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Lesson 4. Visual SLAM

Introduction to Visual SLAM
Tracking

Mapping

Place Recognition

1.
2.
3.
4.
5.

Accuracy
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Readings

 Raul Mur-Artal, J.M.M. Montiel and Juan D. Tardos
ORB-SLAM: A Versatile and Accurate Monocular SLAM System,
IEEE Trans. Robotics 31(5): 1147-1163, Oct. 2015

 Raul Mur-Artal, and Juan D. Tardos.
ORB-SLAMZ2: an Open-Source SLAM System for Monocular, Stereo
and RGB-D Cameras,
IEEE Trans. Robotics 33(5): 1255-1262, Oct. 2017

« C Campos, R Elvira, JJ Gémez Rodriguez, JMM Montiel, JD Tardods
ORB-SLAMS3: An Accurate Open-Source Library for Visual, Visual-
Inertial and Multi-Map SLAM.

IEEE Trans. Robotics, 37(6): 1874-1890, Dec. 2021

 D. Galvez-Lépez, J.D. Tardos
Bags of Binary Words for Fast Place Recognition in Image
Sequences, IEEE Trans. Robotics 28(5):1188-1197, Oct. 2012
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https://arxiv.org/abs/1502.00956
https://arxiv.org/abs/1610.06475
https://arxiv.org/abs/2007.11898
http://doriangalvez.com/papers/GalvezTRO12.pdf

ORB-SLAM Team

Dorian  Raul ] Mingo Richard
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Lesson 4. Visual SLAM

1. Introduction to Visual SLAM
a. Concept and Applications
b. Feature-Based Visual SLAM
c. A Complete System: ORB-SLAM3

Readings:
- Sections |, Il & Il of ORB-SLAMS3 paper
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https://arxiv.org/pdf/2007.11898.pdf

SLAM with Laser and EKF, 2002

The SLAM problem:

* arobot moving in an
unknown environment

i

Use sensor data to:

* build a map of the
environment

 and at the same time

 use the map to compute
the robot location

P. Newman, J.J Leonard, J.D. Tardos, J. Neira:
Explore and return: Experimental validation of
real-time concurrent mapping and localization.
IEEE Int. Conf. Robotics and Automation, 2002
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First Monocular SLAM: Lines and EKF, 1997

J. Neira, M.Il. Ribeiro, J.D. Tardds,
Mobile Robot Localization and Map
Building using Monocular Vision,
Symp. Intell. Robotics Systems, 1997
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First Stereo SLAM with EKF, 2001

Tracking Features

A.J. Davison, N. Kita: 3D Simultaneous Localisation and
Map-Building using Active Vision for a Robot Moving on
Undulating Terrain, CVPR 2001.
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Monocular SLAM

m ! Ty

L.A. Clemente, A.J. Davison, |.D. Reid, J. Neira, J.D. Tardés, Mapping
Large Loops with a Single Hand-Held Camera, RSS 2007
RTICS
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PTAM: Keyframe-Based SLAM, 2007

Parallel Tracking and Mapping
for Small AR Workspaces

ISMAR 2007 video results

Georg Klein and David Murray
Active Vision Laboratory
University of Oxford

G. Klein and D. Murray, Parallel Tracking and Mapping for
ﬁ Small AR Workspaces, ISMAR 2007
ROB
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ORB-SLAM: Visual SLAM, 2015

ORB-SLAM2: Map Viewer m 3 15:51 {'% raul

SLAM MODE | KFs:

Universidad
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Autonomous Vehicles

Applications
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Applications: Robotics and 3D Modelling
* Robot Navigation based on ORB-SLAM?2

« ORB-SLAMZ2 on mobile devices

Flash Fisheye camera IR projector Follow On qurames off Reconstruction On
Camera i
FPS: 4.347826
7 KeyFrames: 61
.0‘ : RefPoints: 2515
Pr;;ct Ta\'ni_;o MapPoints: 2740
Development e " DepthPoints: 13712
(& J
Docking port
i2s  Universidad
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Applications: AR/VR
« Obtain in real time the camera trajectory
* And build a map of the environment
* To add virtual elements to the environment

Insert Cube

Clear All

[ oraw Image

|_Dr.1w Cube
Cube Size 0.05
[ Draw Grid

Grid Elements 3
Element Size 9.05
_|oraw Points

_|Localization Mode

Juan D. Tardés 14
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Deformable SLAM Inside the Human Body

Tracking monocular camera pose and
deformation for
SLAM inside the human body

Juan J. Gémez Rodriguez, J.M.M. Montiel, Member, IEEE and Juan D. Tardés, Fellow, |IEEE
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4.1.b Feature-Based Visual SLAM

States

X =Xy, € R? Coordinates of point j

T, € SE(3) Pose of camera i

Measurements
W — | Observation of point j
L P from camera i
(¥]
Reprojection error Projection Function

\ /

€;; = Wij — Ti(Tiw, Xw;)
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Juan D. Tardos 16 i0i  Zaragoza

1542




Projection of point j on camerai (1)

R, € SO(3) Rotation matrix
t; € R Translation vector

T, ., € SE(S)

Xij — Rz‘waj + tiw Coordinates of point j w.r.t. camera |

& 7 Universidad
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Projection of point j on camerai (2)

u
Yv focal length (mm)
- f /
: Optical .
Camera i . X
Z (Cu, Cv) Axis Lg — fz =2
S= ::.:-___ /l z’[,j
\\\\‘ - < = ~ - / |
N3~ T / .
y ~ o 1, ~\\§ j | xzj
( g4 R S u = (SufZ) T Ci
ij yS \\\ | V4 'L]
World / ~o, 7 T
. S _ 1]
Reference / Tiw Image Plane (Iz‘j, Yij, Zij) — fi,u . + Ci,u
z 2%
horizontal focal principal point
length (pixels)
* In summary:
. Lig :
i (T, Xepj) = Jiu 2y 1 Ciu
) Twy dwyg ) — o Yig _
fiwZs + Ciw
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Feature-Based Visual SLAM as BA

States

— Xy € R? Coordinates of point j

R;, € SO(3) Orientation of camera i

tiw € R Position of camera i

Measurements

from camera i

W — [uw] Observation of point j
ij

Bundle Adjustment

{Riw, tiw,Xuw;j |7 €C,j € P}* = argmin Zp (||uz-j — i (RiwXwj + tz’w)ng.j)

iw,tiwyij i

J

Sebres

Juan D. Tardés

\ J
Non-Linear |

Optimization Reprojection error
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Structure of the SLAM problem

Odometry
Vehicle
Bayesian
Observations Ngtwork
Environment
features
Vehicle
variables
Markov
Random Field
Map
variables
SLAM Problem * The problem size grows with time
P(T1k s X1:n | Z1:k > Uq:k) » The set of relationships is sparse

| 1 s Universidad
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Maps with Thousands of Features?
« Original SLAM problem

Sparse
Problem

« EKF approach (MonoSLAM, 2003)

— Marginalizes past poses
Dense gihallzes p P

Problem — O(n?) with the number of features

— Limited to 200-300 features in real-time
— One-shot linearization = errors

« Keyframe approach (PTAM, 2007)

Still — Keeps only a few poses: keyframes

Sparse — Can handle thousands of points

— Given the same computational effort is
more accurate than EKF-SLAM

— Non-linear optimization (BA)

Hauke Strasdat, J. M. M. Montiel, Andrew J]. Davison, Real-time Monocular SLAM:
Why Filter?. IEEE Int. Conf. Robotics and Automation, ICRA 2010.
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Bundle Adjustment in Real Time?

. . . : 2
{Riw, tiw,Xuw; |1 €C,j € P} = Rargmln Z p (||u,;j — T (RiwXuw; + tiw.)”zij)

‘L’u.))t”lex’w] i ]

* The problem is sparse
— Not all cameras see all points!

 But still not feasible in real time
— example: 500 Keyframes and 15k points - 6s

* Local BA or sliding-window BA
— example: 30 Keyframes and 3k points - 200ms

* BA requires very good initial solutions to converge

% Universidad
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Classical .vs. Keyframe-Based Visual SLAM
Classical Visual SLAM Keyframe Visual SLAM
 EKF * Non-linear Optimiz. (BA)
* Vehicle state: last pose

Vehicle state: all poses

« Accumulates linearization Re-linearizes observations

errors around current estimation

« Computes covariance * Avoids covariance
(dense matrix) (maintains sparsity)

» Matching using » Matching using visual
Mahalanobis distance appearance

« Scaling: Local maps « Scaling: Local BA

Gas  Universidad
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BA + Keyframes, what else do | need?
* Which features will | use?
 How to match them?
« How to start when the map is empty?
 How to track the camera pose?
« How to add new points to the map?

 How to make it run in real time?
— Which information to keep, what to throw away?

« What if objects or people move?
 What if | get lost?

 How to detect a loop?

« How to correct drift after a loop?

| 1 % Universidad
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4.1.c A Complete System: ORB-SLAM3

TRACKING
Frame | Extract Initial Pose Estimation
ORB from last frame, Track New KeyFrame
IMU Relocalisation or Local Map Decision
IMU integration Map creation

ATLAS
DBoW2 Active Map |I|l! ‘

KeyFrame

1 1
[ [
[ [
[ [
I MapPoints I Insertion
[ [
I @ I Recent
[ [ MapPoints 5
: Recognition Covisbility : Culling g
I Database Covisibility Graph ]] I New Points | | T
I Graph Spanning I Creation §
! Spanning Tree ' 5
: Tree = : Local BA >
__________________________ ®
. IMU
e it ses kSO Place e Q0gNItION ..., Initialization
; Optimize : Local
Map Full : . Loop :
Update | | BA Eésentrl]al Fusion KeyFrgmes
E rap FERRRRRRRRRRRRRRIRRRRRIZRIELED CompUte Database g Cu"Ing
FULL BA - | optimize ¢ | Sim3/SE3 Query |l& IMU Scale
' [[Welding || Merge |: : Refinement
Essential BA Maps | :
Graph :

Map Merging LOOP & MAP MERGING
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ORB-SLAMS3 Highlights
Visual and Visual-Inertial SLAM
Pin-hole and Fish-eye lens models
* Multi-Map and Multi-Session

» Real-time operation in large environments

Data association with ORB features:
— Short term DA: match with previous images Visual Odometry

— Mid-term DA: match with local map
— Long term DA: Relocation, Loop Closing & Map Merging

C Campos, R Elvira, JJ Gébmez Rodriguez, JMM Montiel, JD Tardds
ORB-SLAM3: An Accurate Open-Source Library for Visual, Visual-
Inertial and Multi-Map SLAM.

IEEE Trans. Robotics, 37(6): 1874-1890, Dec. 2021
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Visual Odometry and Visual SLAM

Systems

UNIVERSIDAD DE ZARAGOZA

1542

3
g g : g 2 |2 o | | 5
ol o |3 151§ | o [2]:],0515]s 8] 4 ¢
ARTR I I A R R HE IR R A
Z = = 5 a4 o= = S = | 2|l Zz2|=|Z|= - = o
MonoSTAM Shi : : : .
[13], [14] SLAM | qomasi | Comelation ( EKF - - v | - - |- - | Fair | Fair | (15]
PTAM Pyramid : Very :
[16L{18] SLAM | FAST LS BA | Thumbnail ; v - - -] Ay | Fair | [19]
L[§(l))]'8[l,;?]M SLAM | Edgelets Direct PG - FAI:)]élAP - v | v - - - | Good Fair [22]
SVO [23].[24] | VO }Flf‘gsr:j Direct [gf” - ; v v -]-]v Gve'yl gz:)’d [25]2
ORB-SLAM2 ) Local DBow?2 Very
21 531 SLAM | ORB | Descriptor | gy DBoW2 | peops | - | v | v [ - | -] -] Exe | ooy | 126l
DSO [271-129] | VO g'f‘:‘ Direct Lgf,,f” ] ] v lv] -] -1v]| Fair gg;yd [30]
DSM [31] SLAM gﬁ}‘ Direct LECA” ] ] IV Gve'yl gg;’d [32]
MSCKF Shi Cross . Very 3
[33}-[36] Vo Tomasi correlation EKF B B - v B oI B Fair Good [37]
OKVIS ) Local Very | ..
[38]. [39] VO BRISK Descriptor BA - - - - - | v | v | v | Good Good [40]
| ROVIO Shi - Very '
[41], [42] VO | Tomasi | Direct | EKF - : S - || Good | Gooy | 1431
ORBSIAM-VI ) Local DBow?2 Very | Very
[4] SLAM ORB Descriptor BA DBoW2 PG+BA -l v - v - - | Good | Good -
VINS-Fusion Shi Local DBoW2 ,
oL, [44] (R e KLT By DBoW?2 -l v -|lv|v|v|v| Good| Excc. | [45]
VI-DSO [46] VO ;fdh Direct LECA"" ; ; N N Gve'yl Exc. ]
f;ﬁ‘.,SlALT vOo | FAST al(slgf)) "EX"’ ] %‘;B oo -] e GV""VI Exc. | [48]
Kimera [8] VO Toﬂ‘;si KLT LECA” - DBF°EW2 £ - | Good | Exc. | 1491
ORBSTAM3 ) Tocal DBoW? ~
(o) SLAM | ORB | Descriptor | pa % peapa | v | v v |v]|v|v Exigsy> (5]
——————
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4.2 Visual SLAM: Tracking
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Lesson 4. Visual SLAM
2. Tracking

a. Overview

Feature Extraction
Feature Matching
Feature Tracking

© o0 T

Camera Model

f. Pose Tracking
Readings:
« Sections lll, IV & V of ORB-SLAM paper
« Section IV of ORB-SLAMS3 paper

G Universidad
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https://arxiv.org/pdf/1502.00956.pdf
https://arxiv.org/pdf/2007.11898.pdf

4.2.a Overview: ORB-SLAM3

TRACKING
Extract iti imati
_ Frame | Initial Pose Estimation
10-30 fr/s ORB from last frame, Track New KeyFrame
IMU Relocalisation or Local Map Decision
200'500 HZ IMU integration Map creation

ATLAS
DBoW2 Active Map q

KeyFrame

] I
I I
I I
I I
| s ]| os2Ks
! I Insertion
I I
| @ | Recent
I [ MapPoints 5
. || Recognition Covisiility ! Culling 2
1 Database Covisibility Graph ]] I New Points | | T
| Graph Spanning 1 Creation §
' Spanning Tree ' 5
: Tree I I : Local BA >
__________________________ (]
. IMU
Loop Correction ... Place recogniion Initialization
: Optimize Local
Map Full : . Loop :
Update BA Eésentrl]al Fusion KeyFrgmes
A E rap FFRFRRRRR R RRRRRRRRRRR LR ComPUte Database g CUIIIng
FULLB : Optimize . ¢ | Sim3/SE3 Query < IMU Scale
When |00p Essential Welding I\Iclergei Refinement
Graph BA aps |
ia Viarans T LOOP & MAP MERGING
When loop/merging 0.5-2 Kf/s == Universidad
(. i) ] Y0
ROBOTICS Juan J. Gémez & Juan D. Tardos 3 i0i  Zaragoza
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Data Association
Short-term DA Mid—term DA

TRACKING A 4
T Extract Initial Pos | ——
ORB Track > New KeyFrame
Local Map Decision
IMU . IMU_ >\/
integration 4 y.
ATLAS : KeyFrame
o
DBoW2 Active Map 1
1
KEYFRAME MapPoints : KeyFrame
MapPoints 1 Insertion
1
I Recent
[ MapPoints r
— . o
Long—term DA " \[ Recognition Covisbilty ||| |\ culine 119
[\ Database Covisibility Graph ] ! New Points | | T
1 Graph Spanning |f L[ Creation §
; N Spanning Tree ! g
' I ! Local BA >
1 | I
_____________ ®
. IMU
LOOR OGO e Initialization
Map Full g ptimi.ze; Local
Update || BA Zsen Il1a KeyFrames
: rap Compute Database Culiing
FULL BA :'llll'lll"lll"lll"lll'f'llf!fll'f'llf'f"' S'm3/SE3 Que
Optimize Y I \ ry ) IMU Scale
Essential || Velding Merge ~—": Refinement
aps :
Graph :
e o™ S O A MERGING ™
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Camera Tracking

TRACKING
Frame Extract Initial Pose Estimation
ORB from last frame, Track New KeyFrame
MU Relocalisation or Local Map Decision
IMU ' integration Map creation

« Camera tracking is performed at the Tracking thread
* Works at frame rate (typ. 10-30 frames per second)

Main goals:
* Find feature matchings
« Compute the camera pose

s Universidad
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Tracking Requirements
Monocular, Stereo, RGB-D, Visual-inertial

Pin-hole and Fisheye lenses

Automatic map initialization

Short-term and Mid-term data association

Relocalization after tracking failure

. o . ... P . O
O ® O
LY
b ‘1 1
e ?14
1 Short
term

| ﬁ 1 % Universidad
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Image Processing

Extract ‘ Initial Pose Estimation
ORB from last frame, Track New KeyFrame
MU Relocalisation or Local Map Decision

IMU

Map creation

| integration

* Prepare each incoming image to be used in the
SLAM pipeline (build a Frame object):

— Convert images to grayscale (if needed)
— Extract FAST features in an image pyramid
— Compute ORB descriptors

s Universidad
R%TICS Juan J. Gémez & Juan D. Tardés 7 i Zaragoza
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4.2.b Feature Extraction
Local Features, Interest points, Keypoints

« Detector: find local maxima of a certain operator

Harris detector DoG detector

qinal |
original image (corner-like) (blob-like)

« Descriptor: to recognize the feature in new images

& s Universidad
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Feature Requirements

Repeatability

Accuracy

Invariance
— [llumination
— Position

— In-plane rotation
— Viewpoint
— Scale

Efficiency

A i T =" g - : 7 .\‘,
' % SOSER =
Juan J. Gbmez & Juan D. Tarddés i




Corner detectors
 Harris Matrix or Moments Matrix:

=l -1

— I I, Image gradients
— w: circular weights (uniform or Gaussian)
— < >: sum over the image patch (u,v), weighted with w

 Harris detector:
M, = detA — atr* A = A do — (A + Xo)? a=0.04. 0.15

 Shi-Tomasi detector:

Mc = min()\l, )\2> ()\1, )\2) = GZQ(A)

% Universidad
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Good for Tracking using Correlation

RIGHT Image

50

100

150

200

50 100 150 200 250 300

Shi-Tomasi points

Predict position in next image (@10-30 Hz)
Search by normalized correlation with a 11x11 patch

Juan J. Gbmez & Juan D. Tarddés 11
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FAST corner detector

HEN N

Dl
HEEEgsT
HXdEENE
EEEEEN "
1| B[ B
HERENN S
LA
ST el
{fefols] [ ][]

]

[ ] H
L L1 | holefsl | | | 88
HEEEEEEEEEEEN

— Find pixel p surrounded by n consecutive pixels all brighter (or
darker) than p

— Much faster than other detectors

E Rosten, T Drummond , Machine learning for high-speed corner detection,
European Conf. on Computer Vision 2006

& i Universidad
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Blob detector using LoG
« Gaussian Filter (scale t) L(z,y,t) = g(z,y,t) * f(z,7)
Laplacian of Gaussian (LoG) V°’L=L,.+ L,

Normalized LoG V2, L(z,y;t) =t(Ley + Lyy)

0.5

0

-0.5

1

-1.5f

Feature detector:
(i‘ 2-7 tA) ginas l'Illl']J.OC"‘ll(I y;t) (V;wrm (I7 Y, tn

— Strong response for blobs of size +/t

& s Universidad
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SIFT detector: Difference of Gaussians

 LoG = Difference of Gaussians DoG:

V?L(z,y;t) = 2 (L(z,y;t+ At) — L(z,y; t — At))

2At

>cale ﬁ/\/b =
(next e .
octave) | == g /‘//:;g > =

A =
i
P =
P i i i i =
i 2 =
= e e
e i i i i i
P =
i 2
— = e
LT e
————— e
=
——
= = = —— e
e e
= = = =
L P e 2
Z A L
Scale =
= e T i s
. ==
P —
=< oo T -
e P e
e e
OCtaVe) = = = i = = =
A
,,,,,,, =
i
7 D A A ——_———
= > = = =
A =
i ———
i i i i
= =
e i i i
- = =
e = =
,,,,,,, = — )l,,,,,,,, =
e
P =
Z
A
e =
= .
== e Difference of
Juan J. Gbmez & Juan D. Tardds 14

Search for maxima in
space and scale

J L L LS L L

VA =y =Y )y
VA A =y =) =

< L L L L LS

Scale S e
7 e
VA ==Y a4

L L L L LSS
VA = =N
S e S
Y )
L L L L LSS
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Automatic Scale Selection

AFMMTTTIIT T T T 7P 7T 7 1T T 1 T T T T T T T i_4||||||i||||||||||

2.0 ltl.}e 19. 2.0 .29 ccale 12

Fig. 3.5 Example of characteristic scales. The top row shows images taken with different
zoom. The bottom row shows the responses of the Laplacian over scales for two corre-
sponding points. The characteristic scales are 10.1 and 3.9 for the left and right images,
respectively. The ratio of scales corresponds to the scale factor (2.5) between the two images.
The radius of displayed regions in the top row is equal to 3 times the selected scales.

CE.

UNIVERSIDAD DE ZARAGOZA
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SIFT Descriptor

® Histogram of 8 gradient orientations in 16 areas of 4x4
pixels around the detected keypoint

Eje X de la Imagen

Eje Y de la Imagen

+ 128 bytes (floats): 16 areas x 8 histogram bins

& i Yniersidad
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Binary Descriptors: BRIEF
 Computed around a FAST corner

BRIEF descriptor:

Dy(p) { 1 if I(p+x;) < I(p+yi)

0 otherwise

—D(p)=[100110001...]

e Binary string, 256 bits in length.

e |t is not invariant to scale or rotation.

«zs  Universidad
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Popular Features for Visual SLAM

Detector Descriptor | Rotation Automatic | Accuracy | Relocation | Efficiency
Invariant Scale & Loops

Harris Patch ++++ ++++
Shi-Tomasi Patch No No ++++ - F+++
SIFT SIFT Yes Yes ++ ++++ +
SURF SURF Yes Yes ++ ++++ ++
FAST BRIEF No No +++ +++ 4+
FAST ORB Yes No +++ +++ ++++

 ORB: Oriented FAST and Rotated Brief
— Detect FAST and compute orientation (gradient direction)
— Rotate the Brief pattern and obtain 256-bit binary descriptor
— Fast to extract and match (Hamming distance)
— Good for tracking, relocation and loop detection

Rublee, E., Rabaud, V., Konolige, K., & Bradski, G.
@ ORB: an efficient alternative to SIFT or SURF, ICCV 2011

"""" Universidad
Zaragoza
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Feature Extraction and Description

TRACKING
Extract ‘ Initial Pose Estimation
ORB from last frame, Track New KeyFrame
Relocalisation or Local Map Decision

IMU
integration

Map creation

IMU

Multi-scale ORB detection

— Goal: match features when they move
farther or closer to the camera

— Pyramid of scales (Gaussian filtered)

— 8 scales with a scale factor of 1.2
(aprox. 2 octaves)

— This can be parametrized in the
calibration file

— ORB features may appear at the same
pixel on several scales

is  Universidad
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Distribute Features in the Image

FAST th=20, many empty area

wss  Universidad
i Zaragoza

FAST th=20-7, better distribution
20

Juan J. Gémez & Juan D. Tardés




4.2.c Feature Matching

« Compare descriptors to get putative matchings

— SIFT: Euclidean distance; ORB: Hamming distance
— Improves using ratio to second neighbor

 Remove spurious matchings
— Search for consensus with a robust technique: RANSAC

«zs  Universidad
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The Problem of Spurious Matchings
« Least-squares is very sensitive to spurious data
« A single spurious match may to ruin the estimation
* Leverage point:

o O

O \Oe\e\
(@
o

— Removing the points with higher residuals DOES NOT SOLVE
THE PROBLEM

% Universidad
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RANSAC: RANdom SAmpling Consensus

RANSAC (P) return M and S
-- P: set of potential matches
-- M: alignment model found (requires at least k matchings)
-- S: set of supporting matches
for i = 1..max_attempts
Si €& choose randomly k matchings from P
Mi € compute alignment model from Si
Si* € matchings in P that agree with Mi (with tolerance ¢ )
if #(Si*) > consensus_threshold
Mi* €< compute alignment model from Si* (using least squares)
return Mi* and Si*
end if
endfor

return failure

«zs  Universidad
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Two View Model: Epipolar Constraint

epipolar plane

epipolar
lines

v
(R.T)
 Vectors t=c,—-cy,, Pp-Cy, p—Cqy Must be coplanar
T
 Epipolar constraint: X, EX.,=0
0 -t ¢, ]
» Essential Matrix: E — [t] R=| ¢ 0 -t IR
|~ ty [, 0 |
& G Universidad
Juan J. Gbmez & Juan D. Tardds 24 11
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Matchings in 2 Frames = 3D Points and Motion

* Find E:
— 9pt or 8pt algorithm

e E-> Ri’ti

— 4 solutions

 Triangulate points
— Choose good solution

e,

(R SN
G TO INITIALIZE

7
Monocular 2 Unknown Scale!

Universidad
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Matching Problems

Problem Model to find Basic Min. # of | Minimal
Equation matches | solution

Camera Pose P3P
Location ~ Wijs Xwj T, i (Tiw Xewj ) 6 3 PnP
Initialize Essential Matrix -

U145, U2, o A
3D scene Jo 927 E, = [t] R ujEppug; =0 5 5 5-point

X 8-point

Initialize Homography
2D scene 115> U2j H,» u;; = Hipup; g 4

G Universidad
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Limitations of Feature Matching

* Features extracted and matched in every frame

— FAST features are not totally repeatable

— ORB descriptors have some noise = Flickering matches

= HS «

test

)
)
B
B
a
L
S
i3
)

F O B = 1554

= ORB_SLAM2_comp Examples |

& Pr == a ameDrawer.c (m FrameDrawer. i perceptin_v1_2_ORBSLAM.yaml « -=: g

I 1:Project
«

ORB-SLAM2: Current Frame
¥ N %

" @

SLAM MODE | KFs: 6, MPs: 616

(K]
a
Qz
Srvyw

k

o 185:17 LF: UTF-8 : 4spaces : C onIa] B l"’*‘;”i rSidad
Juan J. Gbmez & Juan D. Tardds 27 AL Zaragoza



4.2.d Feature Tracking (Lucas-Kanade)
 Goal: robust and stable feature tracks

e’ tI@OPLOHY

NOT IMU INITIALIZED
(x=16.v=301) ~R:176 G:176 B:176

ias  Universidad
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Optical Flow

« Estimate apparent motion between succesive images:
d =_(de dy)

& s Universidad
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Optical Flow

argmin »  (I(x)—J(x+d))’

« Assuming brightness constancy:

I(z,y,t) = I(z + Az,y + Ay, t + At)

« Assuming small motion:

I(z + Az, y + Ay, t + At) = I(z,y,t) + gAaz + gAy-l— gAt
Ox Oy ot

* Optical Flow Equation:
oI oI oI
—Az+ —Ay+ —At=0
Tl Ve A

* O oI oI oI 1 equat |

- quation per pixel

%V;’ + 3_3/% + ot 0 2 unknowns

G Universidad
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Lucas-Kanade Method

« Stack equations for n pixels in a window (q;):
-~ Assumes same motion V, V,

- Assumes no camera rotation
I(q1)Ve + Iy(q1)Vy = —Ii(qn)

I (q2)Ve + Iy(q2)Vy = —I;(q2)

Gradient

Sebres

Ia: (Qn)V:v + Iy(Qn)‘/y - _It (q'n)

« System of equations:

I (q1)

I, (q2)

_I:v (Qn)

Juan J. Gémez & Juan D. Tardés

Iy(Ql)-

I,(g2)

I,(gn) |

31

[ —I;(q1) |

—I;(g2)

| —1:(gn) |

Universidad
Zaragoza



Lucas-Kanade Method
 Solution: v = (AT A)"1 AT}

[Vm] SiL(@)? YiL(@)(a)] [ L(a)k(a)
DR ACHIACH > 1y (‘Ii)z =i Ly(ai) I (a)

Vy

« With weighted window (typ. Gaussian weights) :

v=(ATWA) TATWDb

|:V};:| > wily(g)? > wily (gi) I, (gi) | - [— > wz'Ia:(Qi)It(q'i):|
| Diwile (@) y(a) Y wily(g)? >

Harris Matrix

L(x)=1I1(x)—J(x+d)

wss  Universidad
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Lucas-Kanade method

« Pyramidal processing to
estimate large motions

At each level, iterative
solution for window flow

» Able to get subpixel accuracy

& i Universidad
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Lucas-Kanade for SLAM?
Main hypothesis

. - KLT Pyramidal
Small displacements Processing

» Brightness constancy x

* No camera rotation x

Sebres

% Universidad
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Failure of Brightness Constancy

& i Universidad
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Changes of Brightness, Orientation and Scale

e Basic OpthaI flow argmin Z (I(x) — J(x +d))
d xEP(u)
* Brightness changes: argmin 3 (I(x) — aJ (x +d) — 5)°
d,e.p x€P(u)
O‘:Z_j B = pr— g

 SLAM pose estimation - Homography

— Compensates patch rotation and scale change

p| |
A N
b Hi =K - 'R, - K~ i
Ay WA J 9 u _dEh . 9
AN o™ aromin E [(x)—aJ(Hx)+d) -8
| £ﬁ====‘. : l‘ir w ¢ dga 5 ( ( ) ( ( ) ) , )
iF W | P xeP(u)
-y YR P

% Universidad
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Modified Lukas-Kanade Method
* Modified optical flow

argmin Z (I(x) —aJ (H(x) +d) — )

d,a,p x€P(u)

e |terative solution:
v=(ATWA)1ATWb

[V;] T Siwile(@)? Y wile () (a)] [— > wily (q,-)It(q,-)]

Vy Diwile(a)y(e) X wily(e)? | L—22 wily(a) (@)
a="0 B=p— 1(x) = [(x) — a (H(x) + d) — 3

G Universidad
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Example

Brightness and Rotation

Brightness Compensation

is  Universidad
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SLAM Example using KLT

Juan José Gomez, Robust tracking of visual features for medical image
sequences in ORB-SLAMZ2, Ms. Thesis, Univ. Zaragoza, 2019

x ORB-SLAM2: Map Viewer

D Follow Camera
[CIShow Points
[“Ishow KeyFrames
[IShow Graph

DLocalization Mode

‘ Reset

SLAM MODE | KFs:




Features: Matching .vs. Tracking

« Feature Matching (using descriptors)
— Extracts features in all frames
— Some features fail to be extracted or matched
— Good for short-term, mid-term and long-term data association

» Feature Tracking (optical flow)
— Extracts features only in keyframes
— Gives more stable tracks
— Good for short-term data association = Visual Odometry

% Universidad
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4.2.e Camera Model

1. Visual sensor setups:
— Monocular cameras
— Stereo cameras (rectified images)
— RGB-D cameras (implemented as a virtual stereo)

2. Projection models:

— Perspective (Pin-hole, or standard projection)
— Fish-eye (Kannala-Brandt model)

& s Universidad
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Camera Model Abstraction

 Different Camera Models can be supported abstracting
the functions required by the SLAM pipeline:

— Projection, unprojection and Jacobians

 Example: Pinhole and Kannala-Brandt

/A GeometricCamera.h Z Pinhole.h/.cpp
project(point3D) : point2D project(point3D) : point2D

unproject (point2D) : point3D implementatior> unproject(point2D) : point3D

projectJac(point3D) : matrix2x3 projectjac(point3D) : matrix2x3

Interface ﬂ KannalaBrandt8.h/.cpp
T Ou  Ou Ou
] — Oz Oy 0z . . .
Y ) J ( v dv v > project(point3D) : point2D
. Oz Oy Oz . . .
- unproject(point2D) : point3D
_1(:u ) projectJac(point3D) : matrix2x3
s
v

«ss  Universidad
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Monocular, Stereo and RGB-D

TRACKING
Frame Extract Initial Pose Estimation
ORB from last frame, Track New KeyFrame
IMU Relocalisation or Local Map Decision
IMU ' integration Map creation
— Monocular: extract ORB
fe atu res Rectified Stereo Stereo
. Left | . |Extract| | Stereo Keypoints
— Stereo: extract ORB features in Image | "] ORB_[™™|Matching Mono
both images and match them. Right | , [Extract REYRoinE
Image ORB

Compute disparity

— RGB-D: extract ORB features.
Use Depth image to compute a
virtual stereo image

R%TICS Juan J. Gomez & Juan D. Tardos

Registered RGB-D

Stereo

Image

»

Depth-
map

Extract
ORB

Generate Keypoints
Stereo
Coordinate Mono

Keypoints

44
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Monocular, Stereo and RGB-D (ideal pin-hole)

« Monocular:

fo + Cy
x =1, (Xe)=|"72 . Xe=[X,Y, 21", x=[uv]"
Y
fy? T Cy
e Stereo: - .
fos + Ca
x=m,(Xe)= | fux+c, |, Xe=[X,Y,2]", x=[ug,vr,ugr]
Ianndl
CCb’I"
+ RGB-D: Uy = U — Jobrgha
d
e BA:

{Riw, tiw,Xw; |1 €C,j € P}* = argmin Z p (||uij — T (RiwXuwj + tiw)”ij)

iw s Ciw s Xwi - -
Twiw - w
J 2,]

& T Universidad
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Some details

{Riwatz’waij IZ S C*] € P}* — a’rgnlin ZID (”u?'] — T (R'Z'wx'w] + tZ'LU)“;U)

iw s Ciw Xwi - -
rwiw - w,
J 2,]

« Assumption: the camera has been calibrated
— Focal lengths and principal point are known
— Distortion parameters = Image rectification

 pn( ) robust cost function (i.e. Huber cost) to
downweight wrong matchings

Ideal Pin-hole

. X =0, Ibx2  std. dev. typically = 1 pixel * scale

& 7 Universidad
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Close and Far Points

* Green points: depth <= 40 x baseline
— Essential to compute camera translation

* Blue points: depth > 40 x baseline
— Good to obtain camera orientation

& T Universidad
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Fish-Eye Lenses

Pinhole Fisheye

Typical FOV: 90°-100° Can reach FOV > 180°

- Robust to occlusions

- Faster mapping

& 7 Universidad
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Fish-Eye Lenses

Rectilinear

( Perspective
also called |Standard
projection )

Stereographic quidista

( Fisheye typical, i.e.ordinary, projections )

Orthographic

Olhjject space r
A
2t
o
(=]
®
=
w— [ £
k)
3|5
c|=
Q'
L © 8
Optical center § E|®
I 8
| g
| ‘@' 1t
| fal
I
|
 f
|
I
|
I
|
' 0
T f* sin (8) Image plane 0

2f * sin (6/2)

f*o

2f * tan (6/2)

f * tan (8)

UNIVERSIDAD DE ZARAGOZA

Principal point
= Center of distortion ©)
= (Image center)

Juan J. Gbmez & Juan D. Tarddés 49

us Angle from lens axis ™ ()
2 in the Object Space

(90°) (180°)
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Fisheye Rectification?

Fish-eye image, FOV = 190°

Problems of rectification:
* Loss of effective FOV

* Difficult to match features

— Objects near corners are
enlarged!

Rectified to f = 100, FOV = 150°

& s Universidad
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AM2

SLAM with the Original Fisheye Images

5 AN
<75

R < el

" SO ;:z ;

200th Frame of the sequence.

Juan J. Gbmez & Juan D. Tarddés
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SLAM with the original Fisheye Images

« Faster and more accurate mapping

(a) Frontal view of the map (b) Top view of the map

«zs  Universidad
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Kannala-Brandt Model

« Equidistant projection + polynomic angle distortion

Projection:
_ |/ d(6) % Cx
w(x) = ato) | ]
r=+/x*+y2,

6 = atan2(r,z),
d(0) =04k 0> +k 0 +k30" + k46’

r Rectilinear i | Stereographic
|
|
|

g+ |

g |

8 I

]

2l 1}

o : Orthographic
I
|
I

1 jud Angle from lens axis ™ 0
2 in the Object Space
(90°) (180°)

Juan J. Gémez & Juan D. Tardés 53

Unprojection:
sin(6*) =
7~ (u,i) = [sin(6*) %
cos(6*)
U—Cx
nm, — fx ?
V — C\r
m, = '
) fy
9* b d_l (ru)
i Universidad
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4.2.f Pose Tracking

TRACKING
Frame Extract Initial Pose Estimation
ORB from last frame, Track New KeyFrame
MU Relocalisation or Local Map Decision
IMU ' integration Map creation

1. If SLAM is not initialized:

— Automatic map creation

2. If tracking failed in last image:
— Relocalisation or new map creation

3. Normal tracking:
— Pose estimation from last frame (short-term DA)
— Track local map: pose correction (mid-term DA)
— New Keyframe decision

3 Universidad
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Map Initialization

TRACKING
Frame Extract Initial Pose Estimation
ORB from last frame, Track New KeyFrame
IMU Relocalisation.gr Local Map Decision
IMU | integration

« Monocular:
— Homography / Fundamental matrix computed from 2 views
— Up-to-scale map

o Stereo and RGB-D :

— Initialization from 1 image with sensor depths
— Real-scale map

«zs  Universidad
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Monocular Map Initialization

From 2 Frames, match ORB features (brute force)
Compute in parallel an Homography and a Fundamental matrix with RANSAC:

T
Xx. =H.x, x.F.,x,=0
Select model according to the following score: s, =" (par (2 (

(3

Xi Xi M)) + p]\/l(dzc (Xi’ X:’" ]\l)))

c) T

Reconstruct cameras and map points
* Run a Bundle Adjustment

wss  Universidad
ili  Zaragoza
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Monocular Map Initialization

Model Selection

=

Homography <
(Planar, Low Parallax) ‘3
o

Fundamental Matrix | O

(General) NI‘IT NITIALIZED

=

<

o
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Pose Estimation: 2 Steps

TRACKING

Frame Extract Initial Pose Estimation
ORB from last frame, Track New KeyFrame
IMU RE10C3 ol Local Map Decision
L integration .

Short-term /] Mid-term -
Data Association ] .1t Data Association
/ MaLpochilnts i
/e jo b ) il YL Notused by

S . i VO systems!!

First step:
Track from
previous Frame

Juan J. Gémez & Juan D. Tardés

Second step:

Match points from

the local map

58
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Pose Estimation: 1) from Last Frame

TRACKING
Frame Extract Initial Pose Estimation
ORB from last frame, Track New KeyFrame
MU Relocalisation or Local Map Decision
IMU ' integration Map creation

First estimation of the current camera pose:

* Predict the current camera pose using IMU integration
or constant velocity model

* Project points seen in last frame and search for ORB
matches (15-30 pixels window & Hamming < 100)

* Run first pose-only optimization
)

3 Universidad
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Pose Estimation: 2) Track Local Map
TRACKING

Frame Extract Initial Pose Estimation
ORB from last frame, Track New KeyFrame
MU Relocalisation or Local Map Decision
IMU ' integration Map creation

Second step to refine the camera pose:

* Find points in local map that can be visible in the current
frame but have not been tracked

* Project them in the current frame and search for ORB
matches (4 pixels window & Hamming < 100)

* Run second pose-only optimization

{Riw, tin} = argmin Z P (”uz'j — T (RiwXw; + tiw)|

iwvtiw ]

2
Eij

* Forinliers, update median ORB descriptor

s Universidad
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Tracking: Occlusion Handling

Covisibility Graph

Track only a local map
(potentially visible)

Point Viewinqg Direction

ORB-SLAM

Do not project if
further than 60°

PTAM

F\’%TICS Juan J. Gémez & Juan D. Tardés 61 i

Zaragoza
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Tracking Failure: Relocalisation
TRACKING

Extract

Frame [ ORB Track New KeyFrame

Local Map Decision

Relocalisation

Al

When the camera tracking fails, enter relocalisation mode:

e Search the Bag-of-Words database with the current
Frame, to find the most similar Keyframe

« Match ORB features between Frame (2D points) and
Keyframe (3D points)

* Run PnP with RANSAC to recover the camera pose

 |f a pose is found, run pose-only optimization
* And track local map

«zs  Universidad
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Tracking Failure: Relocalisation

TRACKING
Dnco Dradi inn or
Frame [—>» Eét';aéct Relocalisationfor Track New KeyFrame

Al

el Local Map Decision

We solve de PnP problem with the MLPnP algorithm:
* Independent of the camera model

» Uses projection rays to solve the camera pose
— Valid for pinhole and fisheye cameras

S. Urban, J. Leitloo, S. Ninz: MLPnP — A Real-Time Maximum Likelihood
Solution to the Perspective-n-Point Problem, Arxiv preprint, 2016
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ORBSLAM Robust Tracking

[IFollow Camera g : P s .
[“Ishow Points : .

_lShow KeyFrames

[_Jshow Graph

_'Localization Mode

Reset

[“Ishow Trajectory

ORB-SLAM2: Current Frame

Universidad
Zaragoza
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69156 - Simultaneous Localization and Mapping (SLAM)

4.3 Visual SLAM: Mapping

Juan D. Tardés, Juan J. Gomez
Universidad de Zaragoza, Spain
robots.unizar.es/SLAMLAB

25 Universidad
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robots.unizar.es/SLAMLAB

Lesson 4. Visual SLAM

3. Tracking

d.

© o0 T

Overview

KeyFrame & MapPoint creation
KF & Point management

Local Bundle Adjustment
Running and tuning

Readings:
e Sections lll, & VI of ORB-SLAM paper

Juan J. Gbmez 2

[TQ
ifi
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https://arxiv.org/pdf/1502.00956.pdf

4.3.a Overview

TRACKING
Frame | Extract Initial Pose Estimation / \
ORB from last frame, Track < New KeyFrame >
IMU Relocalisation or Local Map Decision
IMU " integration Map creation \/

KeyFrame

] I
| |
I PBoW2 Active M}\ ! 1T\
I 1 / y
// KEYFRAVE vappoints ) ({1 M korreame 1
MapPoints ! Insertion
|
KeyFrames I Recent
| MapPoints 5
Recognition Covisbility Culiing g
Database Covisbility Graph ] | New Points | |
Graph Spanning i Creation §
Spanning Tree \ : 5
Tree | ! Local BA E
2 [t — _.l o
, IMU
O T e ceeeees Place recognition ..............\., Initialization
: Optimize . Local
Map Full : . Loop
Update | | BA Eésentrl]al Fusion KeyFrgmes
E lllllllll';?l?'ll'llllll'll'll'llllllfllfl CompUte Database CUIIIng
FULL BA - I Optimize Sim3/SE3 Query |l& IMU Scale
: o] || Welding || Merge : \| Refinement
: || Essential BA Maps N y,
E Graph ‘\/
o e e e T
1 % Universidad
ROBOTICS Juan J. Gémez 3 i Zaragoza
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Map Components

* Frames are the basic data structure to store image
information: features, descriptors, camera pose, ...

 The map is composed by two elements:
— Map Points: represents a 3D landmark
— Key Frames: a Frame that carries high visual innovation

Frame [~
A Map.h/cc

MapPoints

Keyframes
Active Map
/\
- MapPoint.h/cc 4 KeyFrame.h/cc

3D position CameraPose

«zs  Universidad
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Local Mapping Overview

« Local Mapping is the task in charge of:
— Inserting new KeyFrames
— Triangulate new MapPoints
— Some map managing operations:
» Recent MapPoints culling
» Local KeyFrame Culling

— Refine the local map by running a local Bundle
Adjustment

« This thread runs at KeyFrame frequency
(typically 0.5 - 2 KF/s)

R%TICS Juan J. Gémez 5

KeyFrame

Y

KeyFrame
Insertion

Recent
MapPoints
Culling

New Points
Creation

Local BA

IMU
Initialization

Local
KeyFrames
Culling

IMU Scale
Refinement

A0l Zaragoza

1542

ONIddVIN TVOO1
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4.3.b KeyFrame & MapPoint Creation

TRACKING
£ Pose Pr(_edic_tion or Fraci New KevF

Frame | —>| “ora || Relocatsatonor I \ocarmap
If the tracking was successful, Insert a Keyframe if:
decide if promoting the current * Tracking is weak (low
Frame to Keyframe number of tracked
 Insert as many Keyframes boints) or

_ y Rey » More than a certain

as pqssmle to make the number of frames

tracking robust to fast have passed from last

camera motions Keyframe or
» Redundant Keyframes will * Local Mapping is idle

be removed later

2s  Universidad
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KeyFrame Insertion

« Add KeyFrame to the map

« Compute its Bag of Words and insert it into
the recognition database to be used for
future loop closing and relocation

R%T (@] Juan J. Gomez 7

I
KeyFrame

KeyFrame
Insertion

Recent
MapPoints
Culling

New Points
Creation

Local BA

IMU
Initialization

Local
KeyFrames
Culling

IMU Scale

Refinement

&
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New MapPoints Creation

As KeyFrames carry novel visual information,

try to add points to the map

Match features in the new Keyframe with

features in covisible KeyFrames

And triangulate new MapPoints
Checks for new points:

— enough parallax

— positive depth

— small reprojection error

R%TICS

Juan J. Gbmez 8

I
KeyFrame

Y

KeyFrame
Insertion

Recent
MapPoints

Culling

New Points
Creation

Local BA

IMU
Initialization

Local
KeyFrames
Culling

IMU Scale

Refinement
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4.3.c Point & KF Managing KeyFrame

ONIddVIN TVOO1

» Every time a new KeyFrame is inserted,... V
. KeyFrame
* Try to keep the local map as small as possible: | | insertion
— Removing duplicated or unused MapPoints due to Recent
bad feature matching Mgpli_oints
. ulling
— Removing redundant KeyFrames due to the fast
; : - New Points
KeyFrame insertion policy Cremtion
Local BA
IMU
Initialization
Local
KeyFrames
Culling

IMU Scale
Refinement

i

3 Universidad
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Point & KF Managing

* A MapPoint is considered unused if:

— It has not been seen in the 2 following
KeyFrames after its triangulation

— It has not been matched in at least 25% of
Frames that should see the point (the point lies
inside the Field of View of the camera)

« A KeyFrame is considered redundant if:

— At least a 90% of its matched MapPoints are
seen by at least 3 other KeyFrames in the same
or finer scale

R%TICS Juan J. Gémez 10

I
KeyFrame

Y
KeyFrame
Insertion

Recent
MapPoints
Culling

New Points
Creation

Local BA

ONIddVIN TVOO1

IMU
Initialization

Local
KeyFrames
Culling

IMU Scale
Refinement

f
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4.3.d Local Bundle Adjustment

 After point creation, perform a Local Bundle
Adjustment to refine KeyFrame poses and
point positions

* The local map is composed by the current
KeyFrame, its covisible KeyFrames and all
the points they see

* The rest of the map remains fixed to avoid
drift

« Local BA complexity depends on KeyFrame
density, not in the total map size!!

R%TICS Juan J. Gémez 11

I
KeyFrame

Y
KeyFrame
Insertion

Recent
MapPoints
Culling

New Points
Creation

Local BA

IMU
Initialization

ONIddVIN TVOO1

Local
KeyFrames
Culling

IMU Scale
Refinement
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Local Mapping

TRACKING
Frame | Extract Initial Pose Estimation
ORB from last frame, Track New KeyFrame

Relocalisation or Local Map Decision
MU M tion Y
IMU integration ap creatio y
: ATLAS : KeyFrame
I DBoW2 Active Map 1
| KEYFRAME : <oyFrame
i DATABASE MapPoints 1 Insertion
I : I
I Vocabulary / I MapPoints | | B
: Recognition Covisbility : Culling g
I Database < ovisbiity Graph ]] I New Points | | T
[ L Graph ~W [ Creation §
! i Tre€ I T
Spanning ~ ﬁ‘\ ]
[ Local BA () =
: Tree = ‘ 1“( A L %
IMU
Loop Correction Place recognifion . ........., Initialization
: Optimize Local
Map Full : . Loop ;
Update | | BA Eésentrl]al Fusion KeyFrgmes
E ra?l'll'lll'll'll'll'll'fl'fllfl COmPUte Database g CUIIIng
FULL BA - I Optimize . ¢ | SImM3/SE3 Query  |lq IMU Scale
Essential || Velding I\Iclerge Refinement
Graph BA aps
MapMerglngLOOP&MAPMERGING
% Universidad
Juan J. Gbmez 12 A8l Zaragoza
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Covisibility Graph and Essential Graph

0: number of common points

6. =15 0. =100

Used for Local BA, Used for Loop Correction
instead of sliding window

W Universidad

Juan J. Gémez 13 Zaragoza
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Local Bundle Adjustment (BA)

\ J

)
\ h .
oy N

IC1  Current Keyframe & Covisibles

Local Map: 4 P;  Points seen by K1(in red)

| K2 Rest of Keyframes that see P

Local Bundle Adjustment

(Twxus i € Kio G €PY —argmin S p(Jhug = 7 (TruxalI3, )

‘ f Tiw Xuwj ke{lC1,’32},je’P1
I /
Variable Constant, they anchor the map

& 7 Universidad
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ORBSLAMS3 Tracking & Mapping Times (ms)

System ORB-SLAM?2 ORB-SLAM3 ORB-SLAM3 ORB-SLAM3 | ORB-SLAM3
Sensor Stereo Monocular Stereo Mono-Inertial Stereo-Inertial
Resolution 752 %480 752 %480 752 %480 752 %480 752 %480
Settings Cam. FPS 20Hz 20Hz 20Hz 20Hz 20Hz
IMU - - - 200Hz 200HZ
ORB Feat. e 1000 1200 1000 1200
RMS ATE 0.035 | 0.029 0.028 0.021 0.014
Stereo rect. 3.074+0.80 - 1.32+0.43 - 1.60+0.74
ORB extract 11.20+2.00 12.40+5.10 15.68+4.74 11.98+4.78 15.22+4.37
Stereo match 10.38+£2.57 - 3.35+0.92 - 3.38=1.07
Tracking IMU integr. E - E 0.18£0.11 0.22+0.20
Pose pred 2.20+0.72 [.87+0.68 2.69+0.85 0.09+0.41 0.15£0.71
LM Track 9.89+4.95 498+1.65 6.31x2.85 8.22+2.52 I11.51+£3.33
New KF dec 0204043 0.044-0.03 0.12+0.19 0,05+0.03 0.183+0
30-40 fps [ Total | 37.877.49 | | 21.52+6.45 31.48+£5.80 23.22+14.98 33.05+9.29
KF Insert 8.72+3.60 0.25+4.62 8.03+2.96 13.17+£7.43 8.53+2.17
MP Culling 0.251+0.09 0.09+0.04 0.32+0.15 0.07+0.04 0.24+0.24
Mapping MP Creation 36.88+14.53 22.78+8.80 18.23+9.84 30.19+12.95 23.88+9.97
LBA 139.61+124.92 216.95+188.77 | 134.60+£136.28 | 121.09+44.81 152.70+38.37
KF Culling 4371473 [8.88+12.217 5.4015. 26.25+17.08 [1.15+7.67
3-5 KFs/s| Total |173.81:I:l39.07| ] 266.61£207.80 | 158.84+147.84 | 191.50+80.54 | 196.61+£54.52
Map Size KFs 278 272 259 332 135
MPs 14593 09686 14245 10306 9761

Intel Core i7-7700 @3.6 GHz, 32 GB

Juan J. Gbmez
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4.3.e Running and Tuning

« Create a main file where you define
the SLAM system:

— Create an ORB_SLAMS3::System object Examples \
— Input images to the system with one of the | [Monocuary [ stereo |
following methods: mono s | Thono kit o

» TrackMonocular(image)

» TrackStereo(image) nan
» TrackRGBD(image)

— These methods return the camera pose

prediction A System,h/cc
* You must provide a calibration file |
. . . Tr‘ackMonocular‘_(lmage) : SE(3)
according to your camera calibration ool inage) sy

3 Universidad
R%-HCS Juan J. Gomez 16 iii Zaragoza
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Calibration Files

These .yaml files contains:

« Camera parameters:
— Type of camera model

— Calibration parameters
Examples \
— Etc...
Monocular\ Stereo \
 ORB parameters: TUM1.yaml TUM1.yami
KITTlLyaml KITTlL.yaml
— Number of features to extract
— Number of scales

— Scale factor

« Some visualization parameters

Adjust them according to your needs!

3 Universidad
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Things that can be Tuned up

Apart from the calibration file, you can tune up:
 Minimum parallax required to triangulate a point

KeyFrame insertion policy
ORB matching thresholds
Number of iterations of the Bundle Adjustments

Criteria for deleting MapPoints and KeyFrames

| 1 % Universidad
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69156 - Simultaneous Localization and Mapping (SLAM)

4.4 Visual SLAM: Place Recognition

Juan D. Tardds, Richard Elvira
Universidad de Zaragoza, Spain
robots.unizar.es/SLAMLAB

wss  Universidad
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robots.unizar.es/SLAMLAB

Lesson 4. Visual SLAM
4. Place Recognition

a. Overview
b. Bag of Words
c. Relocation
d. Loop closing

Readings:

« DBoW2 paper

« Section VIl of ORB-SLAM paper
» Section VI of ORB-SLAMS3 paper

& 7 Universidad
Richard Elvira 2 il Zaragoza



http://doriangalvez.com/papers/GalvezTRO12.pdf
https://arxiv.org/pdf/1502.00956.pdf
https://arxiv.org/pdf/2007.11898.pdf

4.4.a Place Recognition

Do | know
this place?

z-

Sebres

UNIVERSIDAD DE ZARAGOZA
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Uses of Place Recognition

1. Relocalization (when tracking is lost)
» Frame vs KeyFrame (2D-3D matches)
» Compute camera pose with PnP algorithm

2. Loop Closing (correct the accumulated drift)
» KeyFrame vs KeyFrame (3D-3D matches)
» If monocular align KeyFrames with Sim3 (scale and pose)
» Else, align KeyFrames with SE3 (pose)

3. Map Merging (merge independent maps)
» KeyFrame vs KeyFrame (3D-3D matches)
» If monocular align KeyFrames with Sim3 (scale and pose)
» Else, align KeyFrames with SE3 (pose)

Gas  Universidad
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Why is Place Recognition Difficult?

* |Is this a loop closure?

Likely algorithm answer:

YES YES TRUE POSITIVE

& i Universidad
Richard Elvira 5 il Zaragoza
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Why is Place Recognition Difficult?
* |Is this a loop closure?

Scene 1430

Scene 1244

Likely algorithm answer:

NO YES FALSE POSITIVE

Perceptual aliasing is common in indoor scenarios

Sebres

% Universidad
Richard Elvira 6 b Zaragoza



ORB-SLAM3: Multi-Map (Atlas)

TRACKING
Frame Extract | ||nitial Pose Estimation
ORB from last frame, Track New KeyFrame
Relocalisation or Local Map Decision
IMU M reation
[ lintegration ap crea
ATLAS KeyFrame
DBoW?2 Active Map
Insertion
Visual
Recent
Vocabulary MapPoints || ©
Recognition Covisibility Culling g
Database Covisibility Graph New Points E
Graph Spanning Creation >
Spanning Tree %
Tree Local BA E
. " IMU 2
Loop Correction ...vevce Place recognition ........... Initialization
Optimize Local
Map Full . Loop
Update | | BA : EsGs,entr!aI Fusion KeyFrgmes
E rap L Iyl CompUte Database : Cu”lng
FULL BA  Iloptimize Sim3/SE3 Query |l& IMU Scale
' |[welding|| Merge : Refinement
Essential BA Maps
Graph
s g L6 & MAB MERGINE
1 s Universidad
ROBOTICS Richard Elvira 7 il Zaragoza
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ORB-SLAM3: Bag of Words

TRACKING
Frame | Extract Initial Pose Estimation
ORB e, Track New KeyFrame

Relocalisationjor Local Map Decision

IMU
integration

: LAS : KeyFrame
' | DBow2 Active Map I
| 1 \
I KEYFRAME MapPoints I
DATABASE . KeyFrame
: MapPoints 1 Insertion
[
Visual
I I Recent
I Vocabulary \ @ I MapPoints 5
: Recognition N Covisibility : Culling g
Datab —
I atabase ovisibility Graph H I New Points E
1 raph Spanning 1 Creation >
I SpaNping Tree \ 1 ]
1 Tre I ! Local BA >
[ \ | [ 2
Loop Correcti iti MU ®
SOOR OO Place\ecognition .......... | |Initialization
Optimize Local
Map Full : : Loop \ :
Update BA Esésent;]al Fusion KeyFr:?\mes
FULL BA E"""l""l'r'?'?'lll'lll"lllf'lllf'lllf"l!—— CompUte Database E CUIIIng
: [[optimize M Sim3/SE3 Query & IMU Scale
Essential [|Velding Mzrgse Refinement
Graph BA P
S BGE & VAP TERGINE
ROEbTICS i2s  Universidad
RO TICS Richard Elvira 8 Adi  Zaragoza




4.4.b Bag of Words Approach

Feature el Binary Features
! Image extraction features BRIEF, ORB

v

2 | Vocabulary Conversion BoW vector

Candidate

3 matches

---------------------

Inverse Index

Database

Direct Index +
A > Consistency Verified
checks matches

R

ws  Universidad
R%TICS Richard Elvira 9 ili  Zaragoza

1542




Scalable Recognition with a Vocabulary Tree

David Nistér, Henrik Stewénius
CVPR 2006

G Universidad
Richard Elvira 10 10  Zaragoza
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R%TICS

Vocabulary Tree

Richard Elvira

11

s Universidad
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DBoW2

« Similarity between two BOW vectors:

s(Vi,vy) =1 — =

* Normalized similarity (comparised with previous image):

S(Vt,VtJ-)

S(Vtavt—At)

U(Vtthj) —

D. Galvez-Lépez, J.D. Tardds: Bags of Binary Words for Fast Place
Recognition in Image Sequences, IEEE Trans. Robotics 28(5):1188-1197,
2012 (DBow?2 software)

3 Universidad
R%TICS Richard Elvira 13 ini Zaragoza
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https://github.com/dorian3d/DBoW2

Vocabulary + Direct & Inverse Indexes

Vocabulary tree

Direct index Image 1 I
Node 3 Node 4 =

L™ LT

1
Inverse index Word 1 -
Image 68 image 82 - Uy
Vi, =0.79 v, =073 L

 ORB-SLAM predefined vocabulary:

— Tree levels: 6
— Branching factor: 10
— 108 words

G Universidad
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ng ORB features
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Uses of Place Recognition

1.

Relocalization (when tracking is lost)
» Frame vs KeyFrame (2D-3D matches)
» Compute camera pose with PnP algorithm

Loop Closing (correct the accumulated drift)

» KeyFrame vs KeyFrame (3D-3D matches)

» If monocular align KeyFrames with Sim3 (scale and pose)
» Else, align KeyFrames with SE3 (pose)

Map Merging (merge independent maps)

» KeyFrame vs KeyFrame (3D-3D matches)

» If monocular align KeyFrames with Sim3 (scale and pose)
» Else, align KeyFrames with SE3 (pose)

| ﬁ 1 % Universidad
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4.4.c Relocalization

0.- Camera tracking was lost
1.- Extract ORB features in current frame

& % Universidad
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Relocalization

2.- Retrieve most similar KF using DBoW2
and a set of candidate matches

& . . izs Universidad
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Relocalization

3.- Find inliers and pose from DBoW2 matches
(PnP with RANSAC)

& % Universidad
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Relocalization

4.- Guided matching with coarse pose estimation
5.- Non-linear camera pose optimization

Sebres

Richard Elvira

20
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Relocalization

KEYFRAME
DATABASE

Visual
Vocabulary

Recognition

Sebres

UNIVERSIDAD DE ZARAGOZA

TRACKING
Frame | Extract Initial Pose Estimation
ORB from last frame, Track New KeyFrame
MU F Local Map Decision
IMU integratio’ljv’ Viap Creation .
Putative Inliers Guided Matches
2D-3D matches & Pose & Refined Pose
DBoW2 | | PnPSolver | CUided matching l
candidates with RANSAC optimization
Richard Elvira 21

matches?

Universidad




Relocalization Exam

ORB-SLAM2: Current Frame L A s | 19:13 4% rau
I_Follow Camera

[CIshow Points § i

[_Ishow KeyFrames . * . "
_]Show Graph i § ‘
_'Local ization Mode

Reset

[“Ishow Trajectory

ORB-SLAM2: Current Frame

]

Universidad
Zaragoza

Sebres
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Uses of Place Recognition

1. Relocalization (when tracking is lost)
» Frame vs KeyFrame (2D-3D matches)
» Compute camera pose with PnP algorithm

2. Loop Closing (correct the accumulated drift)
» KeyFrame vs KeyFrame (3D-3D matches)
» If monocular align KeyFrames with Sim3 (scale and pose)
» Else, align KeyFrames with SE3 (pose)

3. Map Merging (merge independent maps)
» KeyFrame vs KeyFrame (3D-3D matches)
» If monocular align KeyFrames with Sim3 (scale and pose)
» Else, align KeyFrames with SE3 (pose)

% Universidad
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4.4.d Loop & Merging detection

TRACKING
Frame Extract Initial Pose Estimation
ORB from last frame, Track New KeyFrame
MU Relocalisation or Local Map Decision
IMU lintegration Map creation
ATLAS : KeyFrame
DBoW?2 Active Map [
I
KEYFRAME MapPoints : our
DATABASE . eyrrame
MapPoints I Insertion
I
Visual
Vocabulary : Rece_nt
L | I MapPoints
Recognition Covisibility : Culling
Database Covisibility Graph H : New Points
Graph Spanning [ Creation
Spanning Tree !
Tree = : Local BA
i " IMU
L0OP COMTECHON v Place recognition Initialization
Map Full gspstg:t'lzael Loop Local
Update | | BA Graoh Fusion KeyFrgmes
FULL BA :"I'"HM"!E?IE!"""" ..... CompUte Database Cu”Ing
: [[optimize N Merae Sim3/SE3 Query || IMU Scale
Essential [|V€!ding Ma gs Refinement
Graph BA P
s i i SOBCMAP R
B0 g
ROBOTICS Richard Elvira 24
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Loop & Merging detection

Loop Correction Place recognition

DBoW2 Active Map
KEYFRAME

] Optimize
Essential

1 [

1 I

! I

[ i E

| MapPoints I :

| p— ' FULL BA Graph Compute [} Database
: Visual + FU : [optimize | Sim3/SE3 Query
: - I : || Essential |[Welding| Merge
I @ I BA || Maps
I} v | :
! I
! I
1 [
1 [
! [
! [

|
. Map Full
Update BA

Loop
Fusion

Graph

Recognition
Database Graph ] }

Covisibility

Map Merging LOOP & MAP MERGING

Covisibility

Graph Spanning
Spanning Tree \
Tree [

___________________ e 3D-3D matches

Putative

Al oopClosing.h/cc| AKeyFrameDatabase.h/cc| & ORBMatcher.h/cc

. . > DetectNBestCandidates (KeyFrame*, SearchByBoW(KeyFrame*,
NewDetectCommonRegions() : vector<KeyFrame*>, vector<KeyFrame*>, KeyFrame*, vector<MapPoint*>&)
bool int) : void : int

A\ 4

«zs  Universidad
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Loop & Merging Detection

Loop Correction Place recognition

DBoW?2 Active Map Optimize

|
KEYFRAME - Essential

Map Full
Update BA

Loop
Fusion

1 [

1 I

[ , I

1 | : :
I MapPoints | :
| p— - ' FULL BA Graph Compute ||| Database ||:
: Visual : : [optimize | Sim3/SE3 Query |l&
| - I : || Essential || Welding|Merge
I @ I BA Maps
I RrRecoanition | I : :
! I
! I
1 [
1 [
! [
! [

Graph
Covisibility

Recognition
Database Graph ] }

Map Merging LOOP & MAP MERGING

Covisibility

Graph Spanning
Spanning Tree \
Tree [

___________________ e 3D-3D matches

Putative

Al oopClosing.h/cc| AKeyFrameDatabase.h/cc| & ORBMatcher.h/cc

A\ 4

. . > DetectNBestCandidates (KeyFrame*, SearchByBoW(KeyFrame*,
NewDetectCommonRegions() : vector<KeyFrame*>, vector<KeyFrame*>, KeyFrame*, vector<MapPoint*>&)

bool int) : void : int

ASim3Sol§/er‘. h/cc

iterate() : Sim3

Pose
& inliers

«zs  Universidad
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Loop & Merging Detection

Loop Correction Place recognition

DBoW?2 Active Map Optimize

KEYFRAME Essential

Map Full
Update BA

Loop
Fusion

1 [

1 I

! : I

1 | : :
I MapPoints | :
| p— - ' FULL BA Graph Compute ||| Database f|:
: Visual : : [optimize | Sim3/SE3 Query |l&
| - I : || Essential || Welding|Merge
I @ I BA Maps
I RrRecoanition | I : :
! I
! I
1 [
! [
! [
! [

Graph
Covisibility

Recognition
Database Graph ] }

Map Merging LOOP & MAP MERGING

Covisibility

Graph Spanning
Spanning Tree \
Tree [

___________________ e 3D-3D matches

Putative

Al oopClosing.h/cc| AKeyFrameDatabase.h/cc| & ORBMatcher.h/cc

\ 4

. . > DetectNBestCandidates (KeyFrame*, SearchByBoW(KeyFrame*,
NewDetectCommonRegions() : vector<KeyFrame*>, vector<KeyFrame*>, KeyFrame*, vector<MapPoint*>&)

bool int) : void : int

e ——

ASim3Sol§/er‘. h/ccl /4 ORBMatcher.h/cc /optimizer.h/cc

\ 4

SearchByProjection(KeyFrame*,
Sim3, vector<MapPoint*>§&,..) :
int

iterate() : Sim3 OptimizeSim3(..) : int

Pose Refined pose
& inliers & guided matches
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Loop & Merging Detection

] !
- ATLAS ! LOOR COMTECHION... e Place recognition . ..........,
' DBoW2 Active Map ek I : —
Optimize
| 1 M Full : .
| KEYFRAME MapPoints ) L|: | upece || ga [*—T Essential [| o9
, DATABASE MaoPoi ; Graph
pPoints ! ] Compute [I| Database ||:
I I FULL BA :u"nuu."".""" ..... R :
Visual : ||Optimize Sim3/SE3 Query |l
| — I : . |[Welding|| Merge :
] / \ I Essential Maps
. KeyFrames Graph BA p
|| Recognition | |roovemmey 1) | s
: Database Covisibility / Graph ]} | Map Merging LOOP & MAP MERGING
[ L__C[gph Spanning [
: Spanning Tree \ ! ]
: Tree = : Putative
-------------------------- 3D-3D matches
A\ oopClosing.h/cc ﬂKeyFr‘ameDatabase.h/cc 4 ORBMatcher.h/cc
. > DetectNBestCandidates (KeyFrame*, > SearchByBoW(KeyFrame*,
NewDetectCommonRegions() : vector<KeyFrame*>, vector<KeyFrame*> KeyFrame*, vector<MapPoint*>&)
y s y s
bool int) : void :int
e
== ——— .
Asim3Solver.h/cc| 4 ORBMatcher.h/cc /0optimizer.h/cc Geometric
Validation:

— 3 covis. KFs
that confirm

SearchByProjection(KeyFrame*,
Sim3, vector<MapPoint*>§&,..) :

\ 4

iterate() : Sim3 OptimizeSim3(..) : int

int :
S the solution?

Pose 1
espurious-free @: ....... Triversidad
matches \_/ ii Universida

Richard Elvira 28 10  Zaragoza
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Loop Correction

TRACKING
Frame | Extract || |nitial Pose Estimation
ORB from last frame, Track New KeyFrame
Relocalisation or Local Map Decision
MU Map creation
[0 lintegration ap
! ATLAS : KeyFrame
1
' DBoW?2 Active Map |I|!! Hl
1 1
: gf\;{'f\gﬁgn: MapPoints : KeyFrame
I MapPoints I Insertion
1 [
1 @ 1 Recent -
I @ I MapPoints (o)
: Recognition Covisibility : Culling g
: Database Covisibility Graph H ! New Points ;
| Graph Spanning [ Creation >
: Spanning Tree ! g
! Tree [ ! Local BA —
1 | 1 g
_ N IMU
LOop COrrection. .. flace recognition ... Initialization
Optimize : Local
Map Full : Essential Loop KeyFrames
Update | | BA : Graoh Fusion : I
: rap Compute | | Database ||: Culling
FULL BA T Optimize]l “ sim3/Se3[| Query (li | MU scale
1| Welding||Merge : Refinement
Essential BA Maps :
Graph
e 66 & MAP MERGINE

| ‘ % Universidad
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Loop Correction

i 'xq

* Mono: 7 DoF graph'aptimization, to correct scale drift -

« Stereo and Visual-Inertial: 6 DoF graph optimization

@ And Full BA in a separated thread
G Universidad

Richard Elvira 30 i0i  Zaragoza
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DBoW?2
KEYFRAME
DATABASE

Visual

Recognition
Database

Loop Correction

1
I
I
I
I
I
I
I
I Vocabulary
I
I
I
I
I
I
I

UNIVERSIDAD DE ZARAGOZA

ATLAS : Loop Correction lace recognition
Active Map Mdp [ : — :
| Map Full E)ptlmtl_zel Loop
MapPoints I Update | | BA sGs;n r|1a Fusion
MapPoints I FULL BA P :| Compute Database :
1 Optimize . Sim3/SE3 Query |l&
! Essential [|V€!ding T/Izrg: :
' Graph P
Covisibility Graph ]} . Map Merging LOOP & MAP MERGING
Graph Spanning 1
Spanning Tree \ !
Tree [ !
[ |
Hall Hall .
- all Corridor 1
0
Stairs 2] Stairs 1
L
Corridor 2 Office i» Universidad
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Loop Correction

Loop Correction Place recognition

Optimize

Essential

DBoW?2 Active Map
Update | | BA : Graph Fusion

KEYFRAME
DATABASE MapPOintS FULL BA E"'l'lll"ll"'ll"'ll"'l""""'l"f"'f"l CompUte Database

I 1

I I

I I

| | :
1 1
I , [ : P Sim3/SE3 uer ;
: Visual @ I (E)Sp:ér:tllzael Welding|| Merge / Query ‘-
: Vocabulary : Graph BA Maps
1 I

I 1

I I

I I

I I

I 1

Map Full Loop

Recognition
Database Graph ] }

Covisibility

Map Merging LOOP & MAP MERGING

Covisibility

Graph Spanning
Spanning Tree \
Tree [

ﬂLoopClosing. h/cc

CorrectLoop() : void

I Cor%dor 1

Stairs 201 Stairs 1
.
Corridor 2 Office ;. Universidad

Richard Elvira 32 A0l Zaragoza
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Loop Correction

: ATLAS : Loop Correction . Place recognition
' DBoW2 Active Map Map 1 : Optimize =
| | Map Full . Loop
| KEveRame Py I
I I FULL BA Ell'lllllllllll'llll'llllllll'f'llfllllflflfflr C_ompUte Database
: Visual ! : || Optimize . M Sim3/SE3 Query
! ! Essential Welding| Merge
. Vocabulary I Graph BA || Maps
' [[Recognition Covisibility ||| |, e T ST — :
: Database Covisoiy Graph H : Map Merging LOOP & MAP MERGING
[ Graph Spanning [
! Spanning Tree \ '
' Tree [ !
1 | I
ﬂLoopClosing.h/cc A LoopClosing.h/cc
o . . g SearchAndFuse(map<KeyFrame,
CorrectLoop() : void Sim3>, vector<MapPoint>) : void

Hall .

o Corridor 1

1]

Stairs 2] Stairs 1
1
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Loop Correction

: ATLAS : Loop Correction Place recognition
' DBoW2 Active Map 1 : oyerTm—
1 1 Map Full || ptimize Loop
I ABASE I FULL BA :ll lllllllll!r;?l?!llll!lll!!l'f!!lll!!f'f!lflr CompUte Database
I . I : P Sim3/SE3 Query
Visual Optimize )
: Vocabular ! Essential [\Velding] Terge
' [[Recognition Covisibility ||| |,
: Database Covisoiy Graph ] : Map Merging LOOP & MAP MERGING
[ Graph Spanning } [
! Spanning Tree \ !
' Tree [ !
L/ | 1
ALoopClosing.h/cc A4 LoopClosing.h/cc A4 Optimizer.h/cc
- . . g SearchAndFuse(map<KeyFrame, > OptimizeEssentialGraph(...) : void
CorrectLoop() : void Sim3>, vector<MapPoint>) : void OptimizeEssentialGraph4DoF(...) : void
Hall Corridor 1
VAV
(] ﬁ
Stairs 2b3] K Stairs 1
| Corridor 2 Office 7w Universidad
Richard Elvira 34 A0l Zaragoza
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Loop Correction

Loop Correction Place recognition

Optimize

Map Full Essential

DBoW2 Active Map
Update | | BA : Graph Fusion

KEYFRAME
DATABASE MapPOintS FULL BA E'l'l'lll"ll"'ll"'ll"'ll"""f'l"f"'ff'l CompUte Database

I I

I I

I I

| | :
1 1
I . [ : —" Sim3/SE3 uer F
- || |y e e
: Vocabulary : Graph BA Maps
I I

1 I

I I

I I

I I

1 I

Loop

Recognition Covisibility
Database Graph ] }

Map Merging LOOP & MAP MERGING

Covisibility

Graph Spanning
Spanning Tree \
Tree [

ALoopClosing.h/cc A4 LoopClosing.h/cc A4 Optimizer.h/cc
) . g SearchAndFuse(map<KeyFrame, > OptimizeEssentialGraph(...) : void
CorrectLoop() : void Sim3>, vector<MapPoint>) : void OptimizeEssentialGraph4DoF (. .) : void
Hall Corridor 1 1
T n LoopClosing.h/cc
Stairs 2o kK Stairs 1 RunGlobalBundleAdjustment(Map,

Frame_id) : void

. A

Corridor 2 office 7= Universidad

AR
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Examples of Loop Correction
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ORBSLAMS3 Loop Closing Times (ms)

Sensor Monocular Stereo Mono-Inertial | Stereo-Inertial
Resolution 752 %480 752 %480 752x480 752x480
Settings Cam. FPS 20Hz 20Hz 20Hz 20Hz
MU - - 200Hz 200HZ
ORB Feat. 1000 1200 1000 1200
RMS ATE 0. 0. 0. 0.
Database query 0.96+0.58 1.06£0.58 1.04£0.59 1.02+0.60
Place Recognition | _Compute Sim3/SE3 361+2.81 5.26+3.79 2.98+2.26 5.7143.54
Once per KF [ Total 3.921+3.28 5.26+4.39 3.45£2.81 5.891+4.29
Merge Maps 152.03+45.85 68.56+13.56 129.08+8.26 91.07£5.56
Map Merging Welding BA 52.09+14.08 35.57+£7.94 103.14+6.08 58.15+4.84
Opt. Essential Graph 5.8213.01 10.98+9.79 52.83L£17.81 36.08+£17.95
Total 221.90+58.73 120.63+16.23 287.331£15.58 187.82+£6.38
# Detected merges 5 4 2 2
Merge info Merge size (# keyframes) 311 31+£3 25+1 2510
Merge size (# map points) 2476207 2697718 2425188 4260x=160
Loop Fusion 311.82+£333.49 29.07+23.64 - 25.67
Loop |_Ont, Essential Graph 254.84+87.03 84.361+37.56 - 95.13
Once per Loop | Total 370.39x420.77 118.621359.93 - 124.77
Loop info # Detected loops 3 4 0 1
Loop size (# keyframes) 3860 279 - 60
Full BA 4010.141835.85 | 1118.54+563.75 - 1366.64
Map Update 124.80+6.07 13.651+12.86
Loop Full BA ota : ) } : .
4t Thread BA size (# keyframes) 3451147 220x110 - 151
BA size (# map points) 13511£3778 122974572 - 14397

UNIVERSIDAD DE ZARAGOZA

Intel Core i7-7700 @3.6 GHz, 32 GB
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69156 - Simultaneous Localization and Mapping (SLAM)

4.5 Visual SLAM: Accuracy

Juan D. Tardos
Universidad de Zaragoza, Spain
robots.unizar.es/SLAMLAB
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robots.unizar.es/SLAMLAB

Lesson 4. Visual SLAM
5. Accuracy

a. Measuring accuracy

b. Monocular results

c. Stereo & RGB-D results
d

. Conclusions

Readings:

« ORB-SLAM paper
« ORB-SLAM2 paper
« ORB-SLAMS3 paper

& T Universidad
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https://arxiv.org/pdf/1502.00956.pdf
https://arxiv.org/pdf/1610.06475.pdf
https://arxiv.org/pdf/2007.11898.pdf

4.5.a Measuring SLAM Accuracy
* Requires ground-truth (GT) from some external sensor

 Map accuracy
— Useful in dense SLAM methods
— Ground truth: dense 3D model of the environment
» Stereo or multi-view reconstruction
» 3D Laser scanner (very expensive!)

* Trajectory accuracy EuRoC S VICOND
Dataset ) | S LEICAO

— Bad trajectory => bad map
— Useful in all SLAM methods
— Trajectory ground-truth

» Qutdoors: GPS

» Indoors: motion capture
system, total station,...

W Universidad
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Sebres

ATE: Absolute Translation Error (RMSE)

SLAM trajectory GT trajectory
{Roi, toi.ti | 1€ C}; i ={1.N} {Rgf:tgf:tj | j€GT}
Different reference Different timestamps

Find the best 6-DOF alignment
between SLAM and GT

/\

AT EryseE = mln \J N Z ||t — Ryotoi — tw0||2

Rw0,two

Interpolate GT at
SLAM timestamps

Juan J. Gbmez & Juan D. Tarddés 4

Universidad
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ATE: Monocular case

SLAM trajectory GT trajectory
{Roi, toi.ti | 1€ C}; i ={1.N} {Rgfatgf:tj | j€GT}
Different reference Different timestamps
AND SCALE

Find the best 7-DOF alignment
between SLAM and GT

/ 1 & ~ 2
ATENGYC = min AW 3667 (1) — sRuotor — tuo]
bl wuUsbw Z:l

/

Interpolate GT at
SLAM timestamps

is  Universidad

g:y

Juan J. Gémez & Juan D. Tardés 5 A8l Zaragoza
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ATE in Keyframe-Based SLAM

« Keyframes are better estimated than frames
— Computing ATE with the frame trajectory is more realistic

{Roi toi i [ 1 € C}5 i = 11N}

« During tracking, store the pose of each frame relative to
its previous KF:
Tri = To Tos

« KFs are optimized during mapping and loop closing.
« At the end of SLAM, save the corrected frame trajectory:

* * )
Toi = TorThi

| ﬁ 1 % Universidad
Juan J. Gémez & Juan D. Tardés 6 il Zaragoza




RPE: Relative Pose Error
« Translation: position error / trajectory length (%)

« Rotation: angular error / trajectory length (degrees / m)

«zs  Universidad
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4.5.b Monocular Results, Indoors

ORB-SLAM2: Current Frame m B3 19:58

i _]Follow Camera

[IShow Points

‘ _lShow KeyFrames :
} [Ishow Graph b R o

[ JLocalization Mode

‘ Reset

i [“Ishow Trajectory

ORB-SLAM2: Current Frame

Universidad
Zaragoza

BOTICS Juan J. Gémez & Juan D. Tardés 8




ORB-SLAM Indoors: TUM RGB-D Dataset

ORB-SLAM

Raul Mur-Artal, J. M. M. Montiel and Juan D. Tardos

{raulmur, josemari, tardos} @unizar.es

Instituto Universitario de Investigacion T e =
en Ingenieria de Aragén age U n |VerS|dad
Universidad Zaragoza All  Zaragoza

1542
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ORB-SLAM

PTAM

RGBD-SLAM

frl_xyz

3

1.15

1.34

fr2_xyz

0.30

1.42

TUM RGB-D Benchmark

fr1_floor

3.51

fr1_desk

6

2.52

fr2_360
_kidnap

3.81

100.5

fr2_desk

3.94

fr3_long
_office

XXEXXO

fr3_nstr_
tex_near

274

fr3_str_
tex_far

0EE

0.93

fr3 _str_
tex_near

1.58

fr2_desk
_person

X6

fr3_sit_
Xyz

0.83

fr3_sit_
_halfsph

fr3_walk
_Xyz

fr3_walk
_halfsph

DEEEE

X

ATE RMS (cm)

RGB-D SLAM results taken
from the benchmark website
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Monocular Outdoors: Kitti Dataset

ORB-SLAM

Raul Mur-Artal, J. M. M. Montiel and Juan D. Tardds

{raulmur, josemari, tardos} @unizar.es

Instituto Universitario de Investigacion T = s
en Ingenieria de Aragén age U n |Ver5|dad
Universidad Zaragoza Al Zaragoza

1542
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Trajectory and Map Obtained

3

B

b Seatt oty

R

L s
R R VY
iy
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b 0~

-

g
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d -
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y (m]

¢ [m)

UNIVERSIDAD DE ZARAGOZ,

500

40

300

107

a
-=------ Ground ¥uh : :
. . — ORB-SLAM + 7DoF Alignment : H :
10w L L _100 T T ! H 3 )
-310 -200 -100 a 100 2to 300 -300 -200 -100 0 100 200
x[m) x[m]

=190 : L s

---- Ground ¥uth

—— ORB-SLAM + 7DoF Alignment

=300 -z2o0 -1 a e 2u0 300
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-200 ~100
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o
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-200 -150 100
x[m]

yim]

'ORB-SLAM: Kitti Dataset

00

00
200p-
100
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ORB-SLAM Monocular

« With pure monocular, scale is not observable

400}
-
\_
300} \ —
E 200l
> a
100}
.
Of i
KITTI 08
~400 2200 0 200 400
X [m]
Scale drift! === Ground Truth

== Estimation
G Universidad
Juan J. Gbmez & Juan D. Tardds 14 10 Zaragoza




4.5.c Stereo and RGB-D

aae Universidad

o Instituto Universitario de Investigacion
o . = enlngenieria de Aragén
R . o
A81  Zaragoza #&  Universidad Zaragoza
1542

ORB-SLAM2: an Open-Source SLAM System
for Monocular, Stereo and RGB-D Cameras

Raul Mur-Artal and Juan D. Tardés

raulmur@unizar.es tardos@unizar.es

Sebres
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RGB-D Point Cloud Recnstructions




RGB-D Point Cloud Reconstruction

21 Universidad
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Accuracy in TUM RGB-D Dataset

Table 2: TUM RGB-D Dataset. Comparison of Translation RMSE (m).

Sequence ORB-SLAM? Ela,s.t ic- Kintinuous VO | RGBD
(RGB-D) Fusion SLAM | SLAM
fr1/desk 0.016 0.020 0.037 0.021 0.026
fr1/desk2 0.022 0.048 0.071 0.046 -
fr1/room 0.047 0.068 0.075 0.043 | 0.087
fr2 /desk 0.009 0.071 0.034 0.017 0.057
fr2 /xyz 0.004 0.011 0.029 0.018 :
fr3/office 0.010 0.017 0.030 0.035 -
fr3/nst 0.019 0.016 0.031 0.018 -

* BA gives better accuracy than ICP

* And is less computationally expensive

Sebres

Juan J. Gémez & Juan D. Tardés
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y [m]

200

Accuracy Iin the KITTI Dataset

—200r-

—a00}

—600r-

—800r-

—1000-

ORB-SLAM2 (Stereo) Stereo LSD-SLAM
Error trel T'rel tabs trel Tabs tabs
(Units) | (%) | (deg/100m) | (m) | (%) | (deg/100m) | (m)
00 0.70 0.25 1.3 | 0.63 0.26 1.0
01 1.39 0.21 10.4 | 2.36 0.36 9.0
02 0.76 0.23 5.7 | 0.79 0.23 2.6
03 0.71 0.18 0.6 | 1.01 0.28 1.2
04 0.48 0.13 0.2 | 0.38 0.31 0.2
05 0.40 0.16 0.8 | 0.64 0.18 1.5
06 0.51 0.15 0.8 | 0.71 0.18 1.3
07 0.50 0.28 0.5 | 0.56 0.29 0.5
08 1.05 0.32 3.6 | 1.11 0.31 3.9
09 0.87 0.27 3.2 | 1.14 0.25 9.0
10 0.60 0.27 1.0 | 0.72 0.33 1.5

300 300 [ S
e
w1s  Universidad
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ORB-SLAM2 Stereo: Challenging Lighting

s Universidad : mshturqng investigacion
Al Zaragoza e ieria de Aragon
s NS Universidad de Zaragoza

STEREO ORB-SLAM
Raul Mur Artal and Juan D. Tardos

Tsukuba Flashlight

W Universidad
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ORB-SLAM2 Stereo in EuRoC dataset

%+t Universidad 2 Insfituto de investigacion
Al Zaragoza X &= en ingenieria de Aragdn

STEREO ORB-SLAM
(ORB-SLAM2)

Raul Mur-Artal and Juan D. Tardos

EUROC Dataset
MH 05 difficult

Source code: github.com/raulmur/ORB_SLAM2

W Universidad
F\’%TICS Juan J. Gémez & Juan D. Tardés ili  Zaragoza
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y [m]

Accuracy in the EuRoC Dataset

ORB-SLAM2 (Stereo)

Stereo LSD-SLAM

V1.01_easy 0.035 0.066
V1_.02_medium 0.020 0.074
V1_03_difficult 0.048 0.089
V2_01_easy 0.037 -
V2_02_medium 0.035 -
V2_03_difficult X -
MH_01_easy 0.035 -
MH_02_easy 0.018 -
MH_03_medium 0.028 -
MH_04_difficult 0.119 -
MH_05_difficult 0.060 -

x [m]

y [m]

x [m]

Juan J. Gémez & Juan D. Tardés 22

y [m]

Q)
i

1542
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ORB-SLAM3: Visual Results

[ [ [ MHOI MH02 MHO3 MHO4 MHO5 | VI0OI VI02 VI03 | V201 V202 V203 | Avg' |
CNESLARS ATE?:2 0.071 0.067 0.071 0.082  0.060 0.015 o.ozoo 0021 0.018C - )0.047*

[4]
‘[)257(]) ATE 0046 0046 0172 3810 0.110 | 0089 0107 0903 | 0044 0132 1152 | 0.601
Monocular 5[3’4(]’ ATE 0.100 0120 0410 0430 0300 | 0070 o.2|o© 0.110 0.110 1.080 | 0.294*
o ATE 0039 0036 0055 0057 0067 | 0095 0059 0076 | 0056 0057 0784 | 0.126
0.016 0.037
ORB’[S;]*AMZ ATE 0035 0018 0028 0119 0060 | 0035 002 0048 | 0037 0035C - )| 0.0
. mei}‘“"" ATE 0540 0460 0330 0780 0500 | 0550 0230 _- Y 0230 0200 - D) 042
~ S0 ATE 0040 0070 0270 0170 0120 | 0040 0040 0070 | 0050 0090 079 | 0.159

0.021

0.049

' : : - 8
= 2 £ Z z |2 > 2 2
=2 | z z 2 E = 2| .| |%5|3|2| E | 2| %
75 | £2 g4 & g S |Z|Z2|Z|2|Z|2]| 2 g | S
—~] FAST+ é Local Very | Very 5
svo (23], 1241 (VO ) piond @ BA - - A Y ceod | Geoy | 129
ORBSLAMZ b o . Local DBow . Very
21, [3] ( SLAM ) ORB Descriptor BA DBoW?2 PG1BA - v | v - - - q & )[26]
r& High ) Local Vi
DSO [27]-[29] S VO E; gr'fd' Direct BA - v v - - | v | Good | Gooy | 130]
High . Local Very | Very
DSM [31] / (sLaM) o Direct BA - / UYL - 5 | Good | Good | 132
VINS-Fusion] —~ Shi Local i DBoW2 e
[7], [44] r'/ VO 3 tomasi |CKLT D| g | DBoy2 PG V||V X B | 145
Short & Mid-term DA Long-term DA With IMU
2s  Universidad
Juan J. Gémez & Juan D. Tardés 23 A8l Zaragoza
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ORB-SLAM3: Comparison

3
xr
=

MHO5
V101
V102
V103
V201

3
r
=

MHO1
MHO2
MHO3
MHO5
V101l

V102

V103

MHO1
MHO2
MHO3

§ § & § §

050
045
040
035
030
025
020
0.15
0.10
0.05
0.00

Mono-Inertial
o & ~N

Monocular

(=

10

Stereo
Stereo-Inertial

Figure 4: Colored squares represent the RMS ATE for ten
different execution in each sequence of the EuRoC dataset.
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4.5.d Conclusions
« Monocular SLAM

— Scale is unobservable

— Scale drift produces innacuracy

— Less robust: needs two views with parallax to initialize points
» Avoid pure rotation during exploration
» Avoid fast motions

o Stereo & RGB-D SLAM

— Obtains true scale
— More accurate
— More robust: point initialization from one view

« Mono-Inertial & Stereo Inertial (see Lesson 6)
— Obtains true scale
— Excellent accuracy and robustness

W Universidad
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69156 - Simultaneous Localization and Mapping (SLAM)

Lesson 5. Optimization in SLAM

Juan D. Tardos
Universidad de Zaragoza, Spain
robots.unizar.es/SLAMLAB

{Tiw. Xuw; |t € Ky, j € P1}" = argmin > p (”ukj — Tk (Tkwxwi)”;kj)

T

iw s Xwj kG{’Cl,’CQ},jEP1

Sebres

w1s  Universidad
Juan D. Tardos 1 i0i  Zaragoza
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robots.unizar.es/SLAMLAB

Lesson 5. Optimization in SLAM

1. Optimization algorithms
2. Lie groups
3. Optimization in Visual SLAM

— Bundle Adjustment
— Pose-graph

& 7 Universidad
Juan D. Tardos 2 ili  Zaragoza




Standing on the Shoulders of Giants

Isaac Newton Carl F. Gauss

Sophus Lie
1643 — 1727 1777 — 1875

1842 — 1899

Kenneth Levenberg

Donald W. Marquardt
1919 — 1973

Peter J. Huber
1929 — 1997 1934 —
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Lesson 5. Optimization in SLAM
1. Optimization algorithms

a. Newton method
 Levenberg-Marquardt

b. Gauss-Newton

c. Robust cost functions
 Huber, Cauchy

Readings:

* B. Triggs, P. McLauchlan, R. Hartley, A. Fitzgibbon
Bundle Adjustment — A Modern Synthesis,
in Vision Algorithms: Theory andPractice, Springer, 2000

% Universidad
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https://hal.inria.fr/file/index/docid/590128/filename/Triggs-va99.pdf

Feature-Based Visual SLAM as BA

States

— Xy € R? Coordinates of point j

R;, € SO(3) Orientation of camera i

tiw € R Position of camera i

Measurements

W — [uw] Observation of point j
ij

(Y from camera |

Bundle Adjustment

{Tiwrij i € Ky, j € P} = argmin Z P (”ukj — Tk (Tkwij)”%kj)

Tiw Xw; ke{K1,K2},j€P1

Sebres

Non-Linear |
Optimization Reprojection error

. G Universidad
Juan D. Tardos 5 i0i  Zaragoza




5.1 Optimization Algorithms: Notation

: Predicted
Observiuons Observations
 Residual: NZ(X) =z — z(X)
Current State
Estimati
» with m = dim(z), n = dim(x) SHmAon
 Cost function:  f(x) dim(f) = 1
__df
— Gradient 9 = i« nx1
2

— Hessian H = gT; nxn

e Jacobian: J = g_)z( mxn

% Universidad
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5.1.a Newton Method

« 2"d order approximation of the cost function:

f(x + 6x) ~ f(X) + g7 ox + 56X H ox = 9 (x)

quadratic local model

e At the minimum:

* Newton Step:

Sebres

Juan D. Tardés

g = &«

gradient vector

T (X +6x) ~ Hox+g=0

ox = —H™'g

X — X+0X

H = 21(x)

— dx2
Hessian matrix

w1s  Universidad
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Convergence of Newton Method

* If the cost is exactly a quadratic function of the state, it
converges in one step (as in the Kalman Filter)

« Quadratic asymptotic convergence:
— Close to the optimum, the state error is squared at each iteration
— It converges in 5-6 steps to double accuracy (3 steps in practice)

Pose-Only BA (G-N) Pose-Only BA (G-N)

107 w 10 w w
|
of
107k 1 o[ H H 3
; 10°F With Noise
E
10° € E
‘ 102 ¢
E E
10 F o)
—_ F X -4
£ E é 10
s 10° S
o 2 10°®
S . 8 2
= 10 =
3 2, ;
o © 108EL
o E
-10 [0} F
10 & i
10 |
10 E
10712
101 10712k
1 1 1 1 1 10-14 1 1 1 1 1
1 2 3 4 5 6 0 1 2 3 4 5 6
Iterations lterations
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But, if we are Far from the Minimum....

200 Y 1200 : : : : : :

200 - 1000 - .
ol 800 |-

-200 600 |-

200k 400 -

600 1 | 200 |-

-800 : : : : : -?ooo -860 -660 -460 -260 6 2(;0 400
-100 0 100 200 300 400 500

Po§e-0nI¥ BA (G:N) Y Y Y : Y Y Y que-Onl¥ BA (GTN) Y Y Y

104' T T T

Reprojection error (pixels)
Reprojection error (pixels)
80)

1 1 1 1 1 1 1 1 1

8 10 12 14 20 0 2 4 6 8 10 12 14 16 18 20

Iterations Iterations
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Properties of Newton Method

* Needs a suitable step control policy to guarantee
convergence when far from the minimum
 In a dense system, inverting the Hessian is O(n3)
— But Visual SLAM and BA are sparse problems!!!
— Take profit from the sparsity of Hessian!!!

* For very large problems, approximate 1st order systems
can be used, but they have linear convergence.

« Computing Hessian is not trivial (high implementation
and computational costs)
— Gauss-Newton method (analytical approximation of H)
— Numerical approximations of H (Krylov methods)

G Universidad
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Step Control

* Newton method can fail:
— It can converge to a saddle point
— For large steps, the 2" order cost prediction is inaccurate
— No guarantee that the actual cost will decrease

« To guarantee cost decrease:
— Follow a gradient descent direction
— And make reasonable progress in that direction (step control)

» Too little, and it will converge slowly
» Too much, and it will overshoot the minimum

s Universidad
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Damped Newton Methods
Instead of: 5x — _H'g

_ — W: weight matrix,
Solve: (H+ AW)ox = —g identity or diag(H)

— Small lambda - Newton direction (faster)
— Big lambda - Gradient descent direction (safer)

Trust-region methods: choose lambda to limit the step to
a maximum dynamic size

Levenberg-Marquardt (L-M) methods: perform heuristic
changes of lambda:

— Bad convergence: increase lambda = Gradient descent
— Good convergence: decrease lambda - Newton direction

G Universidad
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An Implentation of Levenberg-Marquardt
Algorithm 2.1 The Levenberg-Marquardt algorithm

1: function LM(g(), X?) > quadratic cost function g(),
> initial estimate X

2. A=10"*

3: t=0

4: repeat

5: A, b + linearize g(X) at X*

6: A « solve (ATA + \diag(ATA)) A = ATb

T: if g(X*+ A)<g(X?*) then

8: X+l = Xt + A > accept update
9: A /\/10
10: else
11: Xt+l = Xt > reject update
12: A Ax10
13: t+—t+1
14: until convergence
15: return X* > return latest estimate

From F. Dellaert & M Kaess: Factor Graphs for Robot Perception, 2017

is  Universidad
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Line-Search Methods
* Once you have obtained a descent direction solving:

(H4+ AW)déx = —g

 Perform a 1D search in that direction to minimize the cost
function:

X + o OX

— Most techniques use a quadratic or cubic 1D cost model

% Universidad
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5.1.b Gauss-Newton (Weighted Least Squares)
* Non linear weighted SSE cost function:

« Gauss-Newton approximation:

NZ(X) =z —2z(X)

f(x) =

3 Az(x)TW Az(x)

weight matrix W

gE
H =

dx

dx2

at __AZ"TWJ

0T = JTWJ + 3, (az"wW), &%

H~J WJ

— Good if prediction error is small
— Or if the observation is almost linear 55 =~

« Gauss-Newton or normal equation:

Sebres

Juan D. Tardés

dQZ,,; ~ O

(J"WJ)dx = +JTW Az

15

J

dz
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Relationship to EKF

 Measurement equation:

« Stacking measurements:

VA h1 (X) R1 0 0
7 — Z9 h(X) _ hQ(X) R — 0 RQ 0
20, () 0 0 0 R,
» Using as weight matrix:
R' 0 0
W_R-! — 0 R;* 0

0 0 0 R

 (-N cost function = Mahalanobis distance

f(x) = 3 42(x)"WAZ(x)

W Universidad
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Relationship to EKF

State prediction: x:; P

Measurements: z=h(x)+w ; R=Couv(w) H = dl;i(x) .
Cost function: f(x) = % (x—%) P ' (x— %)+ % (z—h(x))" R (z — h(x))
g=P'(x-—%x)-H'R'(z - h(x))

Hessian =

Hess=P '+ H' R 'H = P,;fl

Information Matrix

Gauss-Newton equation:

= (P'+H'R'H) 'H'R'(z-h(x))

X

Ax = —Hess ' g

Using matrix inv. lema: (A+ BD™'C)BD' = A"'B(D+CA™'B)™!

1

We get EKF update: Ax=PH" (R+HPH') (z-h(X))

Cov(Xpt1) = Pryq = Hess™!

w1s  Universidad
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EKF .VS. Gauss-Newton

One-shot: lterate: |ox = —Hg
Ax=PH' (R+HPH') ' (z — h(x)) X — X+0X

« EKF performs just one Gauss-Newton iteration

* Followed by past state marginalization
— Reduces the state dimension
— But correlates all the features, losing sparsity

Iterated EKF re-linearizes the current observation, but
cannot correct linearization errors in past observations

The Hessian of Gauss-Newton can be inverted to obtain
the covariances of the state variables

— But it's expensive, usually avoided
— Use visual clues for data association, instead of covariances

G Universidad
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5.1.c Robust Cost Functions
« To down-weight large errors (spurious data)

LX) = 3 52,0 W, AZ,(x) )

— where: ri(s) is an increasing function
— with:  pi(0) =0 and %pi(O) =1

— for standard SSE: ri(s

« Examples:

100 -

90 -

80 -

70 F

60 -

ol

40

30

20

10

50

) = s

ple?)
4+“—r<+—>
Quadratic Loss

Hubber Loss
\ /—mss

1 1 l — > 1 1 1 ]

- -8 -6 -4 2 0 y 4 6 8 10

Juan D. Tardos 19

Huber
s s<a
p(s) = ZaZJEZ—l s>a
a
Cauchy

N——

+1)

p(s) = a? (log (%

«zs  Universidad
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Robustified Gauss-Newton

LX) = 3 52,0 W, AZ,(x) )

ox = —H™'g

* Robustified Gauss-Newton approximation:
i I—,O; J;r WZ AZ,L-

« Some methods just use:

Hi = J] (p; W; + 200077 ") J;

— Reweighted Least-Squares: using o; W: instead of Ww;

& W Universidad
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69156 - Simultaneous Localization and Mapping (SLAM)

5.2 Lie Groups

Juan D. Tardos
Universidad de Zaragoza, Spain
robots.unizar.es/SLAMLAB

Figure credit: (Sola et al. 2020)
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robots.unizar.es/SLAMLAB

Lesson 5. Optimization in SLAM
2. Lie Groups

a. Lie Group theory

Rotations: SO(3)

Motions: SE(3)

Jacobians in SE(3)
e. Sim(3)

Readings:

« Joan Sola, Jeremie Deray, Dinesh Atchuthan
A micro Lie theory for state estimation in robotics, arXiv 2020

 Hauke Strasdat
Local accuracy and global consistency for efficient visual SLAM,
PhD Thesis, Imperial College, 2012 (chapters 2, A, B)

& 7 Universidad
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https://arxiv.org/pdf/1812.01537.pdf
https://www.doc.ic.ac.uk/~ajd/Publications/Strasdat-H-2012-PhD-Thesis.pdf

5.2.a Lie Group theory

* Group: a set with an operation (G, o) such that:

Closure under ‘o> : X oY e€(g
Identity £ : EoX=X0E=X
Inverse ¥ 1 : X loX=XoXx1=¢
Associativity : (X o)Y)oZ=Xo (Yo Z)

« Some examples:

— Translations R3: tac = tag + tac
— Rotation Matrices SO(3): Rac = Rag Rpe
— Rigid Motions SE(3): Tac=Tag Tge

% Universidad
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Manifolds and Tangent Space
« A Manifold is a smooth surface that is locally similar to R"

Tangent
vector space

Manifold

Figure 2. A manifold M and the vector space T’y M (in this case = RQ')
tangent at the point X', and a convenient side-cut. The velocity element, X =
0X /Ot, does not belong to the manifold M but to the tangent space T’y M.

Credit: (Sola et al. 2020)

— A 3D sphere belongs to R3, but is locally similar to R?
— A rotation matrix belongs to R®, but is locally similar to R3
— A rigid motion matrix belongs to R'®, but is locally similar to R®

& 7 Universidad
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State Estimation in Manifolds

 In robotics and computer vision, many state variables live
iIn manifolds, that are groups: orientations, poses,...

* |If we update their estimations using a vectorial sum:
Xp+1 = Xk + dg

the estimation will “fly away” from the manifold

 Solution:
— Compute updates in a local tangent space,
— Map the update to the manifold,
— And update the state using the manifold’s composition.
» As it is a group, the state will always stay in the manifold!

Xp+1 = Xi D dy

| ﬁ 1 % Universidad
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Lie Group

« A Lie Group is a group that is also a smooth manifold

X e M

* Velocities belong to the tangent space:

X(t) e M X = 0X/0t € TrxM

« Examples of Lie groups:
— S0O(3): Special Orthogonal Group 3D (Rotation Matr. 3x3)
— SE(3): Special Euclidean Group 3D (Homog. Transf. 4x4)
— Sim(3): Similarity Transformation (motion + scale change

N

— S3: 4D Unit sphere (quaternions)
— Their 2D versions: SO(2), SE(2), Sim(2)

s Universidad
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Lie Algebra

« The tangent space of a Lie Group represents velocities
X(t) e M X = 0X/0t € TxM

« The Lie Algebra is the tangent space at the identity £

m = Te M

— The Lie Algebra is a vector space, isomorphicto |m = R™

» m : degrees of freedom of the group Basis of M

m /
Hat: R™ — m; Tl—>7‘/\:§ 1, E;
i=1 Basis of R™

m
Vee: m— R™; TAH(TA)VZT:ZTZ'GZ-‘/
i=1

— The Lie Algebra is used to represent velocities or displacements
v/ T = (vt)N = v/t

s Universidad
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Form of the Lie Algebra
* The Lie Algebra of a Lie Group can be obtained by

differentiating the group constraint
* For a multiplicative group:

méTg./\/l

X lx=£ = X 'X+Xxx=0

* The elements of the Lie Algebra are:

X —&vi=v ' em

vi=x iy = -—x-1x
 Differential equation:
X = xv"
 Solution:
X(t) = X(0) exp(v"t)

\ J
I

Belongs to the
Lie Group

Juan D. Tardés 8

X=E

z(t) = az(t)

z(t) = zp ™

G Universidad
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Exp and Log Maps

/

X = Exp(T1)
T = Log(X)
~

Tangent Te M
Lie algebra ™ em

(-)AT l(-)V

Vlector T R™

exp

<

log

Exp _

J

Sebres

Juan D. Tardés

<

Log

p
Manifold

-

X e M

/

Credit: (Sola et al. 2020)
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Adjoint Matrix

* Vectors of the tangent space at X € M can be
transformed to the tangent space at the identity £

Ady :m —=m; 7" — Ady(t") 2 X771
* As itis a linear operation, we will use its matrix form:
Ady :R™ -5 R™: %1 &7 = Adx™r

X o Exp(*71) = Exp(®*7T) o X = Exp(Ady ¥7) o X
)

— Or, defining & as composition with Exp

Xo¥r=*toX=(Adx*"T7) 0 X

{Q

% Universidad
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5.2.b Rotation Group SO(3)

Lie Group SO(3): R € SO(3) R'R =1,
— Differentiating the constraint:

. . . T Must be
R'R+R'R=0 — R'R=— (RTR) anti-symmetric
( a skew matrix)

 Lie Algebra so(3):

. 0 —w, wy
RIR=[w], =| w. 0 —w, | €s0(3)
—Wy Wy 0

Is isomorphic to the vector space:

w=|[ w, | eR’ Angular Velocity

% Universidad
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Lie Algebra so(3)
* s0(3) is the tangent space of SO(3) at the origin:

R=Rw, — R =[w

* |t's elements are:

0 —6. 6,
0" =0], = 0. 0 =0, | =0.E;+6,E)+0.E;
0

0 0 0
I 0 —1

« They represent angular velocity or a (small) rotation

—1

o O O
o O =
O = O
o O O

0
0

s Universidad
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Understanding the Exponential Map

 Differential equation:

R'R=w], = R=Rw]

X

e |t's solution is:

R(t) = Roexp ([w], t) = Roexp ([0],) = Ro Exp(0)

— Note that successive rotations are expressed in the rotated
frames, not in W:

Rw2 = Rwo Ro1 Ri2 = Rwo Exp(60;1) Exp(6-)

& i Universidad
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Exponential and Logarithmic Maps
 Taking into account:  x _ ig
’ pr k!

« Exponential map (Rodrigues formula):

R = Exp(@) = Exp(uf) =1 +sinf [u], + (1 — cosf) [u]’

X

» Logarithmic map:

__y(trace(R) —1 B 0 TV
6 = cos ( 5 O_Log(R)_QsiHH(R R")

 Derivative of Exp:

= Exp(0)E;

OExp(0) 0¢%" 100" @Exp(ﬂ)‘
o6, 06, 08 ‘ o6,

0" =0,E; +0,E; + 0,E3

& i Universidad
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5.2.c Rigid Motion Group SE(3)
* Lie Group SE(3):

R t R € SO(3)
T_(o 1)€SE(3) t € R?

RiR1 Rita +t r _RT
rr, - (R RGBT )

 Lie Algebra se(3):

* Isomorphic to:

v Ve Wy
V:<w>€R6 v=1| v, | eR’ w=| w, | €R’
V. W,

Linear Velocity Angular Velocity

& i Universidad
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Lie Algebra se(3)
« se(3) is the tangent space of SE(3) at the origin
* Its vector basis is:

000 1 0000 0000
000 0 000 1 0000
Gi={ogo000]' o000 %=|00o01
000 0 000 0 0000
00 0 0 0 010 0 -1 0 0
00 —1 0 0 00 0 1 0 00
Gi=1lo1 0 0= 1000 =10 0 00
00 0 0 0 00 0 0 0 00
0 -6, 0, d,
A 97. O—Om(ly
d" = 0 0 d :del+dyG2+de3+6)mG4+9yG5+02G6
—Vy x 4
0 0 0 0

d=(d,d,d.0,0,6.)"
— se(3) represents linear and angular velocities or (small) motions

w1s  Universidad
Juan D. Tardos 16 A8i  Zaragoza

1542




Exponential Map

« Solution of differential equation:
T(t) = Toexp ((vt)") = Toexp (d") = Ty Exp(d)

— Note that successive motions are expressed in the transformed
frames, not in W:

Two = Two Tor T12 = Two Exp(dy) Exp(ds)

Sebres

% Universidad
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Exponential and Logarithmic Maps in SE(3)

* Vector space:

d
0

N

« Exponential map:

) = (dydy,d.0,6,0.)"

Watch out!

0 Exp(d)
dd,

d=0

&

R t
0 1

1 —cos@

V(0) =T+

) = Exp(d) = (

R = Exp(0) = Exp(uf) =1+ sin6 lul, + (1 —cost) [u]i

2 ), +

Exp(@) V(0)d
0 1

)

0 —sinf . o

S

» Logarithmic map:

Sebres

Juan D. Tardoés

0 — cos— (trace(
6 = Log(R)

d= (V) 't

2

0
~ 2sind

R)—l)

\Y

(R—R)

18
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-

A Simplified Notation

R t

0 1 ) € SE(3)

d € R =2 s5¢(3) x € R?

« Overloading the composition & with implicit Exp / Log:

Sebres

Tap ® The
Tip @ dp
dy® Tap

d=T,® T,

Tap ©Xpp

dp & xpp

|I> > > >

> [l>

Tap Tpc =Tac

Tap @ Exp(dp)
EXp(dA) P TAB

Log (T1T5s)

RapXpp +tap = Xap
EXp(dB) D Xpp

Juan D. Tardés
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Other ways to Represent Perturbations

|

R t

0 1] € SE(3)

T = [g] € R®

« Same rotational part, different translations:

Sebres

SE(n) :
T(n)xSO(n) :

(R™,SO(n)) :

Juan D. Tardoés

MoT=

Mo T =

MY T=

RExp(0) t+ RV(O)p]
0 1
RExp(0) t+ Rp]
0 1

[ t+p ]

R Exp(0)

20 an
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0.55

0.5

0.45

04

035

03[

0.25 |

02

015

01

Perturbations on the Right or on the Left?
Wrong question!

TWR @ (vt), withv=(1,0,0,0,0, 1) vi) @ Twn ,withv=(1,0,0,0,0,1)
L A 21!
\
- GOOD! - J/r 1ol ! BAD!
_Jl 6l !
1y
) /Z 14] .;
— ~J
?pi _ | 1ol .
S E3_ | f~L > | . {;rsXsoaL
/ aﬁxSOSR ; FE
: /7 / Twrddr 1s GOOD »
e dr @ Trw is GOOD )
LN d ©Twn_iBAD |
;/”/////Z4Aoz i
\ / / - L ~ SSOSL JI L . RES LIS
2 2.1 2.2 2.3 2.4 2.5 14 1.6 1.8 2 22 24
X X
Define perturbations in a NEV.ER AT THE ORIG!N.'
LOCAL REFERENCE: Rotations a[‘ound the origin
robot. camera. IMU. .. produce big translations
’ ’ ’ when far from the origin!!!
W Universidad
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5.2.d Jacobians
Jacobian of a Transformation (Adjoint Matrix)

 Allows to change velocities or perturbations from one
side of a transformation to the other side:

R t R
JAB = AdTAB — ( SB [ AE;]{ZB AB )

Tap®dp =ds® Typ =Japdp @ Tap
{

da
dp

= Japdp
= Jpady

Juan D. Tardés
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Jacobians: Composition

A O
Left: Jig(Tap) = Ji(Tap) = (dAaﬁ,;I‘AB) da=0

a J(Tap @ dp)
odp dp=0

nght J2®(TAB) — Jr(TAB)

O(Japdp ® Typ)
odp

=J16(Tap)J
d,y—0 16(Tap)Jan

Relationship: | J2s(Tas) =

« Computation: Jis(T) = ( V(()O) Q\%S?‘)g) ) Log(T) = ( g )

1 f —sin 0
Q(p,0) =5Px T~

1—9 _cosf
- 204 (eipx + Pxei - 39xpx9x)

92 . - 93
_1 1_7_0059_30_51119_F
2 f4 A

X (0xpx 0% + 0% px0y) . (Barfoot & Furgale, TRO 2014)

(Sola et al., arXiv 2020)
& W Universidad
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Jacobians: Point Composition

* Point composition:

A
y y = Tohx
deTex=Exp(d) &y = S:3Exp(d ( )
@ ts Exp(d) 1 Sis £ (I 031 )
 Lie groups make differentiation easy:
Jde T ® x) 0 Exp(d) ) y y
ad,; %,d=0 St3 od; la=o \ 1 B
« Jacobians:
R Jde T ® x) R
Jd(Y) é 8d i,dZO — ( 13 [_y]x )
. ~ O(RX + t .
3.(T) - Jdde T & x) _ (Rx +t) _R
0x %,d=0 19).¢ %,d=0

& s Universidad
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Jacobians of Point Observation
A point observed by a camera:

u,; =7 (Xcipj) =T (Tc,-W e xij) = (dc,; ® Teow @ XWPj)

Jacobian of projection:

) o (X)
J.(x) &
() oxX |k
« Jacobians:
A 8117;]' R . . N
Joij = = Jx(xe,p;) Ja(Xop;) = Jx(Xcip)) (13 [—%c,p,] )
adCz- XC; P; X
A (9117;]' N A R A
Jpij = 5 ) = Jx(xc,p;) J2o(Te,w) = Iz (Xo,p;) Row
XWP; 'xc,;P;

If the state is the robot pose instead of the camera pose:

Xo,p; = Tor @ dr, @ Trw @ Xwp, = Jordr, @ Tor @ Trw © Xwp,

duy; : A
J Rij £ . :Jw(Xcin) (13 [—Xcipj]x) Jor

Jdp, XC; P,
& i Universidad
Juan D. Tardos 25 ili  Zaragoza




5.2.e Similarity Transformations Sim(3)
Useful in monocular SLAM (to optimize scale drift)

 Lie group Sim(3): T = ( S?‘ ; ) € Sim(3) s € R"
v 1 000
 Lie algebrasim(3): V= ( w ) € R’ G = (3 o 3)

(w]x +0Isxs v ) _ ( e? exp([w]x) Wv )

° . €XPsim(3 (ana 0) .= €Xp
Exp: e ( O1x3 0 O1x3 1

o o2 + 62

- (600—1> HAC(;(J;Q(]LJF—QQL;)Q[QJ]X N (e"—l (B—1)0+A9> [c;];(

A =¢e7sin(f), B =e¢e?cos(f) and 0 = ||w||2
* Log: Lo | RO log(R) +1In(s)I W~lt
og =
O1x3 1 01x3 0

(Strasdat PhD 2012, Chapter 5)

w1s  Universidad
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69156 - Simultaneous Localization and Mapping (SLAM)

5.3 Optimization in Visual SLAM

Juan D. Tardos
Universidad de Zaragoza, Spain
robots.unizar.es/SLAMLAB

{Tiw. Xuw; |t € Ky, j € P1}" = argmin > p (”ukj — Tk (Tkwxwi)”;kj)

T

iw s Xwj kG{’Cl,’CQ},jEP1

Sebres

G Universidad
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robots.unizar.es/SLAMLAB

Lesson 5. Optimization in SLAM
3. Optimizations in Visual SLAM

a. Bundle Adjustment
b. Pose-graph

Readings:

* B. Triggs, P. McLauchlan, R. Hartley, A. Fitzgibbon Bundle
Adjustment — A Modern Synthesis,

in Vision Algorithms: Theory andPractice, Springer, 2000
« R Kimmerle, G Grisetti, H Strasdat, K Konolige, W Burgard,
g?o: A general framework for graph optimization, ICRA 2011

 Hauke Strasdat

Local Accuracy and Global Consistency for Efficient Visual SLAM,
PhD Thesis, Imperial College, 2012 (chapters 5 and B.6)

& T Universidad
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https://hal.inria.fr/file/index/docid/590128/filename/Triggs-va99.pdf
https://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.482.2483&rep=rep1&type=pdf
https://www.doc.ic.ac.uk/~ajd/Publications/Strasdat-H-2012-PhD-Thesis.pdf

5.3.a Local Bundle Adjustment (BA)

-—

\ e B

)
\ h .
oy N

IC1  Current Keyframe & Covisibles

Local Map: 4 P;  Points seen by K1(in red)

| K2 Rest of Keyframes that see P

Local Bundle Adjustment

(Twxus i € Kio G €PY —argmin S p(Jhug = 7 (TruxalI3, )

‘ f Tiw Xuwj ke{lC1,’32},je’P1
I /
Variable Constant, they anchor the map

& 7 Universidad
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Representation with a Factor Graph

{Tiw, Xu; }"

Bipartite graph: variables (cameras and points) and
constraints between them (observations or priors):

Represents the map posterior pdf as a product of factors:

(T s} [ {s]) o< [Tpty T )+ L) « Lot

S HeXp e;T;'e;)  Assuming Gaussian noise

The Maximum a Posterlorl (MAP) solution is:

eij = Wi — T;(Tiw B Xuy)

J

argmax p ({Tiy, Xu; } | {wi;})

iw Xwj

argmm g ew ij ey

X
'Lw wj i.j

cs=

Juan D. Tardés
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Putting Everything Togeth&

se(3)

 Observations: uy = mi(Tiw ® Xu;) + Wij = mi(di © Tiw S Xuj) + Wi
wii ~N(0,3) : Xy = gfj I, ; 04 = lpizel x scale;;
« Reproject. error: e;; = w; — m;(Tiw ® Xu;)
 Robust cost: {Tiw. Xu;}* = argmin Y _p (e[ 2} 'e;;)
by
W, =/p'(e) S ey) B
e Estate: d £ (dy..d;..d, 6Xu1 ... 0Xuyj -.. X
. Jacobians: J; = (e;)uOJC] Oureor. 0J3p;;0......0)
Joij = ad:] . = Jo(xi5) (Is [—%]y)
Ipy 2 88;12 =Tl R

Levengerg-Marquardt:

Sebres

(JTWI+A) d = J'We

i,j i,J

Juan D. Tardés 5
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Algorithm 1 Local BA
Require: Py = {xy;},j = l..m: points to estimate

Require: Ky = {T;,},i = 1..n: keyframes to estimate
Require: Ky = {T;,},i = n+ 1..n2: other keyframes seeing P;
Require: {u;;}: observations of P; from K; and Ky

repeat

H.JWe =0

for all ij do

Xij = Tiw © Xu;

e = Ui — 75 (Xs3) ] Reprojection error
d2;; = e[ X ey - Mahalanobis distance
W,; = p/(d2;)S;! J Robust cost funtion

JPij = Jﬁ(xij) Ry

if i < n then
Joij = Ix(xis) (Is [—xi),) ,
Jy = (0.0, 0..03p,0..00 [ Compute Jacobians

else

end if -

H=H+JW,J,; i -

IWe = JWe + J[W e Build linear system

end for il

d « solve : (H+ A\I)d = JWe Solve system (Levengerg-Marqguardt)

fori=1..ndo 1
Tiw =d(6i — 5 : 6i) ® Ty . Update Keyframes using

end for ] Lie Group SE(3)

for j =1..m do .

Xwj =d(6n+3j —2:6n+3j) +xuw; | Update Points in R3
end for
until converged

«zs  Universidad
Juan D. Tardos 6 i0i  Zaragoza
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Sparsity of Visual SLAM

« Each camera does not see all the points

 The Jacobian is very sparse:

0 . I:i . . .
5 Cameras 3333,, Points |
® 10 | 000000 ::. eee
g Gigigg— U2z i,
€15 I
3 E
820r :::ooo
25 zzzooo
J=9% 388
30| dx §| | | s3]
0 10 20 30 40 50

camera & point states

& i Universidad
Juan D. Tardos 7 AL Zaragoza




Sparsity of Visual SLAM

J H=JTJ
0 | N | H | H |
5 Cameras | %, Points . 5 ce P
10 | 000000 ::. :z. 10 B [ UZ3 :: iig
é w_ u23 i m.. codeoco
§ 151 ...333 . 15
§ ooozz: % 20
o 20 ...... -'JS
25 dz 300 < 25 [TTET] 8 o
= &2 3 s s 328
ol ¥ = X ] 3 ¢ a0 i
0 10 20 30 40 50 g —Xoo pr
camera & point states % :::ooo
40f g
45 88 |
H = dif &
, _ 50 — dx? 3
You don’t need to build J, 0 10 0 | 50 " 50

instead, build H and b:

H

b

JTWI =

JTWG = Z J;Wijeij

> IIWT;

i,J

i,

il

Juan D. Tardoés

camera & point states

And only some blocks of H:

pr (j ) — pr (j ) +J ;ijwij'] Pij
Hcp(’i:j) ng‘jWijJPij
s Universidad
8 A8l Zaragoza
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The Schur Complement

(A—BD7'C)x; = b;—BD'b, Solve reduced system for x;
Dx; = by —Cx; And then, solve for x,

& 7 Universidad
Juan D. Tardos 9 AL Zaragoza

1542




Reduced Camera System
(i n) () = (3)

(Hee — HCpH;leZp) d. = b,.— HcpH;plbp 1) Solve reduced camera system

(JTWI+A)d = J'We

H, d, = b,—Hd. 2) Substitute d, to find dj,

° | T | ‘ Cameras 1 & 2

s Hce Hcp | Schur o __Heo - Hop Hop ! Hop” "have seen que

’ - complement  HHEH common poins
of the points g |izcttttheee.
& 20 E 10 EEE.......
:“'“‘ | T E ~ Covisibility
§35 pr ] ) 20

or tH ] 25

45 H3 | 0 5 10 15 20 25

i H = gi; EEE. . camera states
Ly L= Reduced Camera Matrix
camera&pomtstates (6n X 6n)

2s  Universidad
Juan D. Tardos 10 i0i  Zaragoza
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Solving the Reduced Camera System
Cholesky decomposition of a positive definite matrix A:

A = LL' L: lower triangular matrix
* Linear system: Ax = b
LL'x = b
* Solution: Ly = b Forward substitution
L'x =y Back substitution

The camera matrix is positive definite and sparse

— Use a sparse Cholesky library 0 ooc - Hop Hpp  Hep?
» CSparse, CHOLMOD,...
— Best case: long and thin problems - O(n)

camera states
& °

n
o

— Worst case: high covisibility > O(n3)

N
o

o

5 10 15 20 25
camera states

«zs  Universidad
Juan D. Tardos 11 b Zaragoza




Gauge Freedoms

SLAM is based on relative measurements of features from
the on-board sensors

— The absolute pose of the map is NOT observable
— 6 gauge freedoms: 3 position + 3 orientation
— Hessian has a rank deficiency of 6
 Solution: select an arbitrary pose for the 1st camera, and
exclude it from the set of variables to estimate
— Full rank Hessian (except in degenerate cases)

In pure monocular SLAM, scale is also not observable
— 7 gauge freedoms: 3 position + 3 orientation + 1 scale

— Fix the 18t camera, and an arbitrary scale
Avoids rank-deficiency

 Solution: /
— Initialize with arbitrary scale and use L-M: (J'WJ +)I) d = J'We

ﬁ — Or fix the distance between 1stand 2"d camera ~  _ Unversidad
ROBOTICS Juan D. Tardos 12 i Zz:‘r!a‘g’;%gl a




5.3.b Pose-Graph Optimization

When performing SLAM, the relative pose between
neighboring keyframes is very accurate

But drift is accumulative
 In a long loop, the accumulated drift will be large

« With large errors, BA is problematic:
— BA is non-convex, and can converge to local minima
— Far from the optimum, convergence can be very slow

 Solution: correct loop with pose-graph optimization
— Optionally followed by full BA in a separate thread

Gas  Universidad
R%TICS Juan D. Tardés 13 ini Zaragoza




Pose-Graph Optimization

-----

' o »
(a) Poses and points (b) Pose-graph (c) Corrected pose-graph

Figure 5.1: The loop closure problem. (a) illustrates the error (dotted red line)
between the final camera pose (in grey) and the drifted pose estimate. The loop
closure constraint is shown in green. (b) illustrates the pose-graph representation,
where point observations are replaced by relative pose graph constraints (blue line).

We correct the pose graph (c¢) and close the loop by distributing the error over all
relative constraints.

Credit: (H. Strasdat PhD, 2012)

& ) Universidad
Juan D. Tardos 14 ifi
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ORB-SLAM uses the Essential Graph

0: number of common points

6. =15 0. =100

Used for Local BA, Used for Loop Correction
instead of sliding window

W Universidad

Juan D. Tardés 15 Zaragoza
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Pose-Graph Optimization

Use the relative pose between pairs of close keyframes
before the loop closure as an observation (constant):

T, 2T,

 After loop correction the residual of this observation will

>

be:
Ej‘i szTsz]w < SE(B)
dji £ Log(T;;TwTj,) € se(3)

Can be obtained by

point marginalization,

Pose-Graph optimization: or simply use lg

*
{T3,,.. T .} = argmin E d;,

TQw T'rn'w ]'LEC

"""" Universidad

aae
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Jacobians of Pose-Graph

* We will estimate perturbations for each pose:
dj; = Log(T; @ (d; ® Ts)(d; ® Tjy,)"")
The required Jacobians are:

0d;; 0 Log(x)
adj. dd—o G—X( B Jie(Eji) J1,,
adZ o 0 Log(x) : More details:
> S S PG o Strasdat PhD, 2012
od; ld;,d;=0 OX  Ix=E, 20 (Eji) ( )

« At the end, correct the cameras and the map points:

x;; = Ty ®x,; Compute pointjrelative to KF i
Tiw = di®Tw  Correct KF i
Xuj = Ty, ©Xij Correct point |

«zs  Universidad
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Monocular Pose-Graph
« Correcting scale drift in a monocular loop closure:

T, = ( Riw i ) € SE(3) > Siw = ( SiwBiw L ) e Sim(3)

0 1 0 1

« Pose-graph optimization in sim(3):
Sji = SjuSi
E;; SjiSinj_J e Sim(3)
d;; 2 Log (SjiSinj_J) € sim(3)

{S5,,..S* } = argmin Z d;-;Zj_ildﬁ

SQw,--Smw jZEG

>

 Loop correction:  xij = T ® Xu,

Sitw = di © Siw Corrects scale drift for
Xui = S;L®X; poses and map points

(Strasdat-PhD 2012, Chapter 5)

«zs  Universidad
Juan D. Tardos 18 A8i  Zaragoza




Bluesky, The Geolnformation Group, Map data (©2012 Google

(d) aerial photo
(Strasdat-PhD 2012)

s Universidad
A0l Zaragoza

(c) Sim(3) optimisation
Figure 5.3: Keble college data set

Juan D. Tardos
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Take-Home Messages
SLAM is a non-linear least-squares problem

With good seeds, G-N or L-M converge in a few iterations

Robust cost functions take care of spurious matchings

Optimization in a manifold
— It is essential to use local perturbations
— Lie groups provide a nice theoretical framework

SLAM is a sparse problem

— Use Schur complement and sparse Cholesky decomposition

* Loops can be corrected with pose-graph
— With 6 dof in stereo or visual-inertial settings
— With 7 dof in pure monocular setting, to correct scale drift

 Libraries for SLAM optimization: g20, Ceres, GTSAM

s Universidad
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https://github.com/RainerKuemmerle/g2o
http://ceres-solver.org/
https://gtsam.org/

69156 - Simultaneous Localization and Mapping (SLAM)

Lesson 6: Visual-Inertial and
Multi-Map SLAM

Juan D. Tardds, Carlos Campos, Richard Elvira
Universidad de Zaragoza, Spain
robots.unizar.es/SLAMLAB

room1+magistrale1+magistrale5+slidesi

1
-20 0 20 40 60 80 100

[ J L

1 ini
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robots.unizar.es/SLAMLAB

Lesson 6. Visual-Inertial and Multi-Map

1. Visual-Inertial SLAM

a) IMU Sensor & Preintegration

b) IMU initialization

c) Visual-Inertial Tracking

d) Visual-Inertial Mapping

e) Loop-Closing and Map Merging with IMU
f) Visual-Inertial SLAM result

Readings:

« C Campos, R Elvira, JJ Gémez Rodriguez, JMM Montiel, JD Tardos:
ORB-SLAMS3: An Accurate Open-Source Library for Visual, Visual-
Inertial and Multi-Map SLAM. IEEE Trans. Robotics, 2021.

« C Campos, JMM Montiel, JD Tardds, Inertial-Only Optimization for
Visual-Inertial Initialization, ICRA 2020

G Universidad
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https://arxiv.org/abs/2007.11898
https://arxiv.org/pdf/2003.05766.pdf

Monocular SLAM Works Nicely...

ORB-SLAM2: Map Viewer

i
i
3
i
3

)

M MODE | KFs: 109, MPs

P
A Bt o iy

:
A i
s Universidad
3 Zaragoza
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...but Scale is NOT Observable

400} === Ground Truth
=  Estimation (.
L
300} \ 2
E 200l A
> h
100}
.
ok
~200 2200 0 200 200
x [m]
Scale drift!

«zs  Universidad
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Visual-lnertial SLAM

« Camera:
— 3D localization
— Environment Mapping
— Place Recognition

* IMU (Inertial Measurement Unit)

— Angular velocity
— Linear acceleration + gravity

- Short-term motion prediction

—> Absolute roll and pitch
- True scale estimation

G Universidad
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IMU in Tracking, Mapping and Loop Closing

TRACKING
10-30 Hz Frame Extract | nitial Pose Estimation
ORB from last frame, Track New KeyFrame

IMU Relocalisation or Local Map Decision
100-1000 Hz IMU P integration Map creation

: ATLAS : KeyFrame
' DBoW2 Active Map 1
1 |
1 KEYFRAME MapPoints 1 KeyFrame
, DATABASE . \ y !
MapPoints > : ! Insertion
[ !
Visual ‘
1 I Recent
I Vocabulary | MapPoints 5
: Covisibility : Culling g
¢ Database Covisibility Graph ]:| : New Pints -~
! Graph Spanning [ Creation E
: Spanning Tree ! v
1 [ 4
A . IMU 0
el e R Place recognition, ........... Initialization
: Optlmlze Loca|
Update || Full : A Loo
5‘ - Essential P KeyFrames
ap BA : Graph Fusion :
FULL BA : B Compute ||| Candidatesf|: Culling
Optimize Merge Sim3/SE3 Detection 4 IMU Scale
Essential |jL-oc! Mags : Refinement
Graph P
SRR G OP & AP MERGING
s Universidad
6 ili  Zaragoza
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6.1.a IMU Sensor

* IMU measures angular velocity and linear acceleration in

the body reference
Noise Bias

RWBH_l — RWBz EXp

S E e

PuB; 11 = ZL + 2 + RWB (‘—At2

Initial Velocity Gravity
Difficulties:

— Measurement noise

— Accelerometer and gyroscope biases
— Direction of gravity unknown

— Initial velocity unknown

oG e '

Additional states
to be estimated

Universidad
Zaragoza



Visual-Inertial SLAM: The Big Difference

Visual Bundle Adjustment

Variables:

1. Camera poses

2. Map-Point positions

Residuals:
O 1. Reprojection error

Visual-Inertial Bundle Adjustment

/.

\ // oo /

® @
by(2) b

Extra variables:

1. Camera velocities
2. IMU Biases

kD

Extra residuals:
(O 1.IMU measurements

Universidad
Zaragoza



IMU Sensor: References

e Several sensors references
* A single optimizable
reference: (IMU/Body)

State

|
TWC1 — TWB TBC1

TWCQ — TWB TBC2

From calibration

I dE /
ntrinsic and Extrinsic parameters Y, _
can be calibrated with Kalibr: Y, l gravity

https://github.com/ethz-asl/kalibr / W :

«zs  Universidad
9 AL Zaragoza
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IMU Sensor: Gyroscope

« Measures angular velocity (rad/s) in body frame:

wg, =wp, + b/ +n] ; n/ ~N(0,X9) Measurement noise

bl =b +nl,, ; nl,; ~N(0,%7,) Biasrandom walk

Two consecutive IMU orientations

are related by: Dropping W&B
Subindexes
Rii1
R, wAt_.
~ g 4 EuRoC.yaml
Rz‘_|_1 — RiEXp (((,dZ — bz ) At)

IMU.NoiseGyro: 1.7e-4

Exp : Takes 3 angles and returns TMU.Gyrolialk: 1.93e->
a rotation matrix

s Universidad
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IMU Sensor: Accelerometer

« Measures linear acceleration (m/s?) in body frame,
affected gravity, bias and noise:
as, = Ra,w(ay —gu) + b +nf ; ni ~ N(0,X") Measurement noise

a

i1 = b + n?w,z- ; nﬁw,z- ~ N(0,X7,) Bias random walk

4

Q= Rwsi(&Bi — %) + g + 1 EuRoC.yaml
IMU.NoiseAcc: 2.0e-3
IMU.AccWalk: 3.0e-3
* Two consecutive velocities and positions:
Vi—l—l = V; —+ gAf —+ RZ (ELZ — bg) AIL
T, 1 oo Dropping
Pit1 = Pi+ ViAt+ §gAt + §RL- (a; — bf) At W&B

& «zs  Universidad
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IMU Preintegration: Why?

10-30Hz  TRACKING

Extract
Fra
e ORB
IMU
IMU integration
100-1000 Hz
A lot of IMU

measurement

between Frames/KF

b i1 ot fl

k
Images: o ) o

Keyframes: e

IMU: <X X X X X X X X X X X X X X X» X

Fig. 4: Different rates for IMU and camera.

Computations for

each measurement ngh_ |
when Frame/KF computationa

states change burden

SOLUTION:
Summarize IMU
measurements in a
single precomputed
term
PREINTEGRATION

When Frame/KF state change,
> we only need to update a
single preintegrated term

"Visual-inertial-aided navigation...", Lupton et al, TRO 2011

"On-Manifold Preintegration..." Forster et al, TRO 2016

s Universidad
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IMU Preintegration: Detalils

Preintegrated terms AR,;; Av;; Ap;; are computed at:
A

ImuTypes.h/.cc

Preintegrated: :dR;
Preintegrated: :dVv;
Preintegrated: :dP;
Preintegrated: :IntegrateNewMeasurement()

Expressions and further details: http://rpg.ifi.uzh.ch/docs/RSS15 Forster Supplementary.pdf

Preintegrated terms relate (i,j) frames/keyframes as follows:

1. Preintegrated rotation AR,;; : R; = R;AR;;
2. Preintegrated velocity Av,; : v; = v; + gAt;; + R;Avy;
)
3. Preintegrated position Ap;; : P; = Pi + ViAt;; + §gAt?j + R;Ap;;

Remark: Preintegrated terms depend on bias

w1s  Universidad
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http://rpg.ifi.uzh.ch/docs/RSS15_Forster_Supplementary.pdf

IMU Preintegration: Residuals

Moving back to our

Visual-Inertial BA... i ::
: JFKF i j-KF prediction from i-KF
estlmatlon estlmatlon and IMU premtegratlon

R; R AR
vj = vz + gAti; + R, sz]

Preintegrated residual terms: =~

rar,, = Log (RjRiARy;)

rAVij - v]

How do we use preintegrated B
measurements to define Tapy; = Pj (pz + Vildtij + gAt +R; pr)

residuals?
Log Maps rotation matrix to 3 angles vector

— WY g

Bias random walk residual: 4 B j ;
W Universidad
14 A0l Zaragoza
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IMU Preintegration: Residuals in g20

) 5 o
G2oTypes.h/cc AN
EdgeInertial; & \\
VertexPose; @
VertexVelocity; /
VertexGyroBias; /

Edge for Inertial preintegration

VertexAccBias;

Edge for bias random walk
AGZoTypes .h/cc

EdgeGyroRW;
EdgeAccRNW;

VertexGyroBias;
VertexAccBias;

Expressions and further details: http://rpg.ifi.uzh.ch/docs/RSS15 Forster Supplementary.pdf

w1s  Universidad
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http://rpg.ifi.uzh.ch/docs/RSS15_Forster_Supplementary.pdf

6.1.b IMU Initialization

TRACKING
Frame |—bl EXtract [lnitial Pose Estimation
ORB from last frame, Track New KeyFrame
MU Relocalisation or Local Map Decision
IMU 5 tegration Map creation
: ATLAS : KeyFrame
' DBow2 Active Map ! Goal: Find initial estimation
1 | . .
j (KEVERAME (‘appoints JI! | ["eeyFrame for inertial parameters:
, DATABASE . N ] :
MapPoints | Insertion
] . 0 "
) v VISbUall @ 1 Recent - 1 . VeIOCItleS
I SEaviiaty I MapPoints | | ©
1 = I Cullin 0
Recognition Covisibility 9 > H
= -
| Database COVISIbIlIty Graph ] I New Points E 2 . Blases
! Graph Spanning I Creation S
! i Tree \ t v
Spanning
: Tree Ll"iw ! LocalBA || 2 3 Map Scale
S~ EL————— | I g
. IMU 1 1 1
LoopCorrection .. Place recognition. ... Initialization 4. Gravity direction
Optimize Local
U;:/Idate ol : Essential Logp KeyFrames
ap BA : Graoh Fusion :
5 Sk 1 £ | Compute | |Candidates Culling
FULL BA P Optimize Sim3/SE3 | | Detection T
Essential Local I\:/Iearg: Refinement
Graph BA P
'D.A..a.-pul"M-e-r-'ai-H-g--'--------------------Lndénp--ﬁ--M-A-ﬁ--ﬁ-Euﬁ-é-iN,é.'
Universidad
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ORB-SLAM3: Visual-lnertial SLAM

T, v, Up-to-scale
parameters

Inertial residual

Random Walk
residual

] Reproj. residual

@ @
O Prior residual
0 @ ._@ L1 Fixed parameters

(a) Visual-Inertial

Initialization steps:

e\ 8 \
@ \@&] /

(b) Visual-Only (c) Inertial-Only (d) Scale and Gravity
& A Universidad
17 l Zaragoza
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IMU Initialization

Approach: Split initialization process into small blocks.

1. Visual 2. Monocular 3. Inertial o VISLE]L

Initialization Visual SLAM Initialization et
SLAM

. Compute Find inertial
I\F/I'nf.l |n|t|ald trajectory parameters:

3%'()”.3? up-to-scale Scale, gravity, biases

poInts (for 2s) and velocities
LocalMapping.h/cc
InitializeIMU()

& T Universidad
- e 18 il Zaragoza
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IMU Initialization: MAP Approach

stz Visual Initialization and SLAM

Visual

_ observations
Equivalent MAP problem: 1
b {To;k,P}* — arg max p(TO;k,PlV)
O:k,P

g IMU Initialization: Inertial-Only optimization

Inertial

Equivalent MAP problem:  observations

X, = arg rr}’(axp(Xk|Io:k)
k

Xk) = {37 g, b7 ‘70:/{:}

* Only inertial measurements
4 — * Only inertial variables
Optimizer.h/cc « Scale not estimated for stereo

InertialOptimization()

«zs  Universidad
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IMU Initialization: Inertial-Only Optimization

3. Inertial
Initializati

Residuals w.r.t up-to-scale poses and
velocities, scale and gravity direction:

rar,, = Log (AR;;(b?)"R;R))

T o =
ravi; = R; (5V; — sV; — Ry,giAt;;) — Avy;

/ G2oTypes.h/cc .
: T — — = 2
EdgeInertialGS; =R [ sD. —sD- — sV.At: = »
\%2r~2§§6$?m rApi.i Rl (SpJ SP; ’Sv"AtU 2 W(IglAt ) Asz
VertexScale;

Solve optimization:

* Levenberg-Marquardt
* Optimization converges in 10 ms
« Map is rotated and scaled after opt.

w1s  Universidad
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IMU Initialization: Inertial-Only Optimization

4. Visual-
Inertial

SLAM

Solve final joint visual-Inertial Optimization.

Visual measurements in the body
reference:

rij = uy; — I (TeaT; ' x;)

/ G2oTypes.h/cc

EdgeMono;
EdgeStereo;

Remark: IMU measurements do not use robust
cost function since missassociations do not exist.

Finally, just after 2 seconds, launch Visual-Inertial SLAM

& 7 Universidad
21 A8l Zaragoza
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IMU initialization Example

NI 0 Univer sitano de v estigacion

en Ingenieria de Aragon
Universidad Zaragoza

2+ Universidad
Al Zaragoza

75

Inertial-Only Optimization for Visual-Inertial Initialization

Carlos Campos, José M. M. Montiel and Juan Tardos

Sequence: V1_02_medium
Dataset: EuUROC MAV Dataset

«ss  Universidad
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IMU Initialization: Practical Tips

IMU needs to be excited during initialization (first 2 seconds)
to properly estimate initial parameters:

AVOID TRY TO:
No motion « Combine rotations with
* Pure rotational motion translations
* Pure translational « Make sure gravity points in
motion different directions in IMU
« Constant velocity reference
motion « 8-shaped trajectories are a
* Rotation only around good choice
one axis

| 1 % Universidad
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6.1.c Visual-Inertial Tracking

TRACKING
Frame |—bl EXtract Hlinitial Pose Estimation
ORB from last frame, Track New KeyFrame
MU Relocalisation or Local Map Decision
IMU integration Map creation
: ATLAS : KeyFrame
! DBoW2 Active Map [ M . ._ﬂ:
| KEYFRAME Sl ain differences w.r.t.
1 { MapPoints ) 1 KeyFrame
., DATABASE : T han: _ _
N W | visual tracking:
: Vocabulary : Recent -
! ! MapPoints | | ©
I —— - 1 Cullin 0 e T 1
Recognition Covisibility 9 I t I t t
| = oy oL —|z « |nitial pose estimation
] Covisibility :l [ New Points
! Graph Spanning I Creation E
! i Tree ! .
Spanning o L I t k
; l_h: w2 * Local map tracking
Loop Correction Place ition IMU @
............................................... ace recognition ... | |iitializati |_ t &
o ; nitialization [ OS Case
Update || Full Sspstg:tlfael Loop KeyLl?rCa?;es
Map BA : Fusion - K f I I I
FULL BA el I & | Compute | [Candidates||: Culling new ey ra e
: [[optimize - - Sim3/SE3 | | Detection [ {7 |MU Scale d .
: - l|Loca : -
Essential Ba | Maps : Refinement eCISIOn
: || Graph :
o e e R
«zs  Universidad
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VI Tracking: Initial Pose Estimation

TRACKING

Extract
ORB

Initial Pose Estimation
from last frame,
Relocalisation or

Map creation

Frame |—»
Track New KeyFrame
Local Map Decision

IMU
integration

IMU |

Y

* Predict pose using
IMU preintegration
instead of using
pose-only BA 00,

Previous
Frame

Local map to be projected

Found
matches

* Project into smaller

windows Current

predicted
frame

Preintegrated IMU

& 7 Universidad
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VI Tracking: Local Map Tracking

Optimize current frame state TRACKING

Frame |—b EXtract |[initial Pose Estimation|
f f d H I t h ORB from last frame, Track New KeyFrame
r0| I l Oun V|Sua I I la C eS IMU Relocalisation or Local Map Decision
d . t t d I M U IMU [ integration Map creation
and preintegrate ; '
if map changes (Local BA, Loop Closure)
- Map Points - Map Points Map Points
: @
a) Tracking Frame j b) Prior c) Tfatking Frame j+1 d) Prior e) Tracking Frame j+2 f) Prior
(Map changed) (optimization result) (Map unchanged) (marginalization) (Map unchanged) (marginalization)

"ORB-SLAM VI..." Mur et al. 2017
 If map is not updated, optimize w.r.t.

/ Optimizer.h/cc

previous frame and marginalize it.

PoseInertialOptimizationLastKeyFrame();
PoseInertialOptimizationLastFrame();

 If map is updated, optimize w.r.t.

@ previous key-frame
s Universidad
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VI Tracking: Tracking Loss & Keyframe Decision

When tracked Map Points
drop below 15, system passes
to RECENTLY_LOST state:

« Continue estimating
pose with IMU for 5 seconds.

* |f tracking remains for
more than 5 seconds in this
state, system changes to
LOST state

New keyframe decision:
*Same as visual
*Insert a keyframe at least every

Sebres

TRACKING
Frame | EXtract |lnitial Pose Estimation
ORB from last frame, Track New KeyFrame
MU Relocalisation or Local Map Decision
IMU integration Map creation

=

=

0.5s

27

*Project local map points to find
new matches (larger search window)
*Create keyframes for triangulating
new points.

System robust to fast rotations
or short occlusions

*Relocalization
*Create new map

System robust to long losses
(Multimap system)

Universidad
Zaragoza




6.1.d Visual-Inertial Mapping

TRACKING
Frame |y EXtract Initial Pose Estimation
ORB from last frame, Track New KeyFrame
MU Relocalisation or Local Map Decision
=S Tlmegatonll__F 2o - Differences w.r.t

' ATLAS ' KeyFrame . H .
1 I
' DBoW2 Active Map ! Vlsual mapplng
1
' KEYFRAME A v : :
 DATAEACE gl [ -5 * Local Visual-Inertial
Visual
: el s BA
' |[Recognition | Covisibility 1 Culing ||
: Batabase Covisibility Graph :l : New Points | | &
1 Graph Spanning I Creation § L4 Local Keyframe
: Spanning Tree -‘ : g .
TSR S L= i Culling
FORSIETIAN i) Place recognition, .............. .
el [ omee |1 « Scale/Gravity
Map BA Graph Fusion . ; ——— Kegl'jlrl?:;es f.
: m andidates| |:
FULLBA  fmma refinement
Essential Local||Merge
Graph BA || Maps
s Universidad
28 idi  Zaragoza
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VI Mapping: Local Visual-Inertial BA

]
¥

KeyFrame Local Map Points
(all points visible in local window)

wecoms 115
Culling 2 R AR A N <.
Creation : ; ;
Lolc:I:JBA |§
. | | |
Y refinement Fixed Window Local Window
(connected to local window (N last keyframes)
in the covisibility graph and
the last N+1 keyframe)
« Covisible keyframes to local y PSR —"
: . ocalMapping.h/cc
window are added but remain bp-te
. . . . . LocalInertialBA();
fixed during optimization

& @ Universidad
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VI Mapping: Scale/Gravity Refinement and

| Keyframe Culling
P Since we are using a temporal window, scale or gravity
] direction errors outside the window may not be corrected by

Culling

Local-Inertial BA

New Points
Creation

All keyframes included,
but fixed.

Local BA

9NIddVI TVI01

IMU
Initialization

Very efficient, only 3

KeyFrames variables.
Culling
— | IMU Scale
Refinement ﬂ
LocalMapping.h/cc

ScaleRefinement();

Keyframe culling: same as
visual, but...

- Two consecutive KF are not ImuTypes.h/cc

more distant than 3s.

Preintegrated: :MergePrevious();

- Merge inertial preintegrations: G

& 7 Universidad
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6.1.e Loop-Closing and Map-Merging with IMU

UNIVERSIDAD DE ZARAGOZA

TRACKING
Frame |—b EXtract [ljnitial Pose Estimation
ORB from last frame, Track New KeyFrame
Relocalisation or Local Map Decision
IMU IMU M ti
—Pintegration ap creation
: ATLAS : KeyFrame
' DBoW2 Active Map [
1 |
I KEYFRAME MapPoints I KeyFrame
, DATABASE . A ” -
MapPoints . I Insertion
] |
Visual i
1 I Recent
R Vocabulary @ I MapPoints
: Covisibility : Culling
: Database Covisibility Graph :l : Kow Points
1 Graph Spanning I Creation
y Spanning Tree !
: Tree e— : Local BA
IMU
FOOPICODETHON .. . cicss Place recognition ........... Initialization
Optimize Local
Update | | Full : | ? Loo
EA Essential op i KeyFrames
ap BA Grabh Fusion :
FULL BA : s | Compute [l Candidates| | ||| _Culling
Optimize Hierae Sim3/SE3 Detection «— | IMU Scale
Essential fjLocal 9 U Refinement
BA Maps :

Graph

Map Merging

LOOP & MAP MERGING

31
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Loop Closing with IMU

b Place recognition.............

Update Opt|m|.2e Loop

Essential 2

Map Graph Fusion -
FULL ; I i | Compute §fCandidates| I
: B optimi sim3/SE3 || Detection | fi
: ptimize «
: .1 llLocal||Merge :

: [|Essential Maps

Graph BA P
MapMergmgLOOP&MAPMERGING

1. IMU increases robustness of loop-closing detection:

« When loop closing candidates are found, check gravity
direction change:

« If >0.5degree - Discard loop

2. IMU makes pose-graph more efficient: o
« Pitch and Roll are observable
» Optimize poses with only 4 Degrees of Freedom

Optimizer.h/cc

OptimizeEssentialGraph4DoF;

3. Thanks to lower visual-inertial drift, Global i G2oTypes.h/cc
BA after loop-closing is not required Edge4DoF ;
Vertex4DoF;

«zs  Universidad
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Map Merging with IMU

FOPISOEEION. v Place recognition, ..............
Update || Full : 0pt|m|;e Y566
: Essential : - :
Map BA : Grabh Fusion :
FULL BA H Y Compute [{|Candidates| |:
: [ Optimize Sim3/SE3 Detection | L
: . flLocal | Merge :
: |f Essential Mabs 1 :
‘W Graph [ BA P
SRR IO OB E VAP MEREING

Similar to visual case,
but... Stored Map
» Gravity check Mo,

* 4DoF optimizations N

« Temporal windows TTTT T D\

for stored and active  Keyframes from M,

' j d M observi
map in merging BA.  &nd -fla obeetving |\? % \\D\%
4 — é
Optimizer.h/cc Active Map AA%
'®/'® ' /'®'®

Mg

He@®
=\ .00
©
‘o
Veee
CoIG

MergeInertialBA();

& 7 Universidad
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6.1.f Results: EuRoc Dataset

s Universidad
A Zaragoza

o NI 0 Univer sitano de v estigacion

en Ingenieria de Aragon
Universidad Zaragoza

Inertial-Only Optimization for Visual-Inertial Initialization

Carlos Campos, José M. M. Montiel and Juan Tardos

Sequence: V1_02_medium
Dataset: EuUROC MAV Dataset

«ss  Universidad
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ORB-SLAM3: Visual Results

[ [ [ MHOI MH02 MHO3 MHO04 MHO5 | VIOl _VI02 VI03 | V201 V202 V203 | Avg' |

ORB;]LAM ATE?+? 0.071 0067 0.071 0082 0060 | 0.015 0020 - 0.021 0.018 - 0.047*

‘[)237‘]) ATE 0046 0046 0172 3810 0110 | 0089 0107 0903 | 0044 0132 1152 | 0601

Monocular S[;’;]’ ATE 0.100 0120 0410 0430 0300 | 0070 0210 - 0.110 0.110 1.080 | 0.294*
[[)351“1’1 ATE 0039 0036 0055 0057 0067 | 0095 0059 0076 | 0056 0057 0.784 | 0.126

OR%‘)?I;;‘W ATE 0.017 0017 0031 0066 0.044 | 0033 0.016 0037 | 0.021 0.022(-) 0.030*
ORB’é'fAMz ATE 0035 0018 0028 0119 0060 | 0.035 0020 0048 | 0037 0035 - | 0044
mei}‘“"" ATE 0540 0460 0330 0780 0500 | 0550 0230 - 0230 0200 - | 0424*

e S[;’;]) ATE 0040 0070 0270 0170 0120 | 0040 0040 0070 | 0050 009 079 | 0159
W‘?oilr‘s?m ATE(m) | 0.025 0022 0027 008 0058 | 0035 0021 0049 | 0032 0.027 0.361 6.069

«zs  Universidad
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ORB SLAM3 Visual-lnertial Results

[ [ MHOI MH02 MH03 MHO4 MHO5 | VIOl VI02 VI03 | V201 V202 V203 | Avg' |

MFS%'](F ATE® 0420 0450 0230 0370 0480 | 0340 0200 0670 | 0100 0160 1.130 | 0414
OE‘Q’]IS ATE® 0.160 0220 0240 0340 0470 | 0090 0200 0240 | 0130 0.160 0290 | 0.231
R%_{O ATE® 0210 0250 0250 0490 0520 | 0100 0.100 0.140 | 0120 0140 0.140 | 0224
Monocular | ORBSLAMVI — ATEZ? 0075 0084 0087 0217 0082 | 0.027 0038 - 0032 0041 0074 | 0075
Inertial [4] scale error>: 0.5 0.8 1.5 3.5 0.5 0.9 0.8 . 0.2 1.4 07 1.1%
VINS-Mono 4
o) ATE 0084 0105 0074 0122 0147 | 0047 0066 0.180 | 0056 0090 0244 | 0.110
VI-DSO ATE 0062 0048 0117 0132 0121 | 0059 0067 009 | 0040 0062 0.174 | 0.0%9
[46] N p— 11 05 04 02 08 11 L1 08 12 03
—ORB-SLAM? ATE 0032 0055 0.033 009 0071 | 0043 0.016 0025 | 0 3
(ours) scale error 07 10 03 1.0 06 15 05 11 05 o
meﬁ;m“ ATE* 0.166 0152 0.125 0280 0284 | 0076 0069 0.114 | 0066 0091 009 | 0.138
BASALT ATE? 0080 0060 0050 0100 0.080 | 0040 0020 0030 | 0030 002 - | 0051*
Stereo [47]
Inetial K'['g?“‘ ATE 0080 0090 0.110 0.150 0240 | 0050 0.110 0.120 | 0070 0.100 0.190 | 0.119
—ORB-SLAM? ATE 00370037 0.0% 0059 008 | 0037 001 0023 | 0037 001 000 70036 %
(ours) scale error 07 02 02 04 1.0 06 06 06 14 02 08 ‘¥0.6¢>

Universidad
Zaragoza
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Visual-lnertial Results: EuRoC

« Comparison for different EuRoC Dataset
sensor configurations

050
0.45
040
0.35
0 30
025
0.20
015
0.10
005
000

* IMU renders system
more accurate

Mono-'nertial

* IMU renders system
more robust

Stereo-Inert'al

Visual Visual-Inertial

W Universidad
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Visual-lnertial Results: TUM VI Benchmarck

Instituto Universitario de Inv estigacion
en Ingenieria de Aragén

Universidad Zaragoza

s Universidad
A8l Zaragoza

P

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

Carlos Campos*, Richard Elvira*, Juan J. GOmez Rodriguez,
José M. M. Montiel and Juan D. Tardos

Dataset: TUM VI Benchmark
Sequences: Room1+Slides1+Slides2+Slides3
Setup: Monocular-Inertial

is  Universidad
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Visual-Inertial Results: TUM VI Benchmarck

Comparison against SOTA
(mono/stereo) in a public dataset.

ORB-SLAMS3 gets best results for
indoor sequences:

— Mid-term data association.

ORB-SLAMS3 gets best results for
outdoor sequences:

— Exploratory trajectories (No loops)

ORB-SLAM3 gets competitive
results for challenging
sequences.

UNIVERSIDAD DE ZARAGOZA

TUM-VI Dataset

Mono-Inertial Stereo-Inertial
Seq. \I\//}(Ijnso_ S(Ei];b OKVIS|ROVIO | BASALT S(Eif/b L‘Z“m%‘h LC
corridorl 0.63 | 0.04 0.33 | 047 0.34 0.03 305 | v
corridor2 || 095 | 0.02 047 | 0.75 0.42 0.02 322 |V
corridor3 1.56 | 0.31 0.57 | 0.85 0.35 0.02 300 | vV
corridor4 || 0.25 | 0.17 0.26 | 0.13 0.21 0.21 114
corridor5 0.77 | 0.03 0.39 | 2.09 0.37 0.01 270 |V
magistralel || 2.19 | 0.56 349 | 452 1.20 0.24 918 | v
magistrale2 || 3.11 0.52 2.73 | 1343 1.11 0.52 561 |V
magistrale3|| 0.40 | 4.89 1.22 | 14.80 0.74 1.86 566
magistrale4|| 5.12 | 0.13 0.77 | 39.73 1.58 0.16 688 | v
magistrale5|| 0.85 1.03 1.62 3.47 0.60 1.13 458 | v
magistrale6|| 2.29 | 1.30 3.91 X 3.23 0.97 771
outdoors1 || 74.96 | 70.79 X 101.95| 255.04 | 32.23 || 2656
outdoors2 ||133.46| 14.98 || 73.86 | 21.67 | 64.61 10.42 1601
outdoors3 || 36.99 | 39.63* || 32.38 | 26.10 | 38.26 | 54.77 1531
outdoors4 || 16.46 | 25.26 19.51 X 17.53 | 11.61 928
outdoors5 ||130.63| 14.87 13.12 | 54.32 7.89 8.95 1168 | v
outdoors6 ||133.60| 16.84 || 96.51 | 149.14| 65.50 | 10.70 || 2045
outdoors7 || 21.90 | 7.59 13.61 | 49.01 4.07 4.58 1748 | v
room| 0.07 | 0.01 0.06 | 0.16 0.09 0.01 146 | v
room?2 0.07 | 0.02 0.11 0.33 0.07 0.01 142 | v
room3 0.11 0.04 0.07 | 0.15 0.13 0.01 135 | v
room4 0.04 | 0.01 0.03 | 0.09 0.05 0.01 68 |V
room5 0.20 | 0.02 0.07 | 0.12 0.13 0.01 131 |V
room6 0.08 | 0.01 0.04 | 0.05 0.02 0.01 67 |V
shdes . ) . . . .
slides2 0.84 1.06 2.15 0.81 0.32 0.49 299
slides3 0.69 | 0.69 2.58 | 4.68 0.89 0.47 383
«zs  Universidad
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Computational Cost

Table VI: Running time of the main parts of our tracking and mapping threads compared to ORB-SLAM?2, on EuRoC V202
(mean time and standard deviation in ms).

System ORB-SLAM?2 ORB-SLAM3 | ORB-SLAM3 | ORB-SLAM3 | ORB-SLAM3
Sensor Stereo Monocular Stereo Mono-Inertial Stereo-Inertial
Resolution 752 %430 752 %430 752 %430 752 %430 752 %430
Settings [ Cam. FPS 30Hz 30Hz 30Hz 20Hz 20Hz
™MU = - . 300Hz 300HZ
ORB Feat. 1200 1000 1200 1000 1200
RMS ATE 0.035 0.022 0.027 0.015 0013
Stereo rect. 3.07+0.80 - 1.30+0.42 - 1.260.30
ORB extract T1.2052.00 1825337 13.8054.12 11285376 35311
Stereo match 103852357 2 3165083 g 3105072
Tracking MU integr. = z 2 0.8950.20 0.7750.13
Pose pred 3305072 3315001 3895099 0115039 0175073
M Track 98954905 5305225 63521280 83515233 10585258
New KF dec 0205043 0.0550.03 0.2850.73 0.0550.03 0345064
Total 37.8757.49 31041283 25301721 257
KF Insert 87213.60 ﬁx:_wwo T T 2032230 n
MP Culling 02550.09 0.0950.03 03150.12 0.0850.03 0.2250.12
N MP Creation | 36.88L14.33 37962003 3334123353 636953510 | 38.06=22.40
4pPINg  TRA 13961512492 || 24433524552 | 180.44L15236 | 1524356221 | 1609154561
KF Culling 3375373 16821388 735355.80 2361L1727 13.14L1353
Total 173.81+139.07 241 AR-+-177 53 233311064 )
§ KFs 278 271 245 234 23
Map S0 3y 33593 || 9879 13975 8876 o173 |

Better performance for free

UNIVERSIDAD DE ZARAGOZA
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Visual-lnertial SLAM: Conclusions

Using a small, cheap and simple IMU sensor improves

visual SLAM:

Robust to short occlusions or lack of visual features

e More accurate

Gets true scale in the monocular case

Gets body pose at a higer rate than camera

No extra computational cost

% Universidad
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69156 - Simultaneous Localization and Mapping (SLAM)

6.2: Multi-Map SLAM

Juan D. Tardds, Richard Elvira
Universidad de Zaragoza, Spain
robots.unizar.es/SLAMLAB

room1+magistrale1+magistrale5+slidesi
T T T T T T T

20 ~ -
- ‘ﬂ
10 | -
0 .
-10 u
room1
——magistrale1
20 - magistrale5 7
slides1
30 | u
| | | 1 I | |
20 0 20 40 60 80 100
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robots.unizar.es/SLAMLAB

Lesson 6. Visual-Inertial and Multi-Map
2. Multi-Map SLAM

a) New Map Creation

b) Map Merge Detection
c) Map Merging

d) Multi-Map Results

Readings:

« C Campos, R Elvira, JJ Gémez Rodriguez, JMM Montiel, JD Tardos:
ORB-SLAMS3: An Accurate Open-Source Library for Visual, Visual-
Inertial and Multi-Map SLAM. IEEE Trans. Robotics, 2021.

R Elvira, JD Tardds, JMM Montiel: ORBSLAM-Atlas: A Robust and
Accurate Multi-map System, IROS 2019

G Universidad
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https://arxiv.org/abs/2007.11898
https://arxiv.org/pdf/1908.11585.pdf

ORB-SLAMS3 Highlights
Visual and Visual-Inertial SLAM
Pin-hole and Fisheye lens models
* Multi-Map and Multi-Session

» Real-time operation in large environments

Data association with ORB features:
— Short term: from previous images

— Mid-term: from local map

— Long term: for Relocalization, Loop closing and Map Merging

C Campos, R Elvira, JJ Gébmez Rodriguez, JMM Montiel, JD Tardds
ORB-SLAM3: An Accurate Open-Source Library for Visual, Visual-
Inertial and Multi-Map SLAM.

IEEE Transactions on Robotics 37 (6), 1874-1890, Dec 2021

R%TICS 3 .%. Universidad
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ORB-SLAM3: Multi-Map (Atlas)

TRACKING
Frame Extract | |njtial Pose Estimation
ORB from last frame, New KeyFrame
Relocalisation or Local Map Decision
IMU M reation
[ lintegration ap crea
ATLAS KeyFrame
DBoW?2 Active Map
Insertion
Visual Recent
Vocabulary MapPoints
Recognition Covisibility Culling
Database Covisibility Graph New Points
Graph Spanning Creation
Spanning Tree
Tree Local BA
_ - IMU
Loop Correction v Place recognition ........... Initialization
Optimize Local
Map Full : Loop :
Update | | BA EsGs,entr!aI Fusion KeyFrgmes
: rap L CompUte Database E Cu”lng
FULL BA  Iloptimize Sim3/SE3 Query |l& IMU Scale
1 ||Welding|| Merge : Refinement
Essential BA Maps
Graph
A R (66F & VAP MERGINE

,, cSs

UNIVERSIDAD DE ZARAGOZA

ROBO

ONIddVIN TVOO01

Y
ifi

1542

Universidad
Zaragoza



6.2.a Map Creation

TRACKING
Frame | Extract Initial Pose Estimation
ORB from last frame, Track New KeyFrame
Relocalisation or Local Map Decision
M IMU o -
U integration ap creation
ATLAS KeyFrame
DBoW2 Active Map
KEYFRAME .
MapPoints KeyFrame
DATABASE . )
MapPoints Insertion
Visual
Recent
Vocabulary @ MapPoints | | ©
Recognition Covisibility Culling g
batabase Covisibility Graph H New Points | | =
Graph Spanning Creation E
Spanning Tree g
Tree I Local BA —
[ 2
1 @

At the start of a mapping sessions
* |f camera tracking is lost for more that 5 seconds

ey S s Universidad
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6.2.b Map Merge Detection: Place Recognition

1. Relocalization problem (tracking lost)
» Frame vs KeyFrame (2D-3D matches)
» Compute camera pose with PnP algorithm

2. Loop Closing problem (correct the accumulated drift)
» KeyFrame vs KeyFrame (3D-3D matches)
» Align KeyFrames with Sim3 (scale, rotation and position)
» Align KeyFrames with SE3 (rotation and position)

3. | Map Merging problem (merge independent maps)
» KeyFrame vs KeyFrame (3D-3D matches)

» Align KeyFrames with Sim3 (scale, rotation and position)
» Align KeyFrames with SE3 (rotation and position)

G Universidad
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ORB-SLAM3: Loop & Merging Detection

TRACKING
Frame | Extract Initial Pose Estimation
ORB from last frame, Track New KeyFrame
MU Relocalisati(?n or Local Map Decision
IMU lintegration Map creation
ATLAS : KeyFrame
DBoW?2 Active Map [
[
KEYFRAME MapPoints . KovF
DATABASE . eytrame
MapPoints I Insertion
| Vocabulary @ I MapPoints 5
Recognition Covisibility : Culling g
Database Covisibility Graph H I New Points ;
Graph Spanning 1 Creation >
Spanning Tree ! g
Tree [ 1 Local BA —
[ 1 g
. | — IMU
L0OP COMTECHON v Place recognition . Initialization
AR EE
Update || BA Graph Fusion KeyFrames
FULL BA e Compute | | Database Culing
Optimize ) v Sim3/SE3 Query [l 1| IMU Scale
Essential [|V€!ding M?args? Refinement
Graph BA P

MapMerglng ..................... Lti"'“"!:!'1l’I:l:l“'W”""'H'”:”!:

Universidad
Zaragoza
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ORB-SLAM3: Loop & Merging Detection

I '
! ATLAS ! LOOp COTECHON ..vveeeeeee Place recognition . _........
' DBoW2 Active Map el I : —
Optimize
| 1 M Full : .
| KEYFRAME MapPoints ) L|: | upece || ga [*—T Essential [| o9
, DATABASE MaoPoi : Graph
pPoints ! ] Compute [I| Database ||:
I I FULL BA :u"nuu.u".""" ..... R :
Visual : ||Optimize Sim3/SE3 Query |l
| — I : . |[Welding|| Merge :
] / \ I Essential Maps
. KeyFrames Graph BA p
. |[Recognition | rcoveeme L | s
. Database [ Covisibility / Graph H | Map Merging LOOP & MAP MERGING
[ L__C[gph Spanning [
: Spanning Tree \ ! ]
: Tree = : Putative
-------------------------- 3D-3D matches
Al oopClosing.h/cc| AKeyFrameDatabase.h/cc| & ORBMatcher.h/cc
. > DetectNBestCandidates (KeyFrame*, > SearchByBoW(KeyFrame*,
NewDetectCommonRegions() : vector<KeyFrame*>, vector<KeyFrame*>, KeyFrame*, vector<MapPoint*>&)
bool int) : void : int
e
== ——— .
Asim3Solver.h/cc| 4 ORBMatcher.h/cc /0optimizer.h/cc Geometric
Validation:

— 3 cov. KFs
that confirm

SearchByProjection(KeyFrame*,
Sim3, vector<MapPoint*>§&,..) :

\ 4

iterate() : Sim3 OptimizeSim3(..) : int

int :
S the solution?

Pose 1
espurious-free @: ....... Triversidad
matches v is  Universida

8 il Zaragoza
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6.2.c Map Merging in ORB-SLAM3

TRACKING
Frame | Extract Initial Pose Estimation
ORB from last frame, Track New KeyFrame
Relocalisation or Local Map Decision
IMU M ation
[0 lintegration ap creati
! ATLAS KeyFrame
[
I DBoW?2 Active Map
[
| KEveRa
I MapPoints Insertion
[
I @ Recent -
I @ MapPoints | | O
: Recognition Covisibility Culling g
: Database Covisibility Graph H New Points ;
1 Graph Spanning Creation >
' Spanning Tree g
! Tree Local BA || =
| 3
_ N IMU
Loop Correction . ...... Place recognition . .| |nitialization
Optimize E Local
Map Full : . Loop |[f
Update || BA EsGsentrl]aI Fusion |} : KeyFrames
: rap — ,t Compute Database : CU”lng
FULL BA optimize]l sim3/sE3| | Query |li | MU scale
: i [|welding|| Merge : Refinement
: ||Essential BA Maps :
i{| Graph
e 6 & MAP MEREINE
b — Universidad
RQ T l 9 Zaragoza
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Map Merging in ORB-SLAM3

Place recognition has matched K, in the active map M,,
with K., in a stored map M,,, and has computed T,

1.
2. Fuse duplicated points, covisibility and essential graphs
3.

4. The stored map becomes the active map, and starts

Transform K, its points and its neighbors to M,

Perform a Welding BA in the local area of both maps

being used for tracking

Transform the rest of M, to M_, and perform pose-graph
optimization in the essential graph of the fused map

Launch full BA in a separated thread

% Universidad
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Welding Bundle Adjustment

Stored Map Neighbors of K,
M,, K,, in covisib. graph

I
I
I Keyframes from M,

Ebserving local MapPoints

e PR

Active Map K, Neighbors of K,
M, in covisib. graph

& 7 Universidad
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Map Merging

Loop Correction Place recognition

Optimize

Essential

DBoW?2 Active Map
Map Full :
Update | | BA Fusion

1 [

[ [

[ , [

[ [ :
' KEYFRAME . i
. DATABASE | = oLGraph [ Compute | | Database ||
1 , I : || Optimize Sim3/SE3 Query |le
I Visual I N gesential Welding|| Merge :
I Vocabulary I Graph BA Maps
I Moo I : :
[ [
[ [
[ [
[ [
[ [
[ [

Loop

Recognition
Database Graph ] }

Covisibility

Map Merging LOOP & MAP MERGING

Covisibility

Graph Spanning
Spanning Tree \
Tree [

Corridor 3  Stairs 2 Hall Hall  Corridor 1

I I all

D] Active map Kl Stairs 1

Non-active map _
] Corridor 2
ws  Universidad
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Map Merging

Loop Correction Place recognition

Optimize

Map Full Essential

DBoW?2 Active Map :
: Loop ;
Update | | BA Fusion |i

I I

I I

I , 1

[ [ :
' KEYFRAME . i
. DATABASE | = Lraph ]| Compute | | Database
I : I : l[Optimize Sim3/SE3 Query |l&
I Visual I N gesential Welding|jMerge :
I Vocabulary I Graph BA Maps
I [y pprr— I : :
I 1
I I
I I
I I
I 1
I I

Recognition
Database Graph ] }

Covisibility

Map Merging LOOP & MAP MERGING

Covisibility

Graph Spanning
Spanning Tree \
Tree [

ﬂLoopClosing. h/cc

MergeLocal() : void

Corridor 2 Stairs 2 Hiadll C(l)frridor 1
DI Non-active map K stairs 1
Active map
| Corridor 2
w1s  Universidad
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Map Merging

: ATLAS : Loop Correction Place recognition
' DBoW2 Active Map Map 1 : oY T—— :
| | Map Full : P : Loop
' KEYFRAME | |upoate | Ba [ Essental || P
I DATABASE MapPOintS I FULL BA :ll!lllllllll'r;?l?l FEEIFIEITERITS CompUte Database g
1 . 1 Optimize Sim3/SE3 Query e
I Visual I : . Ilwelding|j Merge :
I Vocabulary ' Essential Maps
I — : i|| Graph
: Covisibility |11 |, . YT Sy s O P O T STOPIORS s
: Database Covisoiy Graph H : Map Merging LOOP & MAP MERGING
1 Graph Spanning [
! Spanning Tree \ !
' Tree [ '
1 | 1
ALoopClosing.h/cc A LoopClosing.h/cc A Optimizer.h/cc
) . — SearchAndFuse(map<KeyFrame*, > LocalBundleAdjustment(...) : void
Mergelocal() : void Sim3>, vector<MapPoint*>&) : void MergelnertialBA(...) : void
: : Hall '
Corridor 3 Stairs 2 Eﬁl C‘Emdor 1
D] Non-active map Kl Stairs 1
Active map _
| Corridor 2

wss  Universidad
14 Abli  Zaragoza

4 | | e
UNIVERSIDAD D! ARAGOZA



Map Merging

Loop Correction Place recognition

Optimize

Essential

DBoW?2 Active Map
Map Full :
Update | | BA Fusion

' I
' I
' I
' KEYFRAME - l
! MapPoints I ! E
I DATABASE ' FULL BA :" Grap FERRRRRRRRRRRRRRRIRRIIIIR CompUte Database ;
: i ! : loptimi Sim3/SE3 Query |l&
Visual : ptimize . Merge .
: Vocabulary 1 : | Essential [|Welding ) E
I : LGrepn | BA | Mo
L e : : :
' I
' I
' I
' I
' I
' I

Loop

Recognition Covisibility
Database Covisbility Graph H Miap Merging LOOP & MAP MERGING
Graph Spanning
Spanning Tree \
Tree [ :
ALoopClosing.h/cc A LoopClosing.h/cc A Optimizer.h/cc
. . — SearchAndFuse(map<KeyFrame, > LocalBundleAdjustment(...) : void
Mergelocal() : void Sim3>, vector<MapPoint>) : void MergelnertialBA(...) : void
Corridor 3 Stairs 2 Hall  Corridor 1 4

ﬁ ﬁ ﬁfl If A Optimizer.h/cc

OptimizeEssentialGraph(...) : void
K1 | optimizeEssentialGraphdDoF(...) :
void

Office  D{_] Active map
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6.2.d Multi-Map Results

Initially, 5 independent sessions to build the atlas
of the 5 unconnected rooms in a corridor
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ORB-SLAM3: Map Merging Timing

Sensor Monocular Stereo Mono-Inertial | Stereo-Inertial
Resolution 752 %480 752 %480 752 %480 752 %480
Settings Cam. FPS 20Hz 20Hz 20Hz 20Hz
IMU - - 200Hz 200HZ
ORB Feat. 1000 1200 1000 1200
RMS ATE 0.284 0.163 0.048 0.046
Database query 0.9910.65 1.01+0.60 0.90+0.49 0.88+0.56
Place Recognition anP11tP Sim3/SER 594490 47 0 1A--1120 345+3 41 RN0+ER N2
Total 6.831+9.65 10.00+11.41 4.29+3.59 8.811+8.19
Merge Maps 135.04+38.18 143.27+10.84 231.334+28.04 | 425.58+57.65
Map Merging Welding BA 118.86130.93 98.50+9.33 258.70+21.15 | 181.43+30.34
Opt. Essential Graph 86.89+126.62 19.034+19.72 37.47+£38.48 37.51£39.68
Total 349.154+164.31 281.29439.32 555.164+10.16 | 669.93+51.84
# Detected merges 4 3 2 2
Merge info Merge size (# keyirames) 28=x2 313 361 38xl
Merge size (# map points) 18401405 2280£507 29554344 54671692
Loop Fusion 90.47£32.59 71.80+£31.77 - 61.38
Loop |_Opt. Essential Graph 152.524+114.22 176.394+30.61 - 331.20
Total 268.351+90.46 253.374+30.35 - 394.84
Loop info # Detected loops 4 4 0 1
Loop size (# keyframes) 122443 55+6 - 42
Full BA 2348.53+£3339.16 | 1633.651+1363.88 - 1913.39
Map Update 4.59+£2.58 9.30%1.65 - 10.55
Loop Full BA Total 2416.63+3395.28 | 1702.57£1347.56 - 1978.65
BA size (# keyframes) 170468 186482 - 143
BA size (# map points) 61863092 1034243256 - 12245
w1s  Universidad
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Visual-Inertial and Multi-Map Example

Universidad
A8 Zaragoza

Instituto Universitario de Investigacion
en Ingenieria de Aragén

Universidad Zaragoza

P

UNIVERSIDAD DE ZARAGOZA

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

Carlos Campos*, Richard Elvira*, Juan J. GOmez Rodriguez,
José M. M. Montiel and Juan D. Tardés

Dataset: TUM VI Benchmark
Sequences: Rooml+Magistralel+Magistrale5+Slides1
Setup: Stereo-Inertial

18
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Visual-Inertial and Multi-Map Example

room1+magistrale1+magistrale5+slides1
T T T | T T |

0+ —
10 + .
room1
——magistrale1
20 |- ——— magistrale5 7
slides1
30 .
| ] ] | ] ] |
-20 0 20 40 60 80 100
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Multi-Map Summary

« Improves robustness to tracking failures
— When lost, start a new map
— Fuse with the previous map when revisiting it

+ Allows multi-session mapping
— Effective reuse of previous maps (the goal of SLAM!)

« Maps are fused seam-less
— Similar results if mapping in one or several sessions

* Open issues
— Map maintenance (long-term mapping)
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Summary
* Visual SLAM is better than Visual Odometry

— Mid-term DA: Zero drift in mapped areas
— Long-term DA: Relocation, Loop Closure and Multi-Mapping

 ORB-SLAMS is the most complete SLAM system
— Mono, stereo, mono-inertial and stereo-inertial
— Pinhole and fisheye camera models
— Multi-map and Multi-session

* Visual SLAM accuracy
— Mono: robustness issues and scale unknown
— Stereo: good robustness and accuracy
— Mono-inertial: excellent robustness and accuracy
— Stereo-inertial: excellent+ robustness and accuracy

R%TICS o1 i Universidad
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