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Related Work

m Filter-based SLAM

Davison et al.2007 (MonoSLAM), Eade and Drummond 2006,
Mourikis et al. 2007 (MSCKF), ...

m Keyframe-based SLAM

Klein and Murray 2007,2008 (PTAM), Castle et al.2008, Tan et
al. 2013 (RDSLAM), Mur-Artal et al. 2015 (ORB-SLAM), Liu et
al. 2016 (RKSLAM), ...

m Direct Tracking based SLAM

Engel et al. 2014 (LSD-SLAM), Forster et al. 2014 (SVO), Engel
et al. 2018 (DSO)
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Extended Kalman Filter

m State at time k, model as multivariate Gaussian
X, ~ N(X,R)

mean covariance

m State transition model
X, = T(X_)+ W,
w, ~ N(0,Q,) Process noise
m State observation model
z, =h(x)+v,
v, ~ N(O,R ) Observation noise
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Extended Kalman Filter
m Predict
)A(k|k—1 = f ()A(k—1|k—1)
Pk = F Pk—1|k—1|:kT + Q.
F = of /ox|,
m Update

k—1lk—1

S «=HP,_H +R, I[nnovation covariance
Kk — Pk|k—1Hl-<rSk_1

)A(k|k — )’Zklk—l + Kk (Zk — h(),zk|k—1))

Pk|k — (I — Kka)Pk|k—1

H, =oh/ox|,

klk—1



MonoSLAM
m Map representation (C)  camerastate

><1

X2 point state
)

ch1 ch2 )
X1 X4 lex2

I:)xle I:)xzxz

J

A. J. Davison, N. D. Molton, I. Reid, and O. Stasse. MonoSLAM: Real-
time single camera SLAM. IEEE Transactions on Pattern Analysis and
Machine Intelligence (PAMI), 29(6):1052-1067, 2007.
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MonoSLAM

m Camera state

y*(up)

Camera Frame R

A %7 (left)
e

by z° (forward)

World Frame W

(p.) camera position

q. | orientation quaternion
V. | linear velocity

\ @, ) angular velocity
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MonoSLAM

m Predict

. (akj linear acceleration
angular acceleration
w, ~ N(0,diag (Q,.,Q,))
(P ([ Peat (Vi g + 3y )AL )
C, = oh _ (o, + o)A ®q,
V, Vi + 3,

\ D} Wy T O )
Xk — Xk—l

a,
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MonoSLAM

m Predicted features position
z.=xm(X,,C)+vV.
v. ~N(O,R)
m |nnovation covariance
Elliptical feature search region

S = JcPchg +JcchiJ>T<i +in PXiCJg +‘JXiPXiXi‘J>T<i + R
OZ.
Jo=—1
©ocC
OZ.
J, =—L
“OX,



MonoSLAM

m Active search

Shi and Tomasi Feature Elliptical search region
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MonoSLAM

m Complexity
O(N°®) per frame

m Scalability
Hundreds of points



PTAM: Parallel Tracking and Mapping
m Map representation

G. Klein and D. W. Murray. Parallel Tracking and Mapping for Small AR Workspaces. In
Proceedings of the International Symposium on Mixed and Augmented Reality (ISMAR), 2007.



PTAM: Parallel Tracking and Mapping
m Overview

Foreground Thread

Feature Feature Camera Pose Kel;\llf?;llvme
Extraction Tracking Estimation 5
e - es
( Map ‘I g
I
|
|| 3D Points Keyframes [
I
\

Background Thread

Bundle Add New
Adjustment 3D Points




" J
Keyframe-based SLAM vs
Filtering-based SLAM

m Advantages 5
Accuracy ll
Efficiency ) (& _ DACLORNOLOROIOIONO

.- (a) Markov Random Field (b) Filter (c) Keyframe BA
Scalability

H. Strasdat, J. Montiel, and A. J. Davison. Visual SLAM: Why filter?
Image and Vision Computing, 30:65-77, 2012.

m Disadvantages

Sensitive to strong rotation

m Challenges for both

Fast motion —
Motion blur
Insufficient texture
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ORB-SLAM

TRACKING
E - Extract Iniftri:ImPlc:: ::tmon Track New KeyFrame
e - .
ram ORB l Relocalisation Local Map Decision
. |
Map Initialization MAP KeyFrame
= ; 3 '
punce =
RECOGNITION = prismd B
=
Recent 2
in
Covisibility e 15
Recognition Graph — g
Database : New Points
Sp#el:ng Creation @
Loop Correction Loop Detection Local BA
Obtimi Local
E::el::iz:l Loop Compute || Candidates KeyFrames
Fusion Sim3 Detection "._n___cmg_
Graph
LOOP CLOSING

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

m RIES: T PTAM B BEVEAESE (B XHHESE p
)R o3 2044 R A 1 ok

175 FHH ORBYIE, VU BC A B 28 A7 4 BE 5 4

I T a4 Bl A AT P S L, BATHBR TR
7= 2R,

IR I AR 225K B B3 ST AR A T 7 ot
SR — i B 5 1) DR B U = 24 i ) e AL




"

Direct Tracking

Feature-Based Direct
Input % Input : ‘
Images ﬁ O Images $ %‘
L —
Extract & Match

Features
(SIFT /SURF/...)

abstract image to feature observations keep full images (no abstraction)
Track: £\ Track:

min. photometric error 5

min. reprojection error|.
(intensity differences)

(point distances)

R . @ 5)
§ ) O .
Map: — Map: —
est. feature-parameters =~ est. per-pixel depth ~ # B
(3D points / normals) —= (semi-dense depth map) _|.% 68

Thomas Schops, Jakob Engel, Daniel Cremers: Semi-dense visual odometry for
AR on a smartphone. ISMAR 2014: 145-150.



Direct Tracking

m Goal

Estimate the camera motion & by aligning intensity
images |,and |, with depth map Z of [,

m Assumption
1,(X) = 1,(z(&, X, Z,(X)))

warping function: maps a pixel from I, to I,



Direct Tracking

m Warping function p=7x"(X,Z,(xX))
=7 ((u,v)", Z,(x))

cizl(x)) =Zl(X) u—-c, Vv—C,

f f

X y

Christian Kerl, Jurgen Sturm, Daniel Cremers: Robust odometry estimation for
RGB-D cameras. ICRA 2013: 3748-3754



Direct Tracking

m Warping function T(E, p)=Rp+t
z(T(& p)=7((X,Y,2)")

£X By Y
= +Cy, ———+C,
Z Z

Christian Kerl, Jirgen Sturm, Daniel Cremers: Robust odometry estimation for
RGB-D cameras. ICRA 2013: 3748-3754



Direct Tracking

m \Warping function (&, X, Z,(X) =7z(T (&, p))
=7(T (&, 77 (X, Z, (X))

Christian Kerl, Jirgen Sturm, Daniel Cremers: Robust odometry estimation for
RGB-D cameras. ICRA 2013: 3748-3754



Direct Tracking

m Residual of the k-th pixel
(&) =1, (W(&, %, Z,(X))) — 1,(%)

m Posteriori likelihood

p(r1£)p(&) _ [H P "5>jp(§)

PEIn =0 ()
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Semi-Dense Visual Odometry

close

Jakob Engel, Jirgen Sturm, Daniel Cremers: Semi-dense Visual
Odometry for a Monocular Camera. ICCV 2013: 1449-1456



" EEE———

Semi-Dense Visual Odometry

m Keyframe representation

Ki — (Ii’ Di’Vi)
ii — |i(x) image intensity

(a) camera images [

di =D. (X) inverse depth

2 : :
Oy = Vi (X) inverse depth variance
(b) estimated inverse depth maps D

(c) inverse depth variance V/
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Semi-Dense Visua

Odometry

m Overview

Mapping:
estimate semi-dense depth map
(at ~15Hz on a smartphone)

Input Video:
”QX?_A'O at %OI—IZ

. p1 opaoatlon

I

Tracking:
ninimize photometric error
(at 30Hz on a smartphone)

Map: Semi-Dense Inverse Depth Map

Gaussian probability distribution of the inverse depth for all
plxels with sufﬁcnent mtensnty oradlcnt (colored)

inverse depth

inv. depth variance

original image
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LSD-SLAM

After loop closure Before loop closure

: «.u"::fl -""i':’. W Wiy,
ST

Jakob Engel, Thomas Schops, Daniel Cremers: LSD-SLAM: Large-Scale
Direct Monocular SLAM. ECCV (2) 2014: 834-849.
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LSD-SLAM

m Map representation
"1 Pose graph of keyframes
1 Node: keyframe % akd) %
I<i :(Ii1Di1Vi) 4 53“ ‘&
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LSD-SLAM

m Overview

Tracking
,
New Image
(640 x 480 at 30Hz)
.

Y

Depth Map Estimation

ves m no .

Create New KF Refine Current KF
—+ propagate depth map | |— small-baseline stereo

Track on Current KF':

— estimate SE(3) transformation

2
min ;‘F(pf,}
£ese(3) g rp(p.€) || s

to new frame —+ probabilistically
—+ regularize depth map merge into KF
—+ regularize depth map

¢ replace KF # refine KF

Current KF )

* tracking reference

(See Sec. 3.3)

(See Sec. 3.4)

add to map

Add KF to Map

— find closest keyframes
—+ estimate Sim(3) edges

min
gesim(3) 5

r}‘i(n&] n PELP-E]

x
Trpp.£)  Try(p.£)

&

(See Sec. 3.2, 3.5 and 3.6)




LSD-SLAM

m Direct sim(3) image alignment

2 2
* : r C r E
fji=argng|nz (P §JI)+ 4 (P S5i)
SN SIS 2y

r,(p.&;)=1;(z(;, pl/d;))—1;(p)

: =207 + % 262
rp (P.Sji) - | adl d;

i (p.&) =1IT, (&, 77 (p.1/d;)) - D;(p,)

2 o,
Crrpeny =Vi(P. )[D (o )] +Vi(p)(Di(p)
p, =7(&;, p.1/d;)

:
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LSD-SLAM

m Pose graph optimization
Energy function:
E€wy--&wn) = Y, (&io&wsobw;) T3 (& 0 &wi o Ew)
(€;:,25:)€E

Kummerle, R., Grisetti, G., Strasdat, H., Konolige, K., Burgard,
W.: g20: A general framework for graph optimization. In: Intl.
Conf. on Robotics and Automation(ICRA) (2011)
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Key Issues for SLAM in Dynamic
Environments

m Gradually changing
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Key Issues for SLAM in Dynamic
Environments

m Gradually changing

m Object Occlusion
“1Viewpoint Change
“1Dynamic Objects
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Key Issues for SLAM |n Dynamlc
Environments

m Gradually changing

m Object Occlusion
“1Viewpoint Change
“1Dynamic Objects

m Very low Iinlier ratio
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RDSLAM Framework

Tracking Thread

Live Video Feature Extraction Feature Matching
with SIFTGPU with KD-Tree

A

Camera Pose

Estimation Applications

Augmented Rﬂli@

Frame and camera pose

3D Feature
Points

Keyframes

Bundle Invalid 3D Points
Adjustment Removal

Mappin

Update 3D map

Threads

Online Keyframe New Keyframe

Updating Decision

5
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Online 3D Points and
Keyframes Updating

m Keyframe representation
m 3D Change detection

Select 5 closest keyframes for online image.

For each valid feature point x in each
selected keyframe,

s Compute its projection x’ in current frame

s If ny Ay < T, , compute the appearance
difference p.(x)=min Y |k —Iy 4l

“oyeW(x)
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Online 3D Points and
Keyframes Updating

m Keyframe representation
m 3D Change detection

Select 5 closest keyframes for online image.

For each valid feature point x in each
selected keyframe,

s Compute its projection x’ in current frame

m If ﬂ;(rﬁxf < T , cOmpute the appearance
difference p.(x) = m}"n Y |y —Iy4dl
OYEWI(X) .
If D.(X) > 1., then find a set of

Since dynamic points feature points y close to x'.
cannot be triangulated,
the occlusion caused
by dynamic objects
can be excluded here.

VMg
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Online 3D Points and
Keyframes Updating

m Keyframe representation
m 3D Change detection

Select 5 closest keyframes for online image.

For each valid feature point x in each
selected keyframe,

s Compute its projection x’ in current frame
m |f n;{r nx < T, , compute the appearance
difference p.(x) = min ), |y —Iy+dl
If D.(X) > 7., then'find a set of
Since dynamic points feature points y close to x'.

cannot be triangulated, v > o : :
the occlusion caused ™ If €Xy = 2xor their depths are The occlusions caused

by dynamic objects very close, set V(X)=0. by static objects are also
can be excluded here. excluded.

VMg




Occlusion Handling

Occlusions by Dynamic Objects @

3D points updating 3D points updating

with occlusion handling without occlusion handling

invalid 3D points
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Occlusion Handling

(a) The SLAM result without occlusion handling.
(b) The SLAM result with occlusion handling.
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Random Sample Consensus
(RANSAC)

[Fischler and Bolles, 1981]
Objective: Robust fit of a model to a data set S which contains outliers.

Step 1. Compute a set of potential matches

Step 2. While T(#inliers, #samples) < 95% do
step 2.1 select minimal sample (6 matches)
step 2.2 compute solutions for P
step 2.3 determine inliers

Step 3. Refine P based on all inliers
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Prior-based Adaptive RANSAC

m Sample generation
110x10 bins N
“1Prior probability p, =& /Y & B 20

m Hypothesis evaluation

7r4/det(C N
S:(Zgl) \/ ( ) . . X
| A + +
“lnliers number N~ ) &, e+ 4
. . . . - + n + + _|_+
IInliers distribution, 1.e., -y A
+

distribution ellipse C N



Prior-based Adaptive RANSAC

m Hypothesis evaluation

s=(X)

n\/det(C)

200 green points on the static background, 300 cyan points on the rigidly moving object,
500 red points are randomly moving.



Prior-based Adaptive RANSAC

m Hypothesis evaluation

s=(X)

ﬂ\/det(C) S1=8.31>S2=1.98

200 green points on the static background, 300 cyan points on the rigidly moving object,
500 red points are randomly moving.
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Result Comparison

(a) The SLAM result with standard RANSAC
(b) The SLAM result with our PARSAC



Results and Comparison

Our SLAM Result

W ;L-- ]
ah

+- R
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Results and Comparison




RDSLAM: Robust Dynamic SLAM

' RDSLAM is a real-time simultaneous localization and mapping system which can robustly work in dynamic environments. It is for non-commercial
:research and educational use ONLY. Not for reproduction, distribution or commercial use. If you use this executable for your academic :
' publication, please acknowledge our work. This program is tested on Win7, but is still not guaranteed to be bug-free and work properly with all versions of !
LA

Vindows. You are welcome to report any suggestions or bugs. We will actively update the program. Please email Guofeng Zhang if you have any
questions.

Release ( )

RDSLAM1.0 is implemented based on the following paper:

: Wei Tan, Haomin Liu, Zilong Dong, Guofeng Zhang* and Hujun Bao. Robust Monocular SLAM in Dynamic Environments. International Symposium on
' Mixed and Augmented Reality (ISMAR), 2013.

Changelog

http://www.zjucvg.net/rdslam/rdslam.html
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Visual-lnertial SLAM

m Use IMU data to improve robustness

Filtering-based methods
s MSCKF, SLAM in Project Tango, ...

Non-linear optimization based methods
x OKVIS, ...

m Can work without real IMU data?
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RKSLAM Framework

Foreground Thread Background Threads
m Multi-Homography based |
. Feature > Global M
Tracking =8 #
1 Global homograph N B
- OTograpTy L D)
1 Specific Homography — e v
omographny-
1 Local Homographies B E—
m Sliding-window based pose | et |
optimization i n _+
1 Use global image alignment gty
to estimate rotational velocity N
@ =argmin( }_ [|[;(x) ~ i1 (2(KRa (.03 )K™'x")) |5 Local Map
rox 5. #KRs (@.13 ) K¥) —xi —Au
1 Pose optimization with .\\./‘

simulated IMU data




Multi-Homography based Tracking

m Global Homography Estimation

Combine the alignment between the keyframe
and previous frame, and the transformation
between current frame and previous frame

H ;) = argmin( ) ||F(x) = (z(Hx"))||5
H xe L)
/
+ Z |w(Hx) —x;_1]]s,).
(XkXj—1 ) EMy i
G _ g G
Hk%: H( )A,».ch—>(: 1)
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Multi-Homography based Tracking

m Specific Homography Estimation

“1For a 3D plane P; visible in keyframe F,, its
homography from F, to |; can be derived as

| R,(pi—pi)n! R}

k—i

dj+ 11},TR,rcp,rC




Multi-Homography based Tracking

m Local Homography Estimation
Same with ENFT algorithm
Use the inlier matches to estimate a set of local
homographies
m Matching with Multi-Homography
Provide better initial positions
Alleviate patch distortion
Robust to fast motion
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Sliding-Window based Pose
Optimization

N Assume havmg IMU data

argmmz E |7 (K(Ri(X; —pi))) — Xijl]s, +EHeq qi.qit+ 1. bo;) qu
“Spi=1 jeV;

[—1 [—1
+Z ||ep(qf:pf:pi—l—l :Vr':baf)H%p + Z ||e"(qhvfzvi+l ?baj)H%v
i=1 i=1

-1
2 2
+ Z ||eba (ba,‘ :baH_] )sza + Z ||eba) (bCUg :bw;+1 )”Ebw
i=1 i=1

m Set 4, =0 and estimate &; by

@ = argmin( Y ||F;(x) = Iy 1 (R(KRa (@.1 ) K 'x")] |5
O xeQ

1 _
L g laKR(@.0)K ) —xi )
(Xi . Xir1)EM; it
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Sliding-Window based
Optimization Comparison

Our Sliding Window ()pt‘imi'/.'.lti(m Comparison
with 4 Different Settings

-
e 8

With rotational velocity estimation With real IMU measurements

- R el

= GED

Set rotational velocity to zero Without motion prior constraints



Results and Comparions

Comparison
v A e &

SR S WY ' R U S  NTY
- : ' ¢ ' 3 A

Qur method with rotational velocity estimation ORB-SLAM

= v ee——— = v e—
: _ SN Y ' _ S S ST
N Ny 4 Y4 'y ;

PTAM RDSLLAM
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Quantitative Evaluation with
TUM RGB-D Dataset

Group Sequence RKSLAM ORB-SLAM PTAM LSD-SLAM
A frl xyz 0.61/0%/100% 1.05,/0%/100% 1.29 /0% /100% 7.64 /0% /100%
A fr2 xyz 0.43 /0% [ 100% 23 /0% /100% 0.29 /0% / 100% 6.32/0% /100%
A fr3_sitting xyz 1.98 /0% /92% 1.31/5%,/100% X 9.12/0% /100%
B frl_desk 1.69/0%/100% | 1.40/12% /100% 2.71/0%/44% 3.86/27%/ 100%
B fr2_desk 10.10/0%/97% 0.78 /6% /100% 0.55 /0% / 20% 17.41 /0% /100%
B fr3_long_office 2.48 /0% /100% 2.17/0%/100% 0.82/0%/31% 36.04 /30% /100%
C frl_rpy 1.26 /0% 100% 5.53/4% [B4% X 3.26/0%/11%
C fr2_rpy 0.41/0%/100% | 0.23/32%/100% | 0.56/0% /100% 3.71/0%/25%
C fr3 sitting_rpy L44/0%/100% | 0.19/93% /100% 2.44 /0% /93% 3.36,/0%/89%
D fr1_360 11.81/0% /95% 8.16/5%/11% X 8.25 /0% /5%
D fr2_360_hemisphere 17.48 /0% [ 88% 12.27 /1% /65% 76.50 /0% [33% 25.64 /0% [19%
D fr2_pioneer_360 20.24 /0% [ 86%% 1.40/69% /469 59.09 /0% [98% 30.62/0% /41%

From left to right: RMSE (cm) of keyframes, the starting ratio (i.e. dividing the initialization
frame index by the total frame number), and the tracking success ratio after initialization.

Group A: simple translation Group B: there are loops
Group C: slow and nearly pure rotation Group D: fast motion with strong rotation
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Timing

m Computation Time on a desktop PC

Module Time per frame
Feature extraction ~ 2 ms
Feature tracking 2~ 8 ms
Local map expansion and optimization 2 ~4ms

Table 1: Process time per frame with a single thread.

m For a mobile device
20~50 fps on an iPhone 6.
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Visual SLAM$ A & FEia# (1)
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Visual SLAMT R K s (2)

JEZ LRy
ZitrIMU. GPS. IRECAML. Jeimit. HFeTT
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RATHISLAM 22 4

m RDSLAM
O http://www.zjucvg.net/rdslam/rdslam.html

m RKSLAM

O http://www.zjucvg.net/rkslam/rkslam.html

n EEZRGRRSBHRK

O http://www.zjucvg.net



http://www.zjucvg.net/rdslam/rdslam.html
http://www.zjucvg.net/rkslam/rkslam.html
http://www.zjucvg.net/
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m PTAM
O https://github.com/Oxford-PTAM/PTAM-GPL

m ORB-SLAM
O https://github.com/raulmur/ORB_SLAM

m LSD-SLAM
O https://github.com/tum-vision/lsd_slam

m DSO
O https://github.com/JakobEngel/dso

m SVO
O https://github.com/uzh-rpg/rpg_svo



https://github.com/Oxford-PTAM/PTAM-GPL
https://github.com/raulmur/ORB_SLAM
https://github.com/tum-vision/lsd_slam
https://github.com/JakobEngel/dso
https://github.com/uzh-rpg/rpg_svo

Thank qyou!



