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SLAMAG &%

 Filter-based SLAM

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

« 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), ...

* Direct Tracking based SLAM

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



Extended Kalman Filter

e State at time k, model as multivariate Gaussian
X, ~ N(X., F)

mean covariance

« State transition model
X, = T (%) +W,
w, ~ N(0,Q,) Process noise
« State observation model
z, =h(x.)+Vv,
V., ~ N(0,R, ) Observation noise



Extended Kalman Filter

* Predict
)A(k|k—1 = f ()A(k—1|k_1)
Pk = F Pk—1|k—1|:kT + Q,
F = of /ox|,
« Update

k—1]k—1

S = |—|k|3k|k_l|—|l'(r + R, Innovation covariance
Te -1
Kk — Pk|k—1Hk Sk

Xk = )A(k|k—1 =+ Kk (Zk — h()A(k|k—1))
Pk|k — (I — Kka)Pk|k—1



MonoSLAM

+ Map representation
(C ) camera state

point state
o)
Pc:x2
X1X2
PX2X2
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.



MonoSLAM

e Camera state

World Frame W

/pk\

oh
vy

Camera Frame R

\ D

y*(up)

A %7 (left)

Z" (forward)

camera position
orientation quaternion
linear velocity
angular velocity



MonoSLAM

Predict

W, =

.

linear acceleration
angular acceleration

w, ~ N(0,diag(Q,.Q,))

C, =

/pk\

on
Vi

(Pt (Vi_y + 8y )At )

q((o, + o )A) ®Qq,
Vi Ty

\ D

Xk :Xk—l

\ Wy, 4 T+ )



MonoSLAM

* Predicted features position
z.=m(X:,C)+vV,
v. ~ N(0,R)
* |Innovation covariance
« Elliptical feature search region

S, =J.P.J. +JcchiJ>T<i +Jy. PXiCJg +inPxixiJ>T<i +R

OZ,
J.=—="
©6C
3, = o4

T



MonoSLAM

 Active search

Shi and Tomasi Feature Elliptical search region



MonoSLAM

« Complexity
O(N®) per frame

« Scalability
« Hundreds of points




PTAM: Parallel Tracking and Mapping

« 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

* Overview
Foreground Thread
e
Feature Feature Camera Pose Keyfram
Extraction Tracking Estimation e
?
---------------- -~ yes
( Map ‘I
|
! : Keyframe | |
, | 3D Points < :
\

Background Thread

/ \
I [
I Burce I
: Add New :
l I
\ /

Adjustme 3D Points




Keyframe-based SLAM vs Filtering-based SLAM

« Advantages
« Accuracy

« Efficiency 2
(a) Markov Random Field

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

« Sensitive to strong rotation

« Challenges for both
« Fast motion
« Motion blur
 Insufficient texture




ORB-SLAM

TRACKING
E " Extract ln;u:lmpfs‘; ::tmon Track New KeyFrame
rame ORB I Relocalieation Local Map | Decision
v MAP l
Map Initialization ’ KeyFrame
—
PLACE MapPoints KeyF o)
RECOGNITION : tnsertion g
=
- Recent 2
Jr— Points || »
| Covisibility M::%Iling v
Recognition Graph =— g
Database : New Points
SP-?-:::W Creation @
Loop Correction Loop Detection ﬂ
Obtimi Local
Egg'tiz:l Loop Compute || Candidates KeyFrames
Graph || Fusion Sim3 Detection [T*— [|_Culling
LOOP CLOSING

Raul Mur-Artal, J. M. M. Montiel, Juan D. Tardds: ORB-SLAM: A Versatile and

Accurate Monocular SLAM System. IEEE Trans. Robotics 31(5): 1147-1163 (2015).



ORB-SLAM
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Direct Tracking

Feature-Based Direct
Input ﬁ % Input ﬂ W
Images _ Images _
L ——
Extract & Match &

Features
(SIFT /SURF/...)

2 7
abstract image to feature observations keep full images (no abstraction)
Track: ) Track: i

min. reprojection error | S min. photometric error
(point distances) Tl (intensity differences)

@ Map: é\z @ @

= Map: —
est. feature-parameters = est. per-pixel depth ~ # B
(3D points / normals) —= (semi-dense depth map) | ¥ Res3

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



Direct Tracking

e Goal

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

* Assumption

1, (X) = 1,(7(S, X, Z,(X)))

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



Direct Tracking

« Warping function

P= 77_1()(’ Z,(X))
= (V)" Z,(0)

e g1 Y0

X y

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



Direct Tracking

« Warping function

T(S,p)=Rp+t
(T (&, p)==((X,Y,Z)")

fX Ry Y
= +Cp—2—+C,
Z Z

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



Direct Tracking

« Warping function

(8, %, Z,(x)) = 2(T(S, p))
=2(T (£, 7 (X, Z,(x))))

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



Direct Tracking

* Residual of the k-th pixel
h(8) =1, (W(S, %, Z,(X,))) — 1,(%)

o Posteriori likelihood

(11 £)p(E) _ (1:[ P '5)jp(‘§)

PEIn =0 (1)



Semi-Dense Visual Odometry

close

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



Semi-Dense Visual Odometry

« Keyframe representation

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

(a) camera images [

d. = D.(X) inverse depth

2 : :
oyq =V, (X) inverse depth variance
(b) estimated inverse depth maps D

(c) inverse depth variance V/



Semi-Dense Visual Odometry

Overview

Input Video: Mapping:
2’)0;(?40 at 201—12 estimate semi-dense depth map
o N g P10 nmns (at ~15Hz on a smartphone)

. p1 opaoatlon

Tracking:
minimize 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 )




LSD-SLAM

After loop closure Before loop closure

el ST N :’.‘?“i’?

¥, ¢

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



LSD-SLAM

« Map representation
* Pose graph of keyframes
* Node: keyframe
K= (Ii’ Di’Vi)
* Edge: similarity transformation
£, esim(3)




LSD-SLAM

e Qverview

* tracking reference

i . | . . Lo I
| Tracking '+ Depth Map Estimation | |
. | _ - |
i ’ | @ i | |
| | |
. _ |

! New Image | yes ey | :
|| (640 x 480 at 30Hz) ax o |

| ]! !
| \ 1!l Create New KF Refine Current KF | | :
| + : : —+ propagate depth map | |— small-baseline stereo || : :

| ilisticallv '
. Track on Current KF: 1| tonew frame — probabilistically o g
: timate SE(3) t p . I : —+ regularize depth map merge into KF : | add to map |
— estlmate . ransiormatlon | . | 1 |
| Ll — regularize depth map |, | Add KF to Nlap |
I ]! b I
| 5 ! renlace KF ¢ refine KF | 1|~ find closest keyframes |
: 'El'ﬂi1_13:| gﬂ 3 ¢ P | |+ estimate Sim(3) edges !

Eae( roi{pP.£) 1 g )

| e el ’ | Current KF L min p(p8) | rip) :
: - : : | gesim(3) g || Trpipg) Tralpg) || 5 |
| |

I ' [
| ! I |
[ : [

|

| | :

(See Sec. 3.3) (See Sec. 3.4) (See Sec. 3.2, 3.5 and 3.6)



ENFT-SLAM: ENFT-based
Large-Scale Monocular SLAM



ENFT-SLAM

» Tracking
« Use ENFT feature tracking

« Mapping with Loop Closure

 Detect loops with modified non-consecutive
track matching

« Segment-based BA for loop closure



Non-Consecutive Track Matching for Loop Detection

« Matching Matrix is intractable

« The number of keyframes is dynamically
increased.

« Matching Vector

« Measure the overlapping confidence between
current fame and keyframes.

« Detect loops

« Quick matching vector estimation with track
descriptors.

« Match current frame with the selected keyframes.



RealTime SLAM for Garden Sequence




Comparison with ORB-SLAM in Garden 01 Sequence

JU

ENFT-SLAM ORB-SLAM

Non-consecutive Track Matching Bag-of-words Place Recognition

Segment-based BA Pose Graph Optimization + Traditional BA



Comparison with ORB-SLAM in Street Sequence

ENFT-SLAM ORB-SLAM

Non-consecutive Track Matching Bag-of-words Place Recognition

Segment-based BA Pose Graph Optimization + Traditional BA



Key Issues for SLAM in Dynamic Environments

 Gradually changing




Key Issues for SLAM in Dynamic Environments

 Gradually changing

« Object Occlusion
« Viewpoint Change
« Dynamic Objects




Key Issues for SLAM in Dynamic Environments

 Gradually changing

« Object Occlusion
« Viewpoint Change
« Dynamic Objects

« Very low inlier ratio




RDSLAM Framework

Tracking Thread

Live Vide Feature Extraction Feature Matching | Camera Pose '/ Augmented Reality
ve video with SIFTGPU with KD-Tree Estimation Applications

A

Keyframes

Frame and camera pose

3D Feature
Points

Update 3D map

Bundle Invalid 3D Points Online Keyframe New Keyframe
Adjustment Removal Updating Decision

Map ll Threads



Online 3D Points and Keyframes Updating

« Keyframe representation

« 3D Change detection
» Select 5 closest keyframes for online image.

» For each valid feature point x in each
selected keyframe,

« Compute its projection x’ in current
frame Dc(X)=min Y |y —Iyi4l

© yeW(x)

o If n, iy <1, , cOmpute the
appearance difference

B If D:(X)> 7, then find a set of
feature points y close to x'.

Since dynamic points = If2X, > Zx or their depths are

cannot be triangulated, very close, set V(X)=0.

the occlusion caused

by dynamic objects The occlusions caused
can be excluded here. by static objects are also

excluded.



Occlusion Handling

Occlusions by Dynamic Objects @

3D points updating 3D points updating

with occlusion handling without occlusion handling

invalid 3D points




Occlusion Handling

(a)

(b)

(a) The SLAM result without occlusion handling.
(b) The SLAM result with occlusion handling.



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



Prior-based Adaptive RANSAC

« Sample generation

« 10x10 bins

+ Prior probability p, =& /) &;
 Hypothesis evaluation

P

. Zg)ﬂ\/det(C)
N
+ Inliers number N =Y & v '
+ Inliers distribution, i.e., o+ o+ 4
distribution ellipse C LTS
n +



Prior-based Adaptive RANSAC

* Hypothesis evaluation

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

* Hypothesis evaluation

! 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.



Results Comparison

Comparison

Our SLAM result with PARSAC Our SLAM result with RANSAC
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Visual-Inertial SLAM

« Use IMU data to improve robustness

* Filtering-based methods
« MSCKEF, ...

« Non-linear optimization based methods
« OKVIS, VINS-Mono, ...

« Can work without real IMU data?



Optimization with Motion Priors

- Sliding-window based pose optimization
* Motion constraints with IMU measurements

X*:argm%UZHrLj 5, +ZZHI‘C“ 2
irj i

Yo oo Tp—g| | Ly—o| | Ti—a|| Iy
IMU error reprojection error

* Motion constraints without IMU measurements
« Acceleration: is generally small and assumed to be zero

- Rotational velocity: combine feature matching and global
Image alignment to estimate it

@; = argmin( ) ||li(x) — T4 (H(Kﬂa(fﬂ-fa,j'K_]Kh))Hﬁ.
()] TEQ

I _|| (KRy (@.15 )K™'x}) —xi11|13)

(X; X1 ]E*'wr.f—k]



RKSLAM Framework

 Multi-Homography Forsgrvund Thrend  Backaround Threas
based Tracking
« Global homography
» Specific Homography

Clolbal

. — e )
« Local Homographies | Benzopi -
- : |
- Sliding-window based N s
pose optimization ey m
« Use global image il T
alignment and feature | v\{w "
matches to estimate oo

rotational velocity.

« Pose optimization with
simulated IMU data.

~ Local Map \
7 New . Yes
eyframe?




Sliding-Window based Optimization Comparison

Our Sliding Window ()primi'/.'.lti(m Cmnpzlrisun
with 4 Different Settings

|

-4
-

o~

\
With rotational \'clu\it'\ gstimation

| —4 =y
— v =
v _...{‘_.

>

Set !'«ﬂ.](infl.l] velocity to zero \\"ZI}IHIIE motion prior constraints




Results and Comparions

Comparison
T " - Ry q‘

ol e
- i

Our method with rotational velocity estimation ORB-SLAM

T " S—

g B l.zll

PTAM RDSLAM




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% | 0.23/0%/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% /84% 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 1.44/0%,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%/46% || 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 C: slow and nearly pure rotation

Group B: there are loops
Group D: fast motion with strong rotation



Timing

« 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.

« For a mobile device
« 20~50 fps on an iPhone 6.



Major Challenges of SLAM for AR

« Unexpected Situations in Applications

« A home user may not carefully move the
AR device.

« Real environment may have moving
objects, large textureless/repeated regions,
and strong occlusions.

- Good User Experiences

« Accurate and consistent 3D registration.

« Low frequency of camera lost.

 Quick recovery from failure status.



Visual-Inertial Dataset

« Typical VIO Dataset (e.g. EUROC, TUM VI)
« Synchronized sensors.

* Global shutter cameras with high quality IMU.
* Mobile Phone Data

« Sensor synchronization is not so reliable.
* Rolling shutter camera with low-cost IMU.

* Not for evaluating real AR applications.

Real AR Application




Visual-Inertial Dataset

Comparison of commonly used VISLAM datasets

Dataset [ KITTI] [EuRoc] TUM VI ADVIO
Hardware Car MAV Custom Handheld iPhone 6s
Camera 2x1392x512 2x768x480 2x1024x1024 1x1280x720 W d
20FPS 20FPS 60FPS e nee_ a more
Global Shutter Global Shutter Global Shutter RollingShutter @PPropriate dataset
IMU OXTS RT 3003 ADIS 16488 BMI160 The IMUof  for evaluating SLAM
10Hz 200Hz 200Hz iPhone 6s performance in AR
| | 100Hz —  applications, along
Ground- truth OXTS RT 3003 VICON/Leica OptiTrack Sensor Fusion ith high
10Hz 200Hz 120Hz 100Hz with high accuracy
(Partially) ground-truth.
Environment Outdoors Indoors In-/outdoors In-/outdoors
Total Distance 39.2 km 0.9 km 20 km 4.5 km
——
Accuracy ~10 cm ~] mm ~1 mm ~few dm
——
Sync Software Hardware Hardware Software




Visual-Inertial Dataset

Comparison of commonly used VISLAM datasets

Dataset [ KITTI] [EuRoc] TUM VI ADVIO Ours
Hardware Car MAV Custom Handheld iPhone 6s iPhone X/ Xiaomi Mi 8
Camera 2x1392x512 2x768x480 2x1024x1024 1x1280%720 1x640x480
20FPS 20FPS 60FPS 30FPS
Global Shutter Global Shutter Global Shutter RollingShutter RollingShutter
IMU OXTS RT 3003 ADIS 16488 BMI160 The IMU of The IMU of iPhoneX/
10Hz 200Hz 200Hz iPhone 6s The IMU of Xiaomi Mi 8
100Hz 100Hz/400Hz
Ground- truth OXTS RT 3003 VICON/Leica OptiTrack Sensor Fusion VICON
10Hz 200Hz 120Hz 100Hz 400Hz
(Partially)
Environment Outdoors Indoors In-/outdoors In-/outdoors Indoors
Total Distance 39.2 km 0.9 km 20 km 4.5 km 377 m
p——
Accuracy ~10 cm ~] mm ~1 mm ~few dm ~1 mm
——
Sync Software Hardware Hardware Software Software
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Hardware Setup & Data Process

« Two different mobile phones
 iIPhone X (Camera 640x480 30fps, IMU 100Hz)
« Xiaomi Mi 8 (Camera 640x480 30fps, IMU 400Hz)

« Ground-truth obtained by VICON system at 400Hz

( Raw Data ) ( Calibration Data ) (G'roundtmth Datajl Intermediate Result

( Image: I; j Camera Calibration
(Camera) ¢
(Camera Intrinsic: K]
M\ ¢ p7
Rotation Rate: w, ™1 Camera/IMU Camera/IMU
Acceleration: a; . o1y  Sync. & Calib. " Extrinsic: 2r,2p
(IMU) |
G R 15 Camera/VICON ‘f VICONIMU |
Position: /p I Sync. & Calib. _ Extrinsic: ,”}R,;’;P/
o (VICON) v
The phone is rlgldly attached Crountirsth Posss
to a marker object for VICON 15:95 2

localization



Device Synchronization and Calibration

« Camera-IMU Synchronization and Calibration

- MATLAB Toolbox & Kalibr. VICON
Tracker
« VICON-IMU Synchronization
« Maximizes the cross-correlation @
between VICON and IMU angle of YR VP
rotations. /. 1 VICON Marker

k,W e VR, Up
0, (1 HE) 1+t H dd | wrwp VP
ZH (V )H B(V ) World ™ __F____lf_ -~-\IL«—~E§’§;/>TCL’

CXle ol Y es G iof =Y

arg max

« VICON-Camera Calibration

- Aligning the VICON measurements with the camera
measurements by Apriltags.

. W W : W W :
arg min Z(Ill”g(‘ R, -, R,)H\ + H| i p,H\
GR):Lvp)sRemidX) ™ 3 = “

+2p (Hw(:l{ :l R, (Xj - :l p,) + :'p) ~ X

)



Dataset Motion and Scene Type

5 motion types : hold, wave, aiming, inspect, petrol

5 scene types : mess, clean, desktop, floor

3 segments : static, initialization, main
BO~B7 are captured for evaluating dedicated criteria

Sequence Motion Scene Description
Xiaomi A0 inspect-+patrol floor Walking and looking around the glossy floor.
Al inspect+patrol clean Walking around some texture-less areas.
A2 inspect-+patrol mess Walking around some random objects.
A3 aiming+inspect mess+floor Random objects first, and then glossy floor.
A4 aiming+inspect desktop+clean From a small scene to a texture-less area.
A5 wavetinspect desktop+mess From a small scene to a texture-rich area.
A6 hold+inspect desktop Looking at a small desktop scene.
A7 inspect+aiming desktop Looking at a small desktop scene.
iPhone B0 rapid-rotation desktop Rotating the phone rapidly at some time.
B1 rapid-translation desktop Moving the phone rapidly at some time.
B2 rapid-shaking desktop Shaking the phone violently at some time.
B3 inspect moving people A person walks in and out.
B4 inspect covering camera An object occasionally occluding the camera.
B5 inspect desktop Similar to A6 but with black frames.
B6 inspect desktop Similar to A6 but with black frames.
B7 inspect desktop Similar to A6 but with black frames.




Dataset Preview




Tracking Accuracy

« 4 commonly used criteria:
- Absolute Positional Error (APE) Absolute Rotational Error (ARE)

m 1 i i
€ = | Lz | Paanli] = perli I“J €ane = _z I log (R[] Req[i] )P
AV / [ Sy AV | B
« Relative Positional Error (RPE) Relative Rotational Error (RRE)

« Completeness

- The ratio between the
number of good poses and
the total number of all
poses.

« The poses before the first
initialization are not
included.

Good Pose: APE<0.1 m



Initialization Quality

- The time t,, for scale to converge.
« Accurate scale is quite important in some AR applications.
« At the beginning, scale usually fluctuates.
- We generally insert AR objects after scale converges.
« The quality €, of converged scale.
« Key to some applications like AR ruler.
« For VSLAM, true scale is not available.

 Estimate the global scale by aligning the results with ground-truth.

‘Srmw ( tinit) ‘S;:_

-1

+ -1

)X 100%

S cmw ( tinil

- . . Einit = tinit ( Gﬁ{'alv + B )a




Tracking Robustness

 Relocalization Error

S34> Ras, Tis by
. S34, Rag, Tsa
 The tracking result should be / )
consistent after recovering
from lost status. S, Ry Ty o S Ry, T e

n—1

EHL = ,-;l H 10g5i111(3)(§[_1€1'+ 1) ”

« Lost time: the smaller, the better.
- Smaller tracking error is better.

EH :(al[}ﬁl + T’lusl)(GHL + nAl’EGAPE)

/7 /

Ratio of Lost Time APE



Relocalization Time

« Force to enter lost state
« Manually add black frames.
- Relocalization time measurement

« VISLAM tends to continue IMU propagation even
without sufficient feature matches.

 Detect relocalization by the jump in trajectory.

Psavlk + 1]- Psm_\l[k]H > 3}

Lspamp;) = MIN {t;f > Iy I‘




Representative SLAM Systems

 Filtering-based SLAM
« MonoSLAM : solve camera pose via extended Kalman filter.
« MSCKF : keep a sliding window of M frames.
« MSCKF 2.0 : use FEJ to avoid leaking errors.

« Optimization-based SLAM
 PTAM : use keyframe-based optimization, local tracking and global
mapping in two parallel threads.
« ORB-SLAM2 : use ORB features to improve the system
robustness.
« OKVIS : use sliding-window optimization with both reprojection
errors and IMU motion errors.
 VINS-Mono : use local sliding-window optimization and global
pose graph optimization.
« SLAM with Direct Tracking

« LSD-SLAM, DSO : directly use intensity as measurements and
minimize photometric error.



8 Selected VSLAM/VSLAM Systems

- VSLAM

« PTAM : http://wiki.ros.org/ethzasl ptam

« ORB-SLAMZ :
nttps://github.com/raulmur/ORB_SLAMZ2

« LSD-SLAM : https://github.com/tum-vision/lsd slam
« DSO : https://github.com/JakobEngel/dso

- VISLAM

« MSCKEF : https://github.com/daniilidis-
group/msckf mono

« OKVIS : https://github.com/ethz-asl/okvis

* VINS-Mono : https://github.com/HKUST-Aerial-
Robotics/VINS-Mono

« SenseSLAM v1.0: http://www.zjucvg.net/senseslam




Experimental Results

« VSLAM Tracking Accuracy

Sequence PTAM ORB-SLAM2 LSD-SLAM DSO
APE/RPE (mm) A0 75.442 6.696 96.777 5.965 105.963 11.761 231.860 0.456
Al 113.406 16.344 95.379 10.285 221.643 23.833 431.929 2.555
A2 67.099 6.833 69.486 5.706 310.963 8.156 216.893 5.337
A3 10.913 4.627 15.310 7.386 199.445 10.872 188.989 4.294
A4 21.007 4.773 10.061 2.995 155.692 10.756 115.477 4.595
AS 40.403 8.926 29.653 11.717 249.644 12.302 323.482 7.978
A6 19.483 3.051 12.145 6.741 49.805 3.018 14.864 2.561
A7 13.503 2.462 5.832 1.557 38.673 2.662 27.142 2213
ARE/RRE (deg) A0 12.051 0.257 5.119 0.342 20.589 0.371 9.983 0.401
Al 53.954 0.291 8.534 0.242 51.122 0.288 39.007 0.524
A2 8.789 0.301 5.550 0.255 30.282 0.296 10.584 0.253
A3 6.225 0.293 1.431 0.264 31.370 0.475 20.580 0.241
A4 6.295 0.255 1.015 0.157 9.592 0.498 5.217 0.180
AS 14.030 0.452 1.963 0.546 36.789 0.810 40.939 0.324
A6 2.348 0.217 0.892 0.169 5.012 0.207 1.435 0.189
A7 1.218 0.153 0.569 0.115 3.052 0.147 2.239 0.135
Completeness (%) A0 79.386 65.175 49513 14.476
Al 60.893 68.303 11511 0.869
A2 85.348 79.263 21.804 22.878
A3 71.635 98.497 27.112 43.493
A4 95418 100.000 64.283 80.371
AS 87.399 97.785 25.033 2.059
A6 97.399 99.786 94.883 100.000
A7 100.000 100.000 98.663 100.000




Experimental Results

« VSLAM Tracking Accuracy

Sequence MSCKF OKVIS VINS-Mono SenseSLAM
APE/RPE(mm) A0 156.018 7.436 71.677 7.064 63.395 3.510 58.995 2.525
Al 294.091 14.580 87.730 4.283 80.687 3472 55.097 2.876
A2 102.657 10.151 68.381 5412 74.842 8.605 36.370 1.560
A3 44.493 3.780 22.949 8.739 19.964 1.234 17.792 0.779
A4 114.845 8.338 146.890  12.460 18.691 1.091 15.558 0.930
AS 82.885 8.388 77.924 7.588 42.451 2.964 34.810 1.954
A6 66.001 6.761 63.895 6.860 26.240 1.167 20.467 0.569
A7 105.492 4.576 47.465 6.352 18.226 1.465 10.777 0.831
ARE/RRE(deg) A0 6.584 0.203 3.637 0.741 3.441 0.205 3.660 0.197
Al 8.703 0.135 5.140 1.098 1.518 0.088 2.676 0.092
A2 3.324 0.195 2.493 0.869 1.775 0.201 1.674 0.181
A3 6.952 0.186 2459 0.825 2.121 0.176 1.642 0.182
A4 4.031 0.104 3.765 0.603 1.185 0.063 1.129 0.071
AS 4928 0.167 8.843 0.360 3.000 0.040 2.041 0.089
A6 2.625 0.170 2.275 0.629 1.478 0.131 1.656 0.134
A7 6.810 0.120 3.536 0.602 1.248 0.073 0.502 0.082
Completeness(%) A0 40.186 94.255 92.546 97.317
Al 1.646 98.235 86.508 95.072
A2 61.423 94.959 88.301 99.707
A3 97.814 95.972 100.000 100.000
A4 76.629 97.429 100.000 100.000
AS 76.738 98.162 98.795 99.143
A6 94.128 97.805 100.000 100.000
A7 68.341 96.690 100.000 100.000




Experimental Results

Initialization Time « |nitialization Scale Error
60.000 N 50.000
L
= 50.000 - = 40.000
B
£ 40.000 |- =
= = 30,000
§ 30.000 - 3
5 § 20.000
= 20000 |- .
E 10.000 | S 10.000
8
0.000 0.000
PTAM  ORB LSD DSO PTAM ORB LSD DSO
60.000 - _50.000 —
= S
@ 50.000 | 5 40.000
. L
= 40,000 | & 30,000
= o
S 30.000 - 3
g g 20.000
= 20000 | e
E 10,000 - : Rata
0.000 = 0.000

MSCKF OKVIS VINS Sense MSCKF OKVIS VINS Sense



Experimental Results

* Initialization quality

Einil = tinil ( €.~;(:a]e + B )a

Ssians VSLAM VISLAM
PTAM ORB-SLAM2 LSD-SLAM DSO MSCKF OKVIS VINS-Mono  SenseSLAM

A0 13.914 2.040 1.615 3.783 1.154 1.067 0.895 1.840
Al 18.334 6.930 25.578 15.598 5.182 2.892 3.220 3.674
A2 3.087 1.945 4.980 1.321 3.820 1.155 0.584 2.154
A3 1.667 0.974 0.810 0.683 3.730 0.690 1.254 0.764
A4 12.059 2.777 6.404 1.793 2.872 10.997 1.751 2.967
A5 18.743 4.062 12.934 17.815 4.366 2.119 1.866 1.183
A6 2.415 2.794 5.655 2.699 6.712 6.696 2.246 1.484
A7 1.037 0.772 1.624 0.671 9.532 1.413 1.164 0.835

Average 8.907 2.787 7.450 5.545 4.671 3.379 1.622 1.863

Max 18.743 6.930 25.578 17.815 9.532 10.997 3.220 3.674




Experimental Results

« Tracking Robustness

Sequence PTAM ORB-SLAM2 LSD-SLAM DSO MSCKF OKVIS VINS-Mono SenseSLAM
B0 (Rapid Rotation) 4.730 0.844 1.911 6.991 - 1.071 2.789 0.306
B1 (Rapid Translation) 4971 0.231 1.090 2.636 - 0.597 1.211 0.199
B2 (Rapid Shaking) 5.475 0.294 1.387 - - 3.917 13.403 2.013
B3 (Moving People) 7.455 0.600 0.897 6.399 - 0.673 0.785 0.465

B4 (Covering Camera) 16.033 2.702 0.727 - - 1.976 0.714 0.326




Experimental Results

 Relocalization Time

Sequence PTAM ORB SLAM?2 LSD-SLAM VINS-Mono SenseSLAM
B5 (1s black-out) 1.032 0.077 1.082 5.274 0.592
B6 (2s black-out) 0.366 0.465 5.413 3.755 1.567
B7 (3s black-out) 0.651 0.118 1.834 1.282 0.332
Average 0.683 0.220 2.776 3.437 0.830

Benchmark website: http://www.zjucvg.net/eval-vislam/

Jinyu Li, Bangbang Yang, Danpeng Chen, Nan Wang, Guofeng Zhang?,
Hujun Bao*. Survey and Evaluation of Monocular Visual-Inertial SLAM
Algorithms for Augmented Reality. Journal of Virtual Reality & Intelligent
Hardware, published online:
http://www.vr-ih.com/vrih/htmIl/EN/10.3724/SP.J.2096-
5796.2018.0011/article.html


http://www.zjucvg.net/eval-vislam/

Online Side-by-Side Comparison

Problem:

Most commercial software does not

support loading sequences mode.

Side-by-Side comparison:

O Online real-time running

O Simultaneously capture trajectory
O Trajectory alignment and accuracy

evaluation

O 1vs1 for all the criteria



Comparisons

Initialization Tracking
(o)
System mm Completeress () | ™ quaiy Robustness

ARCore v1.9 67.498 88.882 2.985055 0.337
SenseSLAM v2.0 01 73.735 91.593 1.781471 0.369
ARCore v1.9 02 76.302 93.072 2.465614 0.382
SenseSLAM v2.0 02 100.999 56.631 2.238261 0.505
ARCore v1.9 03 179.567 40.224 0.284811 6.064
SenseSLAM v2.0 03 52.895 94.591 3.204471 0.264
ARCore v1.9 04 134.114 44.563 5421213 0.671
SenseSLAM v2.0 04 122.414 47.254 2.697703 0.612
ARCore v1.9 05 76.461 91.667 1.059667 0.382
SenseSLAM v2.0 05 71.024 89.482 2.381186 0.355
ARCore v1.9 06 85.098 82.042 1.36916 0.624
SenseSLAM v2.0 06 86.276 72.702 3.577339 0.431
ARCore v1.9 07 112.105 56.695 1.304656 0.561

SenseSLAM v2.0 07 74.66 81.979 1.221794 0.373



AR Performance Comparison

Robustness and relocalization efficiency Robustness and relocalization efficiency
under occlusion under fast motion




ZJU3DVHERGTE

- BFFESFRIISLAMZR S, EiEeiEuREesE
« RDSLAM
« http://www.zjucvg.net/rdslam/rdslam.html
« RKSLAM

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

SenseSLAM v1.0

« http://www.zjucvg.net/senseslam/
EIBA: https://github.com/zju3dv/EIBA
ZJU - SenseTime VISLAM Benchmark

« http://www.zjucvg.net/eval-vislam/

- RKIGHBEANESSLAME L/ RALENRE

« http://www.zjucvg.net
« http://github.com/zju3dv



http://www.zjucvg.net/rdslam/rdslam.html
http://www.zjucvg.net/rkslam/rkslam.html
http://www.zjucvg.net/senseslam/
https://github.com/zju3dv/EIBA
http://www.zjucvg.net/eval-vislam/
http://www.zjucvg.net/
http://github.com/zju3dv
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Visual SLAMBAREZEISE (2)
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