performance which are offset
by the classical steps. On the other hand, ICP does not perform well from arbi-
trary starting points and is helped immensely from initial model predictions. We
think that hybrid approaches are required for robotic tasks where labelled data is
expensive and time consuming to produce and there is already suitable underlying

geometry /physics which we can leverage.
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Appendix A

MODELS AND TRAINING DETAILS

A.1 Semantic Segmentation

We use whole Minkows Unet for semantic segmentation learning as shown in Fig.A.1
followed by two fully connected layers whose hidden layers sized 256 and 1024.
MinkUnet18D has the following plane count configuration: 32, 64, 128, 256, 384,
384, 384, 384.

Model training details:

e Learning rate: 0.00001

Batch size: 2

Voxel size: 0.005

Epoch: 15

Augmentation: elastic, noise, transform, flip, gravity

numpy & pytorch seed: 1

T ARt

. | Conxd CevTrd
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Figure A.1: Minkowski UNet.
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Figure A.2: Minkowski UNet encoder.

A.2 Rotation Prediction

We use Minkows Unet encoder for rotation learning as shown in Fig.A.2 followed by

two fully connected layers whose hidden layers sized 2048 and 2048. MinkUnet18D

encoder has the following plane count configuration: 32, 64, 128, 256, 384

Model training details:

e Learning rate: 0.00001

Batch size:

Epoch: 96

64

Voxel size: 0.005

Augmentation: noise, gravity

numpy & pytorch seed: 1
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Figure A.3: Pointnet++ encoder.

A.3 Keypoint Prediction

We use Pointnet++ encoder for rotation learning as shown in Fig.A.3.

Model training details:

e Learning rate: 0.00001

Batch size: 32

Epoch: 114

Augmentation: elastic, noise, transform, flip, gravity

numpy & pytorch seed: 1
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Appendix B

OUTLIER REMOVAL ALGORITHM



Appendiz B: Outlier removal algorithm

Algorithm 1: Outlier removal algorithm

Input: poseSet // set of pose vectors
Output: prunedPoseSet // set of pose vectors with no outliers
1 translationsX = poseSet/[:, 0]
2 translationsY = poseSet][:, 1]
3 translationsZ = poseSet][:, 2]
4 rotations = poseSet[:, 3:7]
5 unitQuaternion = [1, 0, 0, 0]

6 rotationalDistances = emptyList

8 for r in rotations do

9 rd = computeRotationalDistance(r, unitQuaternion)
10 append rd to rotationalDistances
11

12 nonOutlierIndicesX = removeOutlierIndices(translationsX)

13 nonOutlierIndicesY = removeOutlierIndices(translationsY’)

14 nonOutlierIndicesZ = removeOutlierIndices(translationsZ)

15 nonOutlierIndicesQ) = removeOutlierIndices(rotationalDistances)

16 nonOutlierIndicesAll = nonOutlierIndices X N nonOutlier IndicesY N
nonQutlier IndicesZ N nonOutlier IndicesQ)

17

18 prunedPoseSet = poseSet[nonOutlierIndicesAll]

19

20 Function removeQutlierIndices(list):

21 Do Z-score calculations

22 return indices of non-outlier elements in list

23 Function computeRotationalDistance(ql, ¢2):

24 return angular distance between ¢1 and ¢2




