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SLAM: Simultaneous Localization and Mapping

MIT-CML P.Newman May 2001 MODE:Real Time CML

The SLAM problem:

* arobot moving in an
unknown environment

Use sensor data to:

* build a map of the
environment

- 21R :x=-0.302y= 0.783.2= 0.000.h=-54.488 Proc= 0.148.Pyyv= 0,063 Sic=y.S
° and at the same time B21R: x=-0:302y= 0.783.2= 0.000,h=-54.488, Pxx= 0.148.Pyy= 0.063,Sic=y.Sor

e use the map to compute |
P. Newman, J.J Leonard, J.D. Tardos, J. Neira:

the robot location Explore and return: Experimental validation of
real-time concurrent mapping and localization.
IEEE Int. Conf. Robotics and Automation, 2002
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ORB-SLAM: Visual SLAM, 2015

ORB-SLAM2: Map Viewer

L

SLAM MODE | KFs: 1
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Applications: Robotics and 3D Modelling
* Robot Navigation based on ORB-SLAM2
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« ORB-SLAMZ2 on mobile devices

Follow On Keyframes Off Reconstruction On

RGB-IR Flash Fisheye camera IR projector

camera

{

FPS: 4.347826
KeyFrames: 61

‘/ﬁ\o RefPoints: 2515
Project Tango MapPOIn.tS: 2740
Development e DepthPoints: 13712
AN J

Docking port
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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

[ Draw Image

[ Draw Cube

Cube Size 0.05
[ Draw Grid

Grid Elements 3
Element Size 0.05
_|oraw Points

_lLocalization Mode

RI

UNIVERSIDAD D! ARAGOZA
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Applications: AR/VR

rd

Oculus Rift Gear VR Meta 2 Hololens
Facebook Samsung Metavision Microsoft

= SLAM: User positional tracking

& Juan D. Tardos 8 il Zaragoza
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Outline

Feature-Based Visual SLAM
Features

Feature Matching

Relocation and Loop Closing
Putting all together: ORB-SLAM
ORB-SLAM2: Stereo and RGB-D
Visual-Inertial ORB-SLAM

N o O bk obh =

G Universidad
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1. Feature-Based Visual SLAM

States

- x,; € R? Coordinates of point
wj
T, € SE(3) Pose of camera i

Measurements
W — Ui Observation of point j
tJ Vi from camera i
t]
Reprojection error Projection Function

\ /

eij = Wi — Ti(Tiw, Xwj)

+2s  Universidad
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Projection of point j on camerai (1)

Tiw e SE(g) ngw c 80(3) Rotation matrix

tiw € R? Translation vector

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

71 Universidad
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Projection of point j on camerai (2)

u
Yv focal length (mm)
- f /
: Optical .
Camera i . X
> (Cu, o) Axis Ts = fzi
*S=:T--__ ‘] 2%
\\\\‘ - < = ~ - / |
B R T 4 ..
y S ~~o_ L | Lij
ppv el TNl u = (Sufi) T Ciu
(75, Ys RN . ij
World / ~o, 7 T
. S _ 1]
Reference / Tiw Image Plane (l'z'j,yz'j, Zij) — fz,u— + Ci,u
z 2%
horizontal focal principal point
length (pixels)
* In summary:
. Lig :
i (T, Xepj) = Jisu Zij T Ciu
) Wy SAwyg ) —  Yij .
fiwZs + Ciw

| ‘ w1s  Universidad
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Feature-Based Visual SLAM

States

' 3
-x) e R

R, € SO(3) Orientation of camera |
Piw € RB

Coordinates of point |

Position of camera i

Measurements

u. . . . .
u;; = [ ZJ] Observation of point j

Vy from camera

Bundle Adjustment

Py X

(Riw, Piw, X, |Vi, Vi }* = a;gminz p (Huij —m (RinZU + Piw) H;w)
2]

|

bebres

Juan D. Tardés

13

Reprojection error
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Some details

mmz ( |uij — T (szXZU + piw) H;w)

{szapzwaxj |VZ V]} — arg
7p? ,,_7

« Assumption: the camera has been calibrated
— Focal lengths and principal point are known
— Distortion can be corrected

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

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

& I Yniversidad
Juan D. Tardos 14 ll Zaragoza
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Huber cost function

5

L2 cost (quadratic) "
N 4 == === Huber (0=1)
1 i )2 oL \ /[
)= 13 () -00)" o\ /.4
=1 Differentiable © 25l \ / o
2 \" * 3 /.
L1 cost (absolute value) N X g7
. \‘ “. ”,.
JLl (9 ‘he (z) (z) 0; N\ ‘.,
=1 Non differentiable ® o
Huber cost: =2 4 o0 i 2 3
r() = Ry (x @) — 4
r2/2 if |[r] <& _ _
Ly(r,d) = { 5|r/| _s2/2 if ITI _ s Differentiable ©

—5%/2

ZLH (r®, §) = Z NORyH Z 5‘ (0

& i Universidad
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Full Bundle Adjustment in Real Time?

(Riw, Piw, X2, |Vi, Vi }* = a;gmin E P (Hllz'j - (Riwx‘fu + Piw) H;J)
PyX ’L,]
* The problem is sparse

— Not all cameras see all points!

* But still not feasible in real time

— example: 1k images and 100k points = 1s per LM iteration

* Local BA or sliding-window BA

* BA requires very good initial solutions

bebres
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Structure of the SLAM problem

Odometry

Vehicle

Bayesian

Observations Network

Environment
features

Vehicle
variables

Markov

Random Field
Map

variables

SLAM Problem . L e
* The problem size grows with time
P(X4.k 5 F1on | Z4:k5 Uq:k) * The set of relationships is sparse

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

 EKF approach
— Only keeps the last pose
— O(n?) with the number of features
— Limited to 200-300 features in real-time

« Keyframe approach (PTAM)

— Uses only a few keyframes for map
estimation with non-linear optimization

— Can handle thousands of points

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

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

TICS Juan D. Tardos 18 10l Zaragoza
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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?

| ‘ W Universidad
R%TICS Juan D. Tardés 19 ili  Zaragoza




2. Features
Local Features, Interest points, Keypoints

« Detector: find local maxima of a certain operator

Harris detector DoG detector

original Image (corner-like) (blob-like)

» Descriptor: to recognize the feature in new images

& i Universidad
Juan D. Tardos 20 A8l Zaragoza
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& Juan D. Tardés

Feature Requirements
Repeatability
Accuracy

Invariance
— lllumination
— Position
— In-plane rotation
— Viewpoint
— Scale

Efficiency




Corner detectors
 Harris Matrix or Moments Matrix:

e R

,: Image gradients

IX
— 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) = 6Zg(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 (@15-30 Hz)
Search by normalized correlation with a 11x11 patch

Juan D. Tardés 23
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FAST corner detector

HEN N

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

]

[ ] H
L L 1| holofsl | | | 88
HEEEEEEEEEEEN

— 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,y)
Laplacian of Gaussian (LoG) V’L=L..+L,

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

0.5

0

-0.5

-1

-1.51

 Feature detector:
(i‘, Z-}; tA) = a‘rgrna'xrnin-loc8'1(.1',y;t) (vfwrmL(rﬁ Y, t))

— Strong response for blobs of size /t

& i 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 L ——

A >
A
A
P i i i =
A =
= A e
P e i i i i
L =
i A
— o
i
= T
=
==
e e i
e =
= = = =
P i LT
£ SIS L
Scale =
= e T i i s
. ==
= =
e e e =
ey P e
e A
i i i e
octave) =
,,,,,,, =
i i
7 D A A ——_———
= > e =
A >
AL ——
i
= =
e e
p = =
A S
,,,,,,, ~ — e
e
P =
p
2
A =
== .
== e Difference of
Juan D. Tardés 26

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.

ebeimes

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

& & Universidad
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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 ++++ - ++++
SIFT SIFT Yes Yes ++ ++++ +
SURF SURF Yes Yes ++ ++++ ++
FAST BRIEF No No +++ +++ ++++
ORB ORB Yes No +++ +++ ++++

 ORB: Oriented FAST and Rotated Brief
— 256-bit binary descriptor
— Fast to extract and match (Hamming distance)
— Good for tracking, relocation and Loop detection
— Multi-scale detection - same point appears on several scales

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

& % Universidad
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3. Feature Matching

« Compare descriptors
* 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

«zs  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

(R.T)
 Vectors t=c,—-c,, p-C,,p—Cc, mustbe coplanar

T
- Epipolar constraint: x,Ex, =0

- Essential Matrix: E=[th= / 0 —¢|R

-t, t. 0
] ) s Universidad
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Matching Problems

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

Camera Pose

Location uij’ x'wJ T’I,’w T (Tz,w, X,w]) 6 3 p3p

Initialize Essential Matrix -

U145, U2, ' o A

3D scene A W [t] R U Eiug; =0 5 5 5-point
X 8-point

Initialize Homography

2D scene  U1j> U2j H,» u; = Hipuz; g 4

& s Universidad
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Matchings in 2 Frames = 3D Points and Motion

SFM:
« Spt algorithm
 8pt algorithm

Unknown Scale!

71 Universidad
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4. Relocation and Loop closing

* Relocation problem:

During SLAM tracking can be lost: occlusions, low tecture, quick
motions,...

» Re-acquire camera pose and continue

* Loop closing problem
SLAM is working, and you come back to a previously mapped area
» Loop detection: to avoid map duplication
» Loop correction: to compensate the accumulated drift

* In both cases you need a place recognition technique

| ‘ s Universidad
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Why is Loop Detection Difficult?

* Is this a loop closure?

Likely algorithm answer:

YES YES TRUE POSITIVE

«zs  Universidad
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Why is Loop Detection Difficult?

* Is this a loop closure?

Scene 1430

Scene 1244

Likely algorithm answer:

NO YES FALSE POSITIVE

Perceptual aliasing is common in indoor scenarios

bebres
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1

3

Inverse Index
Direct Index

4

R%TICS

Bag of Words Approach

Feature
extraction

Local

features

v

Vocabulary

Conversion

BoW vector

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

Candidate

Database

matches

Consistency
checks

Verified

Juan D. Tardés

40

matches

R

Binary Features
BRIEF, ORB

s Universidad
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Scalable Recognition with a Vocabulary Tree

David Nistér, Henrik Stewénius
CVPR 2006

% Universidad
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Vocabulary Tree

| ‘ w1s  Universidad
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Examples with DBoW2 using ORB features

fi

= Wl
! |
~ s - E 4"
: " - ’

D. Galvez-Lopez, 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)

& s Universidad
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Loop Correction

e a

« 7 Dof graph optimizé‘t'i.on, to correct scale drift
« And optionally Full BA (little improvement, much slower)

& i Universidad
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Outline

Feature-Based Visual SLAM
Features

Feature Matching

Relocation and Loop Closing
Putting all together. ORB-SLAM
ORB-SLAM2: Stereo and RGB-D
Visual-Inertial ORB-SLAM

N o O bk oobd =

e i Universidad
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ORB-SLAM: Feature-Based SLAM, 2015

« Use the same features for:
— Tracking
— Mapping
— Loop closing
— Relocation

 ORB: FAST corner + Oriented Rotated Brief descriptor

— Binary descriptor
— Very fast to compute and compare

» Real-time, large scale operation
« Survival of the fittest for points and keyframes
Raul Mur-Artal, José M. M. Montiel and Juan D. Tardés ,

ORB-SLAM: A Versatile and Accurate Monocular SLAM System,
IEEE Trans. on Robotics 31(5): 1147-1163, Oct 2015 (software)

3 Universidad
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Recent Key Ildeas
* Scale Drift-Aware Loop Closing .

H. Strasdat, J.M.M. Montiel and A.J. Davison X(’f* h )
Scale Drift-Aware Large Scale Monocular SLAM ‘f& \’a
RSS 2010 | *«;T\ /

« Covisibility Graph
H. Strasdat, A. J. Davison, J. M. M. Montiel , K. Konolige .j
Double Window Optimization for Constant Time Visual SLAM . .
ICCV 2011 %

- Bags of Binary Words (DBoW) j ) |
D. Galvez-Lopez and J. D. Tardos I ‘
Bags of Binary Words for Fast Place Recognition in . =
Image Sequences, IEEE Transactions on Robotics 2012 )

«zs  Universidad
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Covisibility Graph and Essential Graph

0: number of common points

0.in =15

Used for Local BA

Used for Loop Correction

W Universidad
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ORB-SLAM: Real-Time Monocular SLAM

TRACKING
Initial Pose Estimation
Extract |. Track New KeyFrame
Frame (-»- ORB |! froRm last frame or Local Map Decision
§ elocalisation
v |
Map Initialization MAP KeyFrame
PLACE =
RECOGNITION feyrrame |1 &
nsertion >
. r
Vlsual Recent g
Vocabulary — MapPoints || >
Covisibility Culling o
Recognition Graph g
Database Spanning New Points || &
Tree Creation
Loop Correction Loop Detection Local BA
Optimi Local
Espsler:!tizz; Loop Compute || Candidates KeyFrames
Graph Fusion Sim3 Detection "_'| Culling
LOOP CLOSING
+2s  Universidad
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tial Pose Estimation
Extract |. Track New KeyFrame
ORB om last frame or Local Map Decision
Relocalisation
i
Map Initialization MAP KeyFrame
¥
PLACE 5
RECOGNITION HeyFrame || &
Insertion || 3
- :
Vlsual Recent g
Vocabulary — MapPoints || >
Covisibility Culling o
Recognition Graph g
Database Spanning New Points || &
Tree Creation
Loop Correction Loop Detection Local BA
Optimi Local
Espsler:!tiz:I Loop Compute || Candidates KeyFrames
Graph Fusion Sim3 Detection "_'| Culling
LOOP CLOSING
«zs  Universidad
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ORB-SLAM: Real-Time Monocular SLAM

TRACKING
Initial Pose Estimatig
Extract |. Track ew KeyFrame
Frame |-» ORB | froF;n last frame o Local Map Decision
Z elocalisation
Y |
Map Initialization MAP KeyFrame
PLACE MapPoin KeyFrame 5
RECOGNITION Insertion g
" r
Visual Recent =
Vocabulary — MapPoints || >
Covisibility Culling o
Recognition Graph g
Database - New Points || &
Tree
Loop Correction Loop Detection Local BA
I(E-)spst:er:!nzai Loop Compute || Candidates KeyFrames
Graph Fusion Sim3 Detection | ¥ | Culling

‘E% LOOP CLOSING
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ORB-SLAM: Real-Time Monocular SLAM

TRACKING
Initial Pose Estimation
Extract |. Track New KeyFrame
Frame (-»- ORB |! froF;n last frame or Local Map Decision
Z elocalisation
6
Map Initialization MAP KeyFrame
RECOGNITION Inyertion
Visual Recent
Vocabula MapPoints
& Covisibility e
iti Graph .
Recognition P
Database Spanning New Points
Tree Creation
Loop Correction Loop Detection
gspstg::lz; Loop Compute || Candidates KeyFrames
Graph Fusion Sim3 Detection Culling
‘ E% LOOP CLOSING
Juan D. Tardos 53
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ORB-SLAM: Real-Time Monocular SLAM

TRACKING

Initial Pose Estlmatlon
fr ') aa DI

Relocallsatlon

Extract |.

: Track New KeyFrame
Frame |[-»| ORB |

Local Map Decision

v |
Map Initialization KeyFrame
Y g
PLACE
KeyF O
RECOGNITION insertion || O
. r
Visual Recent =
Vocabulary — MapPoints || >
Covisibility Culling Ry
Recognition Graph g
Database Spanning New Points || &
Creation
Loop Correction ~ LOQp Dejgstieimm, Local BA
Optimi Local
Esps:er:!tizai Loop Compute || Candidates KeyFrames
Graph Fusion Sim3 Detection Culling

‘E% LOOP CLOSING
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ORB-SLAM: Real-Time Monocular SLAM

bebres

TRACKING
Initial Pose Estimation
Extract |. Track New KeyFrame
Frame (-»- ORB |! froF;n last frame or Local Map Decision
Z elocalisation
v |
Map Initialization MAP KeyFrame
¥
PLACE KeyF
eyFrame
RECOGNITION Insertion
Visual Recent
Vocabula MapPoints
& Covisibility Culling
Recognition Graph
Database Spanning New Points
Tree Creation
Loop Correction 8QD Detection Local BA
— Local
gspstg::lz; Loop [|i| Compute || Gandidates KeyFrames
Graph Fusion\|i| Sim3 Detection | ] Culling

LOOP CLOSING

Juan D. Tardés
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ORB-SLAM: Real-Time Monocular SLAM

TRACKING
Initial Pose Estimation
Extract |. Track New KeyFrame
Frame |-» ORB | froF;n last frame or Local Map Decision
Z elocalisation
Y |
Map Initialization MAP KeyFrame
RECOGNITION Insertion g
" r
Visual Recent =
Vocabulary — MapPoints || >
Covisibility Culling o
Recognition Graph g
Database Spanning New Points || &
Tree Creation
Loop Detection Local BA
— Local
Optimize Loop Compute || Candidates KeyFrames
Essential . . . .
Graph Fusion Sim3 Detection “_'| Culling

50P CLOSING
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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

en Ingenieria de Aragén i2s  Universidad
Universidad Zaragoza A0l Zaragoza
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ORB-SLAM indoors: 2cm precision

urrent Frame m 3 19:58 1! raul

ORB-SLAM2:

_]Follow Camera

‘I—Show Points

_lShow KeyFrames o
[Ishow Graph XY R
_lLocalization Mode .

Reset

["IShow Trajectory

ORB-SLAM2: Current Frame

Universidad
Zaragoza
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ORBSLAM Robust Tracking

l_\Follow Camera . . ¢ 3 ‘. . s

[[IShow Points ’ » ’ E

_]Show KeyFrames

[ Jshow Graph

:lLocalization Mode 3 ] N _ 3 Rt _- ; £ 3
Reset ; 3 Ef

[CIshow Tra jectory

ORB-SLAM2: Current Frame

Universidad
Zaragoza
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ORB-SLAM outdoors: Kitti Dataset

ORB-SLAM

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

{raulmur, josemari, tardos} @unizar.es

en Ingenieria de Aragn s2s  Universidad
Universidad Zaragoza AL Zaragoza
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Trajectory and Map Obtained

w@ff{ﬁ.‘ G
AT g ey £

PR

et

(i 1o et
© T s
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g s

Juan D. Tardés
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o
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ORB-SLAM + 7DoF Alignmen
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'ORB-SLAM: Kitti Dataset
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Applications: AR for Medicine

Real Image Virual Scend

05

AR View Virtuel Camera Imege

Institut de Recherche Contre les
Cancers de I'Appareil Digéstif,

ﬁ il i Strasbourg, France
ROBOTICS Juan D. Tardés 63 i1 Zaragoza

UNIVERSIDAD DE ZARAGOZA
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ORB-SLAM Inside the Body

My =B o0 721 %

< Focus Camera ©m Measure # 2D Pose Estimate # 2D Nav Goal 9 Publish Point e »

cirauqui@cirauqui-Aspire-V5-572PG: ~/workspace/Sequences
Ir_Endoscope1i.launch http://localhost:... x = cirauqui@cirauqui-Aspire-V5-572PG:

[PAUSED] : 1459456967.747486 Duration: 0.000000
[PAUSED] : 1459456967.747486 Duration: ©.000000
[PAUSED] : 1459456967.747486 Duration: 0.000000
[PAUSED] : 1459456967.747486 Duration: ©.000000
[PAUSED] : 1459456967.747486 Duration: ©.000000
[PAUSED] : 1459456967.747486 Duration: ©.000000
[PAUSED] : 1459456967.747486 Duration: ©.000000
[PAUSED] : 1459456967.747486 Duration: 0.000000
[PAUSED] : 1459456967.747486 Duration: 0.000000
[PAUSED] : 1459456967.747486 Duration: 0.000000
[PAUSED] : 1459456967.747486 Duration: ©.000000
vrrrredlll [PAUSED] : 1459456967.747486 Duration: 0.000000
'YY I [PAUSED] : 1459456967.747486 Duration: 0.000000
N [PAUSED] : 1459456967.747486 Duration: 0.000000
111 [PAUSED] : 1459456967.747486 Duration: 0.000000
[PAUSED] : 1459456967.747486 Duration: 0.000000
[PAUSED] : 1459456967.747486 Duration: 0.000000
[PAUSED] : 1459456967.747486 Duration: 0.000000
[PAUSED] : 1459456967.747486 Duration: 0.000000
[PAUSED] : 1459456967.747486 Duration: 0.000000

(o)

[clloNooNolloNoNoNoNoNoNoNoNoNoNoNoNoNoNo)
O P Ty N e D ey S e e ey g ey o ey N o S ey N (g

- [PAUSED] : 1459456967.747486 Duration: .000000 .
006
S
STRASBOURG —_— — —
ROS Time: }99270.55 ROS Elapsed: |46.31 Wall Time: 1465399270.58 Wall Elapsed: |46.31 ["] Experimental
Rese; 30 fps
& Pagos
Juan D. Tardos 64 Zaragoza

UNIVERSIDAD DE ZARAGOZA
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4001

300

E 200}

100}

ORB-SLAM Monocular

 With monocular scale is not observable

-
- .
o
.
KITTI 08 |
—éiOO —éOO 0 260 460
X [m]
Scale drift!

Juan D. Tardés
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6. ORB-SLAM2: Stereo and RGB-D

Pose Prediction
Motion Model)
r Relocalization

Stereo/RGB-D Pre-process

Track New KeyFrame
Frame (™| Input

Local Map Decision

/ “\
KeyFrame
PLACE y -
RECOGNITION MAP KeyFrame 8
n - . Insertion || 3
Visual MapPoints r
Vocabulary P Recent =
— MapPoints || >
Recognition Covisibility Spanning Culling %
Database Graph Tree >
New Points ||
Creation
...Loop Correction  LoopDetection || Local BA
Optimize Local
Update || Full ; . Loop || Compute Query
+— | Essential : = T KeyFrames
Map BA Graph Fusion SE3 atabase Culling
e T eePFFPFF PP SPP ST PESPPPPPPPsSPPPPPSOTTTSSTPPPTPEHNS:
FULL BA LOOP CLOSING
1 w1s  Universidad
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ORB-SLAM2: Input pre-processing

Rectified Stereo

_ Stereo
Left _*_ Extract| | Stereo Keypoints
Image ORB Matching Mono
Right _,.. Extract ‘ Keypoints

Image | : | ORB

Registered RGB-D Stereo
e . [Extract Generate Keypoints
Image |—» ORB [*| Stereo

Coordinate Mono
1, Keypoints

Depth-
| map

« ORB-SLAM2 is agnostic to the type of sensor

| wss  Universidad
R%TICS Juan D. Tardés 67 ﬁ Zaragoza

UNIVERSIDAD D! ARAGOZA
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ORB-SLAM2: Monocular, Stereo and RGB-D

« Monocular:

foo + Co
x =1 (Xe)=|", 1 . Xe=[X,Y, 21", x=[uv]"
fy? T Cy
o Stereo - .
fos + Ca
X =Tg (XC) — fy%"‘cy ’ XC: [X,Y, Z]Ta X = [uLavLauR]T
fot7 e
CCbT
« RGB-D: Uy = u — Jobrgba
d
e BA:

0 = {XjW7RiW7 ipw | Vj € P,VieC}

) : 2
_ : J J
9 = argmin Y p (| — w0 (R + 504) 3
o 4y
71 Universidad
Juan D. Tardés 68
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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

& i Universidad
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200

Accuracy in the KITTI Dataset

0

—200r-

—a00}

y [m]

—600r-

—800r-

—1000-

—1200

0 500 1000 1500 2000
x [m]
& Juan D. Tardés

AAAAAAAAAAAAAAAAAAAAA

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
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ORB-SLAM2: Monocular, Stereo and RGB-D

:2s  Universidad
i Za ragoza
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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

Juan D. Tardés
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Dense Point Cloud Recons}._truction

23

~F
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7. Visual-Inertial ORB-SLAM

* IMU measures angular velocity and linear acceleration in
body reference B

Riz' = Riz Exp ((wp — bY) At)
wV§+1 = WVB -+ gwAt -+ R ( bs) At

1 1
wP5 " = upp VAL + ogA + CRi (ag - by) AF°

« Difficulties:
— Measurement noise
— Accelerometer and gyroscope biases
— Direction of gravity unknown
— Initial velocity unknown

% Universidad
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Visual-Inertial ORB-SLAM: IMU Initialization

Goal: Gravity, IMU Biases, Velocities, Scale
Divide and Conquer Solution

1. Run Monocular ORB-SLAM for 10-20s
Keyframe orientation and up-to-scale translation
2. Optimize Gyroscope Bias
Rotate accelerometer measurements
3. Estimate Gravity Vector (no Acc. Bias)
Initial seed for gravity direction
4. Optimize Gravity Direction, Acc. Bias and Scale

5. Compute Velocities

| % Universidad
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Visual-lnertial ORB-SLAM: Tracking

if map changes (Local BA, Loop Closure)

! Fixed

[[] To marginalize
B Reproj. error
@ Prior

B IMU error

P Pose

v Velocity

b Biases

i Last keyframe

(a) Tracking Frame j (b) Prior (c) Tracking Frame j+1 (d) Prior j Frame index
(Map changed) (optimization result) (Map unchanged) (marginalization)
0= {Rig,uPa, wa by, b 0 = {Ri. pi vir b}, b, Rig ' pi ™ vt by by
6" = arg;nin (Z Eproj(kyj) + EIMU(iyj)) g* = arg(l)nill (Z Eproj(kaj + 1) + EIMU (.7.7 + 1) + Eprior(j))
k k

Elmu(i,j) =p ([eg ef eg] ), [eg ef e;‘f] T) +p (e{EReb)
er = Log ((ARyExp (J4,b})) " RiyRis )
e, = R]z;w (wvf; — wVé — gwAtU) — (AVU + Jivb‘; + JaAvb‘ch)

& ey =b’ — b’ s Universidad
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Visual-Inertial ORB-SLAM: Mapping

Local Bundle Adjustment

ORB-SLAM’s Local BA Visual-Inertial ORB-SLAM’s Local BA
Local Map Points Local Map Points
(all points visible in local window) (all points visible in local window)

$6066 doo06

Local Window
(connected to last keyframe
in the covisibility graph)

Fixed Window
(connected to local window
in the covisibility graph)

Local Window
(N last keyframes)

Fixed Window
(connected to local window
in the covisibility graph and

the last N+1 keyframe)

. Fixed

B Reproj. error
B IMU error
P Pose

v Velocity

b Biases
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Visual-Inertial ORB-SLAM: Results

s @ L ]
.. .;\“.. U n Ive rs I d a d o Instituto Universitario de Investigacion
Lo . == enlngenieria de Aragén
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Visual-Inertial Monocular SLAM with Map Reuse

Raul Mur-Artal and Juan D. Tardds

Visual-Inertial ORB-SLAM

Sequence: V1 02 _medium
Dataset: EUR0OC MAV Dataset

«zs  Universidad
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Results on EuRoC dataset

»
i
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Visual-InertiakC y: Keeps accumulating drift

Visual-InertiakORB-SLAM: Zero drift in mapped areas
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Visual-Inertial ORB-SLAM: Results

TABLE 1|
EUROC DATASET. COMPARISON OF TRANSLATION RMSE (m).

Sequence ORB-SLAM ORB-SLAM ORB-SLAM2 | LSD-SLAM
Monocular Visual Inertial Stereo Stereo
(with GT scale)
V1_01_easy 0.015 0.027 0.035 0.066
V1_02_medium 0.020 0.028 0.020 0.074
V1 _03_difficult (X) ( X) 0.048 0.089
V2_01_easy 0.021 0.032 0.037 -
V2 _02_medium 0.018 0.041 0.035 -
V2_03_difficult (X) 0.074 (X) -
MH_01_easy 0.071 0.075 0.035 -
MH_02_easy 0.067 0.084 0.018 -
MH_03_medium 0.071 0.087 0.028 -
MH_04_difficult 0.082 0.217 0.119 -
MH_05_difficult 0.060 0.082 0.060 -

Raul Mur-Artal, Juan D. Tardés,

ORB-SLAM2: An Open-Source SLAM System

for Monocular, Stereo and RGB-D cameras,

|IEEE Trans. on Robotics, Oct. 2017 g
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Summary
* Monocular: excellent accuracy, but scale?
« Stereo: excellent accuracy and robustness
 Tightly-coupled Visual-Inertial SLAM

— Recovers the true scale within 1% of error

 SLAM allows loop closing and map reuse
— More accurate than Visual Odometry

 Future work:
— Visual-inertial stereo SLAM

— Direct SLAM
— Deformable SLAM
LS
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More Information

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

Raul Mur-Artal, and Juan D. Tardés.
Visual-Inertial Monocular SLAM with Map Reuse
IEEE Robotics and Automation Letters 2(2): 798-803, Jan 2017

Carlos Campos, José M. M. Montiel, Juan D. Tardos
Fast and Robust Initialization for Visual-Inertial SLAM
IEEE Int. Conf. Robotics and Automation, May 2019

https://github.com/uz-slamlab
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https://github.com/uz-slamlab

Instituto Universitario de Investigacin
en Ingenieria de Aragén

Universidad Zaragoza

Universidad
Zaragoza

ORB-SLAM

ORB_SLAM2 an Open—Sou rce SLAM System Raul Mur-Artal, J. M. M. Montiel and Juan D. Tardds
for Monocular, Stereo and RGB-D Cameras {raulmur, josemari,tardos) @unizar.es

Raul Mur-Artal and Juan D. Tardds

raulmur@unizar.es tardos@unizar.es Instituto Universitario de Investigacién T
en Ingenieria de Aragén

Universidad Zaragoza

Universidad
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STEREO ORB-SLAM
Raul Mur Artal and Juan D. Tardés

Tsukuba Flashlight

o) 1721
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