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Robot Localization

= The & Where Am I?” problem The AMR operates smoothly and autonomously...
Estimating robot pose in a given map S—
(or global coordinates)

Types:

e Relative vs absolute localization
e Static map-based localization
e Dynamic environment without a map

Creating map on the go:

awabot

e SLAM: Simultaneous localization & mapping
e Popular SLAM literature

o Visual SLAM

o LiDAR-based SLAM

o Laser-based SLAM (mainly 2D robots)
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https://awabot.com/en/visual-slam/

Localization in 2D from Landmarks
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Solving For ©
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Solving For ©
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Solving For °P,
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Localization in 3D from Landmarks

Given: coordinates of 3 non-planar points
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Map-based Localization
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http://www.cs.columbia.edu/~allen/teach.html

Probabilistic Map-based Localization

= Estimating robot pose using the / f
perceived sensory information given a B W

global map

Challenges
e Measurements and the map are

inherently error prone
e Thus the robot has to deal with uncertain
information

D Planar Surface Map

Probabilistic map-base localization
e The robot estimates the belief state about
its position
e Through an ACT and SEE cycle

Ehsan et al
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https://www.sciencedirect.com/science/article/pii/S0386111217301206

See — Act — Update

= Robot is placed somewhere in the :
environment — location unknown .
e —
p(x)
1 -
o0

X

Dr. Allen
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http://www.cs.columbia.edu/~allen/teach.html

See — Act — Update

environment
= SEE: The robot queries its sensors .
— finds itself next to a pillar .
u
g L —

p(x)

Dr. Allen
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http://www.cs.columbia.edu/~allen/teach.html

See — Act — Update

= Robot is placed somewhere in the = ACT: Robot moves one meter forward
environment — location unknown = motion estimated by wheel encoders
. = accumulation of uncertainty
|
u
— — —

p(x)

A ACT

Dr. Allen
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http://www.cs.columbia.edu/~allen/teach.html

See — Act — Update

= Robot is placed somewhere in the "
environment — location unknown e
a u
= SEE: The robot queries its sensors again
— finds itself next to a pillar
u
g  — g

p(x)

Dr. Allen
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http://www.cs.columbia.edu/~allen/teach.html

See — Act — Update

Belief update (information fusion)

— — —

Dr. Allen
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http://www.cs.columbia.edu/~allen/teach.html

Motion Model: Uncertainties

e The robot moves and estimates its position through its proprioceptive sensors
o  Wheel Encoder (Odometry)

e During this step, the robot’s state uncertainty grows
o  The uncertainty will go unbounded if we are only ‘dead reckoning’
o Need to update the belief state to keep the uncertainties bounded

p(x)

UNIVERSITY of
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http://www.cs.columbia.edu/~allen/teach.html

Motion Model: Observations

= The state update step requires sensory observation

e The robot makes an observation using its exteroceptive sensors
e This results in a second estimation of the current position

p(x) Probability of

A making this
observation

Robot’s belief before
the observation

L=\ AL 5

>

Dr. Allen
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http://www.cs.columbia.edu/~allen/teach.html

Motion Model: Belief Updates

= The update step keeps the uncertainties bounded

e The robot corrects its position by combining its belief before the observation
e with the probability of making exactly that observation
e During this step, the robot’s state uncertainty shrinks

Robot’s belief
update

Probability of
making this
observation

Robot’s belief before
the observation

Dr. Allen
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http://www.cs.columbia.edu/~allen/teach.html

Belief Representation

®)
= The Kalman Filtering way p

Kalman Filter
e Continuous map with a probability distribution p(x) /\Localization
e Can have
o Singe hypothesis

x)
o  Multiple hypothesis
e The state is usually represented by x € X: a /\
x) >

multivariate Gaussian random variable »

Vi

p(

/4

= For low-dimensional discrete spaces M‘mocalization
e Discretized metric map (grid k) is visualized with a k

probability distribution p(k) i)
e Often, topological maps (with n nodes) are
considered with a probability distribution p(n) _‘
|_| —l 1 T a1 Jn
We will cover filtering algorithms in the last lecture L L o Allen
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http://www.cs.columbia.edu/~allen/teach.html

Localization Without a Map

= Create map on the go
e SLAM: Simultaneous localization & mapping
e Popular SLAM literature
o Visual SLAM
o LiDAR-based SLAM
o Laser-based SLAM (mainly 2D robots)

gffs.com

M e VO: pose recovery from motion of a calibrated camera

VSLAM: VO + place recognition (loop closure) +
optimization for global consistency

SfM: Recovers scene structure from unordered cameras at
different viewpoints (often uncalibrated cameras)

EEeE
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Visual Odometry (VO)

Single-image depth prediction Near B ®Far

Loo et al Kittie odometry benchmark

= VO: Estimates camera pose from motion by tracking features across images (aka keyframes)
e Map representation: sparse / dense / semi-dense
e Major types:
o Direct methods
o Indirect (feature-based) methods

EEL 4930/5934: Autonomous Robots UF | lﬁ:gﬁﬁj&


https://www.cvlibs.net/datasets/kitti/eval_odometry.php
https://arxiv.org/pdf/1810.01011v1.pdf

VO: Direct and Semi-Indirect Methods

=> Direct (featureless) VO All About Direct Methods
e Estimate structure and motion directly M. Tosol mail P Anouda®
© By minimizing photometric error R T
o Based on the image's pixel-level intensities 3 Microsos Rasearch, One Micwsn W,
e The local intensity gradients are used in the optimization s i
e |[ssues:

o Have brightness constancy assumption !““
o Dependent on a good initialization u““
o Low computational speed and no optimality guarantees i““

e Examples: DSO, LSD-SLAM

= SVO: Semi-Direct VO
e Tracks and triangulates pixels that are characterized by high image
gradients, but also relies on feature-based methods for a joint
optimization for recovering structure and motion

° All about direct methods

. SVO: Semi-direct VO methods

EEL 4930/5934: Autonomous Robots UF | %’i‘g‘ﬁfﬁg



https://ieeexplore.ieee.org/stamp/stamp.jsp?arnumber=7898369
https://citeseerx.ist.psu.edu/document?repid=rep1&type=pdf&doi=ca69cb679a3599aea3350d2b7872dbd669f43612
https://citeseerx.ist.psu.edu/document?repid=rep1&type=pdf&doi=3d1895f35202c2f421491df10105ff83c851ebd1
https://ieeexplore.ieee.org/document/7782863

VO: Indirect (Feature-based) Methods

Feature Based Methods for Structure and
Motion Estimation

= Indirect (feature-based) methods
e Follows the traditional SfM idea

P. H. S. Torr! and A. Zisserman?®

o  Extract and match a sparse set of salient image features e e e
o  Then recover both camera motion and structure using the S ,gﬁhdf“ff';m'":'(m, o
epipolar geometry it

o Establish new feature correspondences with old landmarks
when closing loops, which increases both the accuracy of
the trajectory after bundle adjustment

e |Issues:

o Low speed due to feature extraction/matching at each frame

o The necessity for robust estimation techniques that deal with
erroneous correspondences (eg, RANSAC)

e Example: Mono-SLAM, ORB-SLAM

° All about direct methods

° SVO: Semi-direct VO methods

UNIVERSITY of
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https://ieeexplore.ieee.org/document/4160954
https://ieeexplore.ieee.org/abstract/document/7219438
https://citeseerx.ist.psu.edu/document?repid=rep1&type=pdf&doi=3d1895f35202c2f421491df10105ff83c851ebd1
https://ieeexplore.ieee.org/document/7782863

DSO: Direct Sparse Odometry

= Sparse + Indirect
e Traditional SfM + BA pipeline
e Ex: Mono-SLAM, ORB-SLAM

= Dense + Indirect
e Estimates 3D geometry from/with a
dense, regularized optical flow field
e Combines a geometric error (from

e Ranftl et al

= Dense + Direct
e Employs a photometric error and a
geometric prior to estimate dense or = pSO: Direct + Sparse
semi-dense geometry e Optimizes a photometric error defined directly on
e Ex:DTAM, LSD-SLAM the images, without using a geometric prior

https://youtu.be/C6-xwS0O0dgQ
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https://ieeexplore.ieee.org/document/4160954
https://ieeexplore.ieee.org/abstract/document/7219438
https://openaccess.thecvf.com/content_cvpr_2016/papers/Ranftl_Dense_Monocular_Depth_CVPR_2016_paper.pdf
https://ieeexplore.ieee.org/abstract/document/6126513
https://citeseerx.ist.psu.edu/document?repid=rep1&type=pdf&doi=ca69cb679a3599aea3350d2b7872dbd669f43612
https://youtu.be/C6-xwSOOdqQ
http://www.youtube.com/watch?v=C6-xwSOOdqQ

Important Papers: DSO

Direct Sparse Odometry

Jakob Engel™, Vladlen Koltun, and Daniel Cremers

Abstract—Direct Sparse Odometry (DSO) is a visual odometry method based on a novel, highly accurate sparse and direct structure
and motion formulation. It combines a fully direct probabilistic model (minimizing a photometric error) with consistent, joint optimization
of all model parameters, including geometry-represented as inverse depth in a reference frame-and camera motion. This is achieved in
real time by omitting the smoothness prior used in other direct methods and instead sampling pixels evenly throughout the images.
Since our method does not depend on keypoint detectors or descriptors, it can naturally sample pixels from across all image regions
that have intensity gradient, including edges or smooth intensity variations on essentially featureless walls. The proposed model
integrates a full photometric calibration, accounting for exposure time, lens vignetting, and non-linear response functions. We
thoroughly evaluate our method on three different datasets comprising several hours of video. The experiments show that the
presented approach significantly outperforms state-of-the-art direct and indirect methods in a variety of real-world settings, both in
terms of tracking accuracy and robustness.

https://youtu.be/C6-xwSOOdgQ
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http://www.youtube.com/watch?v=C6-xwSOOdqQ
https://youtu.be/C6-xwSOOdqQ

Important Papers: LSD-SLAM

LSD-SLAM: Large-Scale
Direct Monocular SLAM

Jakob Engel and Thomas Schéps and Daniel Cremers

Technical University Munich

Tracking
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Project page https://youtu.be/GnuQzP3gty4
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http://www.youtube.com/watch?v=GnuQzP3gty4
https://cvg.cit.tum.de/research/vslam/lsdslam#:~:text=LSD%2DSLAM%20is%20a%20novel,both%20for%20tracking%20and%20mapping.
https://youtu.be/GnuQzP3gty4

Important Papers: ORB-SLAM

ORB-SLAM: A Versatile and Accurate Monocular
SLAM System

Rail Mur-Artal, J. M. M. Montiel, Member, IEEE, and Juan D. Tard6s, Member, IEEE
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v
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Loop Correction Loop Detection | Local BA I
Optimi I Local
Esp;::;izzl Loop Compute || Candidates KeyFrames
Graph Fusion Sim3 Detection Culling

LOOP CLOSING
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Important Papers: ORB-SLAM3

ORB-SLAM3: An Accurate Open-Source Library for
Visual, Visual-Inertial, and Multimap SLAM

Carlos Campos ©| Richard Elvira®, Juan J. Gémez Rodriguez *, Graduate Student Member, IEEE, José M. M.
Montiel ”, Member, IEEE, and Juan D. Tard6s ', Senior Member, IEEE
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i - MU
Loop Correction Place recognition ) nitialization
i Optimize % 1 foom!
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BA [ 1| EsGsreant':al Fusion ; KeyFrames 20 - magistrale5 7
FULLBA | P Compute | | Database ||: Culling slides1
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VO and VSLAM and Lidar-based SLAM

= VSLAM = VO + Loop closure + Global optimization _ 5 Minutes with Cyrill

I ) Visual Odometry Optimization
I (Front-End) - (Back-£nd) - Reconstruction

Sensor Data

Acquisition ; a ' ‘
_ Loop Closure J

tt s://lyoutu.be/BuRCJ2fegcc

e VO provides only local/relative estimates, and the path is BD.@E WE I i ’
refined online with windowed optimization.

e VSLAM provides a global and consistent estimate , :
o The detection of loop closure reduces the drift in both
the map and the trajectory estimates
o By performing bundle adjustment (BA)

https://youtu.be/508VmDiab3w
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http://www.youtube.com/watch?v=BuRCJ2fegcc
https://youtu.be/BuRCJ2fegcc
https://guvencetinkaya.medium.com/visual-odometry-vs-visual-slam-cdda75df592
http://www.youtube.com/watch?v=5O8VmDiab3w
https://youtu.be/5O8VmDiab3w

Visual Inertial Odometry (VIO)

= VIO: VO (pose estimates) + IMU (error
correction / scale)

Accelerometer H Correction »| Position
e Uses VO to estimate camera pose ry
from motion » Velocity
e [nertial measurements from the IMU r : -
i Gyroscope »| Correction = I »| Attitude
are used for error corrections ; . o
associated with rapid motion — :
[ Estimation Algorithm
= Backbone of VINs (Visual Inertial Navigation
I| GNSS KF I .-
SystemS) GNSS (Position) "% Estimated Position
H and Velocity
e Uses camera+IMU sensory fusion to
. . . V-SLAM Transformation
estimate robot pose in real-time Camera —°[ (Position) (Velocity) ]
e VINSs review paper .
Chiang et al

e ICRA-2019 workshop tutorial
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https://ieeexplore.ieee.org/document/8793604
https://youtu.be/xlDbuw6skag
https://www.mdpi.com/2072-4292/12/11/1732

Intro to VINs
ﬂl& Outdoor Autonomous Flight 1

Voxel map

Fisheye view

Monocular VINS: https://youtu.be/FalwEIOC2Y8

: . Pemonstration with Cam2 MSCKF F
Discrete-time SLAM Continuous-tise SLAM P Online Calibration ‘-"S'"MM e O
* SLAM State
*y ° ) -
b .: . > .-
. v 4 ) g(f) .o ¥ _.
- .a- - f. .‘, + !
Bl Comcldates theary V) =turtie irdegratic cnouNly o
[/ I nad ungerssandieg of succows and Lylure N - e
B2 Xonee dding 3 new cptimiration
wiriab h few measure
and ! of asmcheonows mesd e ©  Trajectony depended price
VIO and SLAM Playlist by UZH (RAL 2022) Multi-Camera Multi-IMU: https://youtu.be/my11jdJ4irY
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http://www.youtube.com/watch?v=FalwEI0C2Y8
https://youtu.be/FalwEI0C2Y8
http://www.youtube.com/watch?v=187AXuuGNNw
https://youtu.be/187AXuuGNNw
https://www.youtube.com/watch?v=_yuZmzJoWUc&list=PLxXaypZSkh7K32tkvMIpFeG0MX53fNhq6
http://www.youtube.com/watch?v=my1IjdJ4irY
https://youtu.be/my1IjdJ4irY
http://www.youtube.com/watch?v=_yuZmzJoWUc

