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ABSTRACT

LOCALIZATION PERFORMANCE ESTIMATION WITH MULTI SENSOR
FUSION

Bingol, Ulas Sureyya
M.S., Department of Electrical and Electronics Engineering
Supervisor: Assoc. Prof. Dr. Mustafa Mert Ankaral
Co-Supervisor: Assist. Prof. Dr. Akif Hac neciglo

May 2022, 76 pages

Autonomous navigation gained signi cant attention as it is necessary for an over-
growing use and integration of autonomous systems to numerous elds such as self-
driving cars, logistics, and agricultural robots. These applications require robots to
navigate from one location to another, which requires them to estimate their position
accurately. Localization loss scenarios are instances when localization accuracy dete-
riorates to a level that endangers the task. Reaching the false end goals, being stuck,
traf c jams, and even crashes can occur when robots perform navigation with dete-
riorated localization. Speci cally for autonomous agents working alongside humans

or as a eet, localization accuracy is crucial.

This work presents a novel method for monitoring and estimating localization per-
formance of individual agents, called Localization Performance Analyzer (LPA). In
contrast to the previous studies in this eld, rather than speci cally focusing on a few
metrics to capture this deterioration, we instead investigate several metrics to nd out
which are more crucial for the estimation of localization failures. The algorithm rst

extracts a set of features from the robots' sensors and its pose belief, and feeds them

\Y



to a neural network (NN). Then, we train this network with the data from multiple

robots, and able to predict whether the robot is lost or localized. We designed LPA
in order to increase autonomy and to recover from localization divergences of a eet
of autonomous mobile robots (AMR). The effectiveness of the proposed algorithm is

validated with the data gathered from industrial AMRs working in the same eld.

Keywords: Localization, Autonomy, Autonomous Mobile Robots
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COKLU SENSOR FUZYONU ILE LOKAL 1ZASYON PERFORMANS
TAHM IN|

Bingol, Ulas Sureyya
Yuksek Lisans, Elektrik ve Elektronik MihendigiliBolumu
Tez Yoneticisi: Dog. Dr. Mustafa Mert Ankaral
Ortak Tez Yoneticisi: Dr. @Qr. Uyesi. Akif Hac necipglu

May s 2022 , 76 sayfa

Otonom navigasyon, otonom sistemlerin artan kullan m ve entegrasyonu ile otonom
arabalar, lojistik ve tar m robotlar uygulamalar gibi say s z bir ¢cok alanda bir ge-
reklilik haline gelmistir. Bu uygulamalarda robotun bir baslang ¢ noktas ndan hedef
noktas na navigasyonunu gerceklestirmesi ve bu esnada lokalizasyonunu net bir se-
kilde kestirmesi beklenmektedir. Lokalizasyonun kaybolmas durumu, lokalizasyon
kesinliginin gerceklestirilen gorevin basar ya ulasmas n tehlikeye atacak sekilde bo-
zulmas olarak tan mlanmaktad r. Robotlar n lokalizasyonunun bozulmas durumla-
r nda yanl s hedef noktalar na ulas Imas, belli bir konumda tak | kal nmas, tra k
ve hatta kazalar meydana gelebilmektedir. Ozellikle insanlarla veya bir lo olarak
cal san otonom araclar n net olarak lokalizasyonlar n gerceklestirmeleri 6nem tas -
maktad r.

Bu ¢al sma, Lokalizasyon Performans Tahmini (LPT) ad verilen, etkenlerin yerel-
lestirme performans n izlemek ve tahmin etmek igin yeni bir yontem sunmaktad r.

Daha dnce bu alanda yap lan ¢al smalar lokalizasyon kay plar n n tespiti icin birkag
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metrige odaklan rken; biz daha 6nce kullan lanlardan farkl metrikler tan mlayarak
lokalizasyon kay plar n daha efektif bir sekilde tespit etmeyi amagl! yoruz. Ogierdi
miz algoritma ilk olarak robotun sensoér verilerini ve pozisyon tahminini kullanarak
bir grup unsur hesaplay p bunlar bir sinig aa beslemektedir. Sonras nda bu sinir
ag birden ¢ok robottan al nan verilerl@i@lmektedir. Boylece robot lokalize olup
olmadg durumlar ay rt edilebilmektedir. LPT bir otonom mobil robot (OMR) lo-
sunda otonomiyi artt rmak ve lokalizasyon kayb durumlar n tela edebilmek ama-
c yla gelistirilmistir. Onerilen algoritman n efektigi ayn sahada cal san endstriyel
OMR'lerden toplanan veriler ile dygrulanm st r.

Anahtar Kelimeler: Lokalizasyon, Otonomi, Otonom Mobil Robotlar

viii



To my dear father Behzat Bingol



ACKNOWLEDGMENTS

First of all, I would like to start by thanking my advisors Mustafa Mert Ankaral and
Akif Hac necipaylu, for their endless support, guidance and encouragement. Next, |
would like to thank the Milvus Robotics team for their friendship and their collabora-
tion in this work. They were always there for me when | required images or data from
the eld or whenever | needed access to a speci ¢ robot. | would like to speci cally
thank Canberk Y Imaz for the use case ideas of this work he came up with. Ozan
Tas and Mert Ozkan for the constant reminder of due dates. Arif Zagtéao and
Samil Ozden for adjusting the schedule for me to focus on this work.

| want to thank my beloved girlfriend, Simay Atasoy, who has always been there for
me. Studying with her has always been a pleasure.

I am thankful for my family, my mother Fatma Bingol, my aunt Fahriyegla, my
uncle Yal¢ n Dglar and my grandmother Sebahatdla for their support. | am
grateful for my father Behzat Bing6l the motivational support and his counsel during

this process. He taught me always to keep on learning.



TABLE OF CONTENTS

ABSTRACT . . . . . \Y;
OZ . . Vil
ACKNOWLEDGMENTS . . . . . . . . s s s X
TABLE OF CONTENTS . . . . . . . s e s, Xi
LIST OF TABLES . . . . . . . e s s Xiv
LIST OF FIGURES . . . . . . . e st . XV
LIST OF ABBREVIATIONS . . . . . . . . . s, xviii
CHAPTERS
1 INTRODUCTION . . . . . . s st s 1
1.1 Motivation . . . . . . . . . 1
1.2 ExistingWorks . . . . . ... 2
1.3 Methodology . . . .. ... . .. ... 5
1.4 Contributions and Novelties . . . . . . . . . . . ... .. .. .... 7
1.5 TheOutlineoftheThesis. . . . . . . . . . . . . ... ... ..... 7
2 BACKGROUND . . . . . . s s s 9
2.1 Robot Operating System (ROS) . . ... ... ... ... ...... 9
2.2 Localization. . . . . . . . . .. 10
2.3 Neural Networks . . . . . . . . . . . 12



3 EXPERIMENTALSETUP . .. .. .. ... ... .. .. .. .. ..... 15

3.1 OperatingField . . .. ... ... ... .. ... .. 15
3.2 RobotPlatforms . . .. .. .. ... . ... 15
3.3 Data Generationand Labeling . . . ... ... ... ......... 16

4 LOCALIZATION PERFORMANCE ANALYZER AND FEATURES . .. 21

4.1 Feature Extractor . . . . . . . . .. . ... 22
4.2 ScoreMapManager . . ... .. .. ... 22
4.3 Predictor . . . ... 24
4.4 Feature Descriptions . . . . . . . . . .. e 24
441 LocalizationFeatures . . . . . ... ... ... 25
442 Inertial Features . . . . . . .. ... 31
4.4.3 Map Average Features . . . . . . . . . ... ... ... ... 32
45 AveragedMaps . . . . . ... 33
45.1 LikellhoodMap . . . ... . ... ... 34
45.2 Normal DifferenceMap . . . . . . . . . ... ... 34
453 ScanScoreMap . . . ... 37
454 CovarianceMap . . . . . . . .. e 37
5 RESULTSANDDISCUSSION . . . . .. ... . oo 41
51 TrainedModels . . . . . ... ... .. ... 41
5.1.1 SequenceBasedModel . . ... ... ... .......... 41
5.1.1.1 Single Layer - Sequence Network . . . . . .. .. ... 42
5.1.1.2 Multi Layer - Sequence Network . . . . . . ... ... 43
5.2 ComparisonStudy . . . ... ... .. ... 48



5.2.1 Investigation of Proposed Metrics . . . . . .. .. .. ... .. 50

5.2.2  Machine Learning Based Model vs Statistics Based Model . . 54
5.3 Comparison of Feature Groups . . . . . . . . . . ... 66
6 CONCLUSION & FUTUREWORK . . . . . ... ... ... ... ..., 69
6.1 Conclusion . . ... ... .. 69
6.2 FutureWork . . . .. ... 70
REFERENCES . . . . . . . . 73
APPENDICES

Xiii



LIST OF TABLES

TABLES
Table 1.1 ExistingWorks . . . . . . . . . . . 5
Table 2.1 Common Topic ConventionsinROS . . . .. ... ... ...... 10

Table 5.1 Evaluation Metric Results of Trained Multi Layer - Sequence Network 46

Table 5.2 Evaluation Metric Results of Trained Multi Layer - Sequence Net-

work At Optimal Threshold . . . . . . ... ... ... ... ....... 50
Table 5.3 Resource Usage Comparison . . . . . .. ... .. ... ... ... 62
Table 5.4 Statistic Based Model Feature Performances . . . . ... ... ... 66

Xiv



LIST OF FIGURES

FIGURES

Figure 1.1 Part of the work environment where boundaries are not well

dened. . .. . . . ... 4
Figure 1.2  Architecture of the Software . . . .. .. ... ... ...... 6
Figure 3.1  Robot models operatinginthe eld . . . . . . ... ... .... 17
Figure 3.2  Occupancy grid map of the work environment . . . . . . .. .. 18

Figure 4.1 Block diagram model for the proposed LPA algorithm. Feature
extractor node calculates the necessary features and feeds them to the

predictor node which consists of a neural network that predicts if the

robotislostorlocalized. . ... ... ... ... .. ... ... ... 21
Figure 4.2 Covariance Evolution During Corridor Navigation . . . . . . .. 23
Figure 4.3  Comparison between proposed likelihood models . . . . . . .. 27
Figure 4.4  Localized-Lostrobotinthesamezone . . ... .. ... .. .. 30

Figure 4.5  The colour scheme of the GridMap, purple corresponds to the

min value, and red corresponds to the maxvalue. . .. ... .. .. .. 34
Figure 4.6  Likelihood score grid_maplayer . .. .. ... ... ...... 35
Figure 4.7  Normal difference score grid_maplayer . .. .. ... ... .. 36
Figure 4.8  Scanscore Grid_maplayer . .. .. ... .. ... ....... 38
Figure 4.9  Covariance score grid_maplayer . . ... ... ... ...... 39

XV



Figure 5.1  Basic Sequence BasedModel . . . . .. .. ... ........ 42
Figure 5.2  Single Linear Layer Trained Models . . . . .. .. ... .... 44
Figure 5.3  Multi Layer Network Architecture . . . . . . ... ... .... 45
Figure 5.4 0.5 Threshold Confusion Matrices(MultiLayerNetwork) . . . . . a7
Figure 5.5 (@) Training ROC curve of the trained Multi Layer - Sequence
Network (b) Test ROC curve of the trained Multi Layer - Sequence
Network . . . . . . . 48
Figure 5.6  Optimal Threshold Confusion Matrices(MultiLayerNetwork) . . 49
Figure 5.7 ROC curve of scan score predictor . . . . .. ... ....... 54
Figure 5.8 ROC curve of pose score predictor . . . . .. ... ... .... 54
Figure 5.9 ROC curve of covariance score predictor . . . . . ... ... .. 55
Figure 5.10 ROC curve of likelihood score predictor . . . . .. ... .. .. 55
Figure 5.11 ROC curve of point angle difference Predictor . . . . . ... .. 56
Figure 5.12 ROC curve of sensor divergence Predictor . . . .. ... .. .. 56
Figure 5.13 ROC curve of odometry linear divergence predictor . . . . . .. 57
Figure 5.14 ROC curve of odometry angular divergence predictor . . . . . . 57
Figure 5.15 ROC curve of IMU angular divergence predictor . . . . . .. .. 58
Figure 5.16 ROC curve of scan score divergence predictor . . . . ... ... 58
Figure 5.17 ROC curve of covariance divergence predictor . . . . .. .. .. 59
Figure 5.18 ROC curve of likelihood divergence predictor . . . . . .. ... 59
Figure 5.19 ROC curve of point normal divergence predictor . . . . . . . .. 60
Figure 5.20 ROC curve of map matchingerror . . .. ... ... ... ... 60

XVi



Figure 5.21 Simulated(Yellow) - Actual(Red) laserscan Examples, green is

robots current positionand heading . . . . . . ... ... ... ... 61

Figure 5.22  Multi Layer - Sequence Network Performance on Comparison
Dataset. . . . . . . . . . . 63

Figure 5.23  Multi Layer - Sequence Network Confusion Matrices at decision

threshold 0.5 with comparisondataset . . . . ... .. ... ... ... 64

Figure 5.24  Multi Layer - Sequence Network Confusion Matrices with com-

parison dataset at optimal threshold . . . . . . .. .. ... ... .... 65
Figure 5.25 ROC curve of model that only use Localization Features . . . . . 67
Figure 5.26 ROC curve of model that only use Inertial Features . . . . . . . 68
Figure 5.27 ROC curve of model that only use Map Divergences . . . . . . . 68

XVii



2D
3D
AMR
SLAM
IMU
AMCL
MA
TPR
FPR
ROC
AUC
NN
ROS
MSE
PDF

LIST OF ABBREVIATIONS

2 Dimensional

3 Dimensional

Autonomous Mobile Robot
Simultaneous Localization and Mapping
Inertial Measurement Unit
Adaptive Monte Carlo Localization
Moving Average

True Positive Rate

False Positive Rate

Reciever Operating Characteristic
Area Under the Curve

Neural Network

Robot Operating System

Mean Square Error

Probability Density Function

XVili



CHAPTER 1

INTRODUCTION

1.1 Motivation

Autonomous robots must work safely, long term, and reliably, especially when work-
ing alongside humans. For industrial applications, several safety standards should be
maintained in order to provide a harmless and safe operation eld [1, 2]. Although

it is ensured that the standards mentioned earlier for autonomous systems are em-
ployed, it is almost impossible to prevent robot failures. A robot may fail due to
short circuits, battery depletion, motor current protection limits, network disconnec-
tions, and localization loss. Most of these failures result in the robot standing still;
however, localization loss is more adverse. When a robot gets lost in its operation
zone, it can continue navigating, but since its pose estimate is erroneous, the robot
may end up with a false end goal. For a eet of robots, localization loss is a more
severe and problematic incident since it may result in traf ¢ or even halting of the
operation. For autonomous mobile robots (AMR), overhanging objects, glass walls,
ramps, downwards staircases, and other objects that cannot be perceived via onboard
sensors become hazardous when localization is degraded. Even though robots can
avoid these objects by marking their whereabouts as forbidden zones, due to deterio-

ration of localization, robots may end up in these undesired regions.

In order to avoid hazardous situations and provide a continuous operation, there is a
need to monitor the localization performances of the robots continuously. With the
knowledge and ideas we acquired from previous works, we aim to monitor the local-
ization performance of AMRs and, as a result, provide a safe and reliable operation

eld for both autonomous systems and operators.
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1.2 Existing Works

Precautionary methods are necessary to have long-term autonomy and reduce risks
due to navigational errors. There are unique causes for each sensor to produce erro-
neous data. Wheel encoders are susceptible to slippery terrain, and magnetometers
can easily get affected by magnetic elds in the environment; accelerometers and
gyroscopes can produce noisy data due to loosened assembly or excessive oscilla-
tions. Whereas localization algorithms that depend on these sensor data as initial
guesses might diverge due to incorrect initialization or a noisy environment. In [3],

a comparison-based error detection mechanism is proposed. This strategy detects a
large amount of divergence in the sensor outputs. However, gradual decays might
not be detected under a certain threshold. Even if input sensors diverge and raise
an exception, global localization can be stable. Several approaches tackle this issue
by mainly analyzing the problem at the global localization output level. In [4], the
alignment performance of point clouds is investigated to detect localization perfor-
mance. Their method uses both overlaps of points and standard directions of point
cloud patches to compute an alignment ability measure in a machine learning model
to predict alignment risk. Fan et al.[5] uses a similar localization performance di-
vergence detection as in [3] that switches to localization recovery mode in crowded
areas. Their work focuses on actively recovering from localization failures, freezing
robot problem, and detects localization failures when odometry differs signi cantly
from the global estimate, or the covariance of the algorithm is excessive. Their pro-
posed strategy actively navigates to areas with several corners called waypoints to

recover from localization failures.

Moon et al.[6] proposes one of the most detailed works for detecting and recovering
from navigational failures, which provides key points for designing an observation
model. They propose a map matching error metric calculated by taking the differ-
ence between the ray-casted laser scan and the actual laser scan. This metric is then
converted to an observation likelihood model using a saturated Gaussian model based
on statistics of their data. This likelihood is then used as a triggering mechanism for
detecting localization failures. Compared to other methods, proposed switch thresh-

old is based on a bias and a standard deviation over a sliding window. This approach
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is similar to long-term, and short-term averages in augmented Monte Carlo localiza-
tion [7], in the sense that previous calculations carry information that can be used to
calibrate the behavior of the algorithm. If switching occurs, they calculate a motion

boundary that de nes all possible locations that robot might be present and reinitialize

the robot as a random distribution in this boundary.

Kim et al. [8] also proposed a self-diagnosis solution based on their previous work
[9], which focuses on computing the reliability of the laser scan beams. If the cur-
rent beam differs signi cantly from the projected ones, it is considered as unreliable.
Their work estimates the localization failure using two featut®s,andEA,. Dy
corresponds to the average mean distance error from the range measurements corre-
sponding to the upper% of all laserbeams. Similar to the work presented in [3],
EA. represents the difference of differences of the odometry and global localiza-
tion. Similar to our work, they implement a machine learning model to determine the
contributions of these features to localization performance. Even though, their idea
of laser reliability can be a crucial metric to determine localization divergences, high
computation cost is the main drawback since raycasting is required. Another draw-
back is that laser reliability does not cover false convergence scenarios. Generally,
in lost scenarios, laser reliabilities decrease due to the mismatch between the map
and the current laserscan. False convergence occurs when the localization algorithm
forms a series of predictions with incorrect correspondences of laserscan and the map.
When false convergence occurs, laser reliabilities increase; however, the robot is not

localized.

Yuan et al. [10] proposes a framework for detecting a robot being lost and the possi-
ble recovery strategies after the robot gets lost. For lost detection, they only compare
the laser scan and metric map. Similar to the method presented in [8], they compute a
distance metric from the laser scan beams to the map which is the average minimum
distance of the laser scan points to boundary points. They both compute the distance
from each laser point to boundary points and for each boundary point to laser scan
points which can be a costly calculation for large maps. A robot is marked as lost
if this distance exceeds a threshold in a 2 to 3 seconds window. This threshold can
be modi ed for different environments, which might be challenging to tune. When

the robot gets lost, it constructs a local map called a destination map. Experiments



Figure 1.1: Part of the work environment where boundaries are not well de ned.

regarding this work are conducted in2dmx18m well-de ned of ce environment

with continuous walls and boundaries. However, in several industrial environments,
these boundaries are not well de ned on the robot's map, as can be seen from Fig-
ure 1.1. Their work also does not take into account angular estimation errors directly.
With this destination map, exploration is performed until the robot nds a previously
visited place for relocalization. Slip estimation methods have common grounds with
work since one of the causes of localization loss is wheel slip. Kreiner et al. proposed
a method for skid steered robots [11] that rely on IMU measurements and wheel
odometry. Ozcil et al. [12] uses a machine learning model to fuse onboard sensors
with motor current information. This type of approach is not applicable directly since
payloads change during the processes, but the method can be extended to estimate
the payload rst and calibrate the model accordingly. Kalman lter-based approaches
[13] [14] can provide predictions and can be bene cial for implementation of local-
ization performance analyzer (LPA).

Yin et al. [15] focus on localization failure detection for 3D lidar-based localization.

In their work, they refer to the outdoor dataset YQ [16]. This dataset contains the
stereo image, 3D laser-scan, DGPS information, wheel odometry, and ground truth
which is constructed with a pose graph SLAM algorithm. They propose several met-
rics and train a linear regression model with those metrics to detect failures. Their

work focuses on the statistics extracted from the metric overlap between the map, the
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Table 1.1: Existing Works

Year Dataset Source Labeling Method Classi cation Method

Moon [6] 2010 Physical Robot - Statistics

) . Metric difference between
Akai[18] 2018 Autonomous Vehicle ML

noisy - normal localization

Kim[8] 2018 Physical Robot External Sensor provide ground truth ML

Eder [19] 2019 Simulated Robot Simulation provide ground truth ML

. . Metric difference from iterative
Yin[15] 2019 Physical Robot ML

closest point(ICP) registration

. Fleet of Warehouse .
Bingol 2022 Manual Labeling ML

Robots

laser pointclouds and the angular overlap. They formulate the localization loss rule by
referring to pointcloud registration; speci cally, ICP [17]. At each ground truth pose,
ICP is executed to compute errors in Euclidean and yaw directions which are then
used for clustering. With the information from the clustering algorithm, they classify
the localization loss as the positions where the Euclidean error is greater than 0.236m
and 2.06 degrees in yaw. Finally, this dataset is classi ed into lost and localized sce-
narios and used to train the linear regression model for classifying the localization

loss detection . A summary of the existing works is given in Table 1.1.

1.3 Methodology

In this thesis, our primary focus is to predict localization failure situations and, if
possible, avoid safety violations. In order to predict localization deterioration, we
propose an algorithm that depends on pose beliefs and available sensory informa-
tion provided by the robot. Proposed LPA framework processes pose belief, velocity
commands (provided from navigation algorithm), map, laser scan, wheel odometry,
IMU data, and predicts if the robot is localized or lost. Figure 1.2 summarizes the

architecture of the proposed framework.
In order to predict the robot state (lost or localized), LPA extracts features from the

5



Figure 1.2: Architecture of the Software

indicated inputs. Obtained features are passed through a neural network (NN) to
output a prediction. In order to train NN, we collected data from operation elds that

actively use AMRs and labeled the obtained data by hand for localized and lost cases.
Then, the constructed NN model is trained with the labeled data and the extracted

features.

The prediction that the NN model outputs is in the form of probabilities which cor-
responds to the localization failure for the robot. Based on the predictions provided
by the NN model, we take several precautions to have safety measures. For low-
level risks, no action is performed. For medium levels of risk, a warning is raised,
the robot's velocity is limited, and the particle size of the Adaptive Monte Carlo Lo-
calization (AMCL) algorithm is increased to improve localization performance. For
high-level risk scenarios, robot operation is terminated until the relocalization proce-
dure is employed, either automatically or by manual intervention from the operators.
In the case of manual intervention, robots can learn recovery behaviors from the op-
erators performing navigational recovery [20]. Meng et al. [21] propose a recovery

behavior that is inspired by the strategies used for missing people.



1.4 Contributions and Novelties

Our contributions can be summarized as follows:

We propose a novel metric for predicting localization loss cases. Our results
indicate that proposed map divergence metric has signi cant importance on

determining lost and localized states.

In order to predict the state of the robot (lost or localized) we implemented a

machine learning model which outputs the result with high precision.

The dataset for training the machine learning model is manually labeled and

made available to researchers for further improvements

The proposed localization performance managing architecture can also be used

for a eet of robots.

1.5 The Outline of the Thesis

The organization of the thesis is as follows. In Chapter 2, we give a brief introduction
to localization and related concepts to this work. After providing the fundamental
background for the proposed algorithm, in Chapter 3 we explain the work environ-
ment, robots, and the dataset. Chapter 4 describes the components of the localization
performance analyzer and the features that we are using in this work. Results of our
algorithm and comparisons with existing works are presented in Chapter 5. Finally,

Chapter 6, summarizes our work and discusses future extensions of this work.






CHAPTER 2

BACKGROUND

2.1 Robot Operating System (ROS)

Robot Operating System (ROS) [22] is an open source software built on Unix that
provides a communication framework for robotic applications. ROS has an imple-
mentation of a set of libraries and communication protocols which allows the different
parts of the software to run as standalone processes and manages the communication
between them. Processes, which are parts of a software network, are called nodes and
nodes can communicate with each other by using two different messaging methods;
request-response and subscribe-publish. Communication between nodes takes place
with topics which have a de ned message type and a unique topic name. Nodes can
be grouped and released as ROS packages. These packages allow rules for compil-
ing, building, and releasing ROS nodes. For each ROS topic, there can be multiple
publishers and subscribers. A publisher is an object in a ROS node that broadcasts
information to a topic with a ROS message, whereas a subscriber is an object in a
ROS node that receives this information. Topic's content is determined by the type of
message the publisher broadcasts. Topics transfer sensor information, robot veloci-
ties, and action commands. ROS comes with readily available message types such as
LaserScanOdometry Pose etc. These messages consist of arrays of oats, doubles,

or other basic data types. ROS also allows for the de nition of custom messages if
required. These default de nitions of data types allows for easy integration of a new
piece of software to an existing system. There are specialized topics in ROS, such as

tf, map, scan, pose, etc. Some examples are shown in Table 2.1.
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Table 2.1: Common Topic Conventions in ROS

Topic Explanation

tf Transformations of the robot
scan Laserscan data
map Map used for localization
pose Global position of the robot
odom Odometry data

move_base/goal Target navigation destination for the robot

cmd_vel Velocity command applied to the robot

global _costmap Costmap uses for global localization

2.2 Localization

Localization is estimating one's position with respect to a xed frame. There are
mainly two localization approaches: tracking and global localization. Global lo-
calization starts with a larger belief of the position generally distributed uniformly
around all the workspace, whereas in tracking belief is formed around the initial po-
sition estimate. Since pose belief is concentrated in a smaller subset of hypothesis

compared to global localization, tracking is usually computationally more ef cient.

Localization algorithms correlate sensory information with the map of the environ-

ment. There are mainly two representations of maps: topological maps and metric
maps. Metric maps encode the position of each object, whereas topological maps
only encode the relation and distances between objects. In addition maps can also
be classi ed based on the information source (sensory data) : image-based maps,

laser-scan based maps, elevation based maps.

In our work, we depend on a laser-based occupancy grid map and use Adaptive Monte
Carlo Localization (AMCL) algorithm. AMCL is designed for tracking-based lo-

calization applications, but it also has an implementation for global localization ap-

10



proach. The AMCL algorithm utilises laser scan, occupancy grid map, and robot
transforms to form a pose belief. AMCL represents the robot's pose belief with a set

of particles. These patrticles represent the possible positions of the robot. AMCL al-
gorithm consists of two steps: prediction and measurement update. In the prediction
step, these particles are translated based on the odometry information. In the mea-
surement update step, these hypotheses are weighted by the sensor model that uses
current laser scan reading and the map. The predicted pose is the weighted average

of these hypotheses.

Odometry information fed to AMCL is obtained by fusing wheel encoders and IMU
sensors feedback. Wheel encoders provide the rotational position of each wheel from
an initial position. The robot computes the rotational and linear velocities by taking
the derivative of rotational displacements. Initially each wheel velocity can be com-
puted by taking into account of gear ratR)(@nd wheel diametdn) as in equations

(2.1) and (2.2).! \igrt and! ¢1; is the rotational velocity of the wheels in terms of
revolutions per second (RPS). Linear @nd rotational () velocities of the robot

base are then computed with wheel velocities as in equation (2.3) and (2.4) in which
T corresponds to the track width of the robot. Velocities that are computed from
wheel encoders and the rotational velocity measurements from the IMU sensor are
then fused with an extended Kalman Iter (EKF). This kalman lter provides posi-
tion and velocity information. Position is calculated from an initial position called

odometry frame. Generally it is the position where the robot is turned on.

o= % (2.1)
right = % (2.2)

_ left +2 right (2.3)
| = _right - left (2.4)
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2.3 Neural Networks

Inspired by the human brain, Warren et al. [23] came up with the concept of an
arti cial neural network. In their work the concept gierceptronis described. A
single element of the neural network called neuron, which takes an input, performs

operations and outputs a signal.

Neural networks are built with primary elements called perceptrons, which take a
number of inputs and output a positive signal if it is over a threshold. This thresh-
old can be a xed limit or amactivation function Activation functions, increase the
complexity of the neural network by ltering out smaller outputs and allowing larger
ones. The commonly used activation functionsReeti ed Linear Unit (Relu)tanh,

andsigmoid

Neural networks are composed of an input layer, hidden layers and an output layer.
These layers are connected through channels which the outputs are multiplied by
weights. Initially, inputs are passed through the perceptrons through the input layer.
The rst layer of perceptrons outputs are then fed to the hidden layer. Hidden layer is
connected to the output layer which forms the nal prediction. Forward propagation
is the calculation of output variables by propagating input variables through the neural

network layers.

Neural networks learn by adjusting the weights, so called parameters of the model.
For classi cation or regression tasks this is done by comparing the outputs generated
in forward propagation step with the actual outputs (labels). Prediction error is calcu-
lated with loss functions such aszean square error (MSE)L1 normor Cross Entropy

loss Information extracted from loss is then propagated backwards to the weights in
order to adjust them, which is call&éckpropagationin backpropagation, gradients

of the learnable weights are computed and are adjusted to reduce the loss. Forward
propagation and backpropagation processes continue until the model reach a certain
con dence level in predicting the labels. Training of a neural network is basically ad-
justing the parameters of the model to match the labels of the data. In order to avoid
over tting, the dataset is usually split into two parts training and testing. Over tting

occurs when, the model is trained excessively with the data and it is no longer gen-
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eralizing to new data that it has not yet been trained. Training is performed multiple

times over the same data, each pass of the full dataset is called an epoch.

Neural networks estimation capabilities and performances are measured with several
metrics. Most common ones are precision, recall and F1 score. Graphical represen-
tations such as receiver operating characteristic curves (ROC) or confusion matrices
are referred to demonstrate the model's capabilities further. Precision measures the
ratio of correct positive class predictions whereas recall measures the ratio of iden-
ti able positive classes to all the positive classes in the dataset. F1 score is de ned

as the harmonic mean of precision and recall. It is useful for combining, observing

precision, and recall as a single metric.
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CHAPTER 3

EXPERIMENTAL SETUP

3.1 Operating Field

For this study, we have studied the data gathered from one of the largest eld applica-
tions of Milvus Robotics. Two different robot models are operating in this eld, and

a total of four different con gurations is present. This study uses the data obtained
from SEIT100 and SEIT500 lift con gurations. The operating eld is split into two
parts, in one part SEIT100 models and SEIT500 lift models are working together, and
in the other part, SEIT500 Conveyor and SEIT500 Cabin Conveyor models share the
same area. The map of the environment is shown in Figure 3.2. Size of the environ-
ment is70m  170m, and most of it is visited by the eet of SEIT100 and SEIT500

lift robots. During the operation, robots use this map to localize, and no additional
change or enhancement is made on this map. In this eld, operators and robots are
working alongside. Due to the dynamics of the facility, obstacles used for navigation

might get blocked, or their position might change.

3.2 Robot Platforms

Both SEIT100 and SEIT500 models have lidars at the robot's front and rear. Both
robot models are differential drive with two powered wheels. Encoders measure
wheels' relative position, and robots have IMU at their geometric center. IMU and
encoders are used for the generation of the odometry data. Odometry data represents

the translation (x and y) and orientation (yaw) from the robot's initial position.
SEIT100 models studied in this work operate with a cart attachment. Figure 3.1a
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shows SEIT100 and the cart it interacts with. SEIT100 carries the payload by attach-
ing to the cart and dragging it along. Initially, SEIT100 docks to the pickup station
and gets attached to the cart. The cart is then carried to the dropoff station. SEIT100
detaches from the cart at the drop-off station, picks up an empty cart, and returns the
empty cart to the pickup station. SEIT100 has approximately 100kg payload during
this operation at the rst half of its mission and no payload during returning state. In

our dataset, we obtain the data with and without the payload.

SEIT500 lift model and the lift station are shown in Figure 3.1c. SEIT500 transfers
a payload of approximately 500kg from one lift station to another with a lift mecha-
nism. Like SEIT100, it has a payload in the rst half of the mission and no additional

payload during return.

SEIT500's payload is mainly loaded on to the drive wheels, whereas the free wheels
of the cart attachment bear SEIT100's payload. SEIT100 has to overcome the friction
forces on the cartwheels to move. In addition, SEIT100 must generate at least the
same magnitude of friction forces with only the base model's weight which makes
SEIT100 more prone to wheel slippage.

3.3 Data Generation and Labeling

The data is obtained from six different robots. Four of them are SEIT500 lift models,
and the other two are SEIT100 with the cart attachment. Several metrics we refer
require many passes from the same position on the map. None of the benchmark
datasets could be tested with our algorithm due to this reason. Our algorithm is ex-
ecuted for the positions that are observed at least 100 times. Another reason is that
we want to have a method that can work for different robots, so we require a dataset
with multiple models of robots. For these reasons, we have built our dataset, which is

available at with features [24] and with raw data [25].

The data is obtained as rosbags and labeled with the script that the author developed
[26]. This method allows frame by frame labeling of the robot's sensor data. This li-
brary takesensor_msgs/PointClolRIDS messages as input and labels the data based

on the user input. The labeled pointcloud is in robots global frame. Rosbag_labeler
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