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SLAM (Simultaneous Localization and Mapping), BIRFEMSHbENE , RREHEE
Z8FESmithT1988FRY , EERMAV =S AMERIXEZ ORI | HIEZZEFHIAE
SCIEIEE B FEBailss ABIKHE., RTERIISLAMERZITHERMY | ARIERESHIR,
TFENGNIREEDRIBRS! | FRBES iZIEN M.

Demo can be downloaded at: http.//www.adv-ci.com/blog/source/fastslam-qui/
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Semi-Direct
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Feature Based Methods - Parallel Tracking and Mapping

® Tracking and Mapping are
separated, and run in two

Parallel Tracking and Mapping parallel threads

for Small AR Workspaces ® Mapping is based on keyframes,
which are processed using

Extra video results made for bundle adjustment

ISMAR 2007 conference ® The map is densely intialised
from a stereo pair

Georg Klein and David Murray ® New Points are initialised with

Active Vision Laboratory

University of Oxford an epipolar search

® |arge numbers of points are
mapped

G. Klein, D. Murray, Parallel Tracking and Mapping for Small AR Workspaces, 2007



Parallel Tracking and Mapping
for Small AR Workspaces

Extra video results made for
ISMAR 2007 conference

Georg Klein and David Murray
Active Vision Laboratory
University of Oxford

G. Klein, D. Murray, Parallel Tracking and Mapping for Small AR Workspaces, 2007

Stereo initialisation

Update keyframe
data association

A

y

Integrate
keyframe

New keyframe?

Add
feat

new
ures

Globally
converged?

Yes

Update
data association

Feature Based Methods - Parallel Tracking and Mapping

Local
bundle adjust

Global
bundle adjust

22

Sleep 5ms




Feature Based Methods - ORB-SLAM

ORB-SLAM

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

{raulmur, josemari, tardos} @unizar.es

Y swewrives T Universidad
de  Universidad Zaragoza _-& Zaragoza

® Covisibility information to operate
at large scale

® BoW based place recognition
system for relocalisation and
loop closing

Raul Mur-Artal, J. M. M. Montiel and Juan D. Tardés. ORB-SLAM: A Versatile and Accurate Monocular SLAM System, 2015



Feature Based Methods - ORB-SLAM

TRACKING
Last Frame i
Extract Track Optimize New
'b Frame | -® ORB Repl:)..:a(l’i;n Local Map Pose KeyFrame?
MAP
ORB-SLAM — \J

Raul Mur-Artal, J. M. M. Montiel and Juan D. Tardés LOCAL MAPPING l
KeyFrames )

{raulmur, josemari, tardos} @unizar.es Prune Update i
Covisibility M o| Redundant || L0%1 || Local ||TMeDGAte || BOW
Graph 1 | KeyFrames Area
:
]
.
PLACE -
Instituto Universitario de Investigacion S U - s d d RECOGNITION b‘- ------------ > Wrrrenmssnss .
'Q )ﬁ en Ingenieria de Aragén ape niversida L OOP CLOSER ‘
‘ Universidad Zaragoza AL Zaragoza A :
sa2 T H
ﬁ nition Loop Compute E Loop O%t;r;!eize Global E
j| Recognitio " |Detection Sim3 * | Fusion BA
Database Graph

Raul Mur-Artal, J. M. M. Montiel and Juan D. Tardés. ORB-SLAM: A Versatile and Accurate Monocular SLAM System, 2015



DTAM:
Dense Tracking and

Mapping in Real-Time

Direct Based Methods — Dense Tracking and Mapping (DTAM)

® Utilizing a coarse base

surface model as the initial
starting point for dense
reconstruction

Depth map creation is
pipelined, and multiple
depth maps are
straightforwardly fused to
create complete scene
reconstructions

Using GPU to accelerate
the speed

R.A. Newcombe, S.J. Lovegrove and A.J. Davison, DTAM: Dense Tracking and Mapping in Real-Time, 2011



DTAM:

Dense Tracking and
Mapping in Real-Time

R.A. Newcombe, S.J. Lovegrove and A.J. Davison, DTAM: Dense Tracking and Mapping in Real-Time, 2011



Direct Based Methods - Large-Scale Direct Monocular SLAM
(LSD-SLAM)

Semi-Dense Visual Odometry

for AR on a Smartphone ® Using direct image alignment
i 1k e coupled with filtering-based
estimation of semi-dense depth
maps

® Probabilistically consistent
| incorporation of uncertainty of the
_— estimated depth into tracking

Computer Vision Group
Department of Computer Science
Technical University of Munich

J. Engel, T. Schops, and D. Cremers, LSD-SLAM: Large-Scale Direct Monocular SLAM, 2014



Direct Based Methods - Large-Scale Direct Monocular SLAM
(LSD-SLAM)

Semi-Dense Visual Odometry

for AR on a smartphone Tracking w ‘ Depth Map Estimation ' - Map Optimization
o 5 H ) i i ‘urrent Map
Thomas Schéps, Jakob Engel, Daniel Cremers | — i @ ik ( 11#
ISMAR 2014, Munich | o o il B = %
“. E + 3 3 Create New KF Refine Current KF E E & : L =

Track on Current KF:

1 |—+ estimate SE(3) transformation

2(p.&

o ize depth map " add to map

' h ) reg vmap |y ! h

] L] X 1

' By o e replace KF refine KF | !

5 ' » G =

il R et 1 : _ | 1| stimate

Hl - . 1 Current KF $o min || raee) |
A : ) ; " F ! am(3) 57 || 77, 3
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| tracking reference | | !
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Computer Vision Group
Department of Computer Science
Technical University of Munich

J. Engel, T. Schops, and D. Cremers, LSD-SLAM: Large-Scale Direct Monocular SLAM, 2014
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%) G-SLAMBIF

® High robustness: Anti-rotation, fast moving

® High efficiency: > 30Hz (1080p )

® High accuracy: < 0.1% error

® Multi-modal data support: Image, Video, GPS, LiDAR
® Joint optimization: GPS-denied environment

® General usage: Autonomous robot, AR, ...
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G-SLAMYS =

Tracking
® Semi-direct Tracking and Mapping: Input frame are first [N“_,m L.]
tracked by direct align, then refined by graph optimization J

Track Last Keyframe:

€ Anti-rotation, fast moving S = argmin S w ez

€ Fast processing and high speed

® Graph optimization: using graph optimization for local

Yes

and global optimization

Refine Current KF:
> u, = argmin z we'lle
W pek

€4 Multi-modal data support

€ Large scale scene can be handled
® Real-time orthoimage blender: using adaptive weighting
method to blend mapping
® Deep learning based place recognition: using CNN to

extract representative feature, semantic level SLAM




OV TEC,

G-SLAMYF = — Deep Learning

Superpixel Graph Structure of
Segmentation Superpixels

............................. .

Feature Learning Layers Structural Learning Layer

(Convolutional Neural Networks)

Shuhui Bu, et al. Pattern Recognition, 2016.

.....................

! Hybrid

Feature Fusion Layers

| Features

CRF Scene parsing

(Conditional Random Fields) (Deep Belief Networks)



o y

A?J_l,)r

G-SLAMYF = — Deep Learning

Divide .|
p—

Image patches
| L

Paich doscripiors Image description matrix

j —» EE— o
= — "

Superpixel

descriptors
- Compose and transpose
| o - _ S e e
———

. E.mage patches Patch dcscriﬁlors
Divide g | L. =
§ —_—

Constructing the image description matrix

Image
similarity

Calculate

Probability of
same place

Weight of
each patch

Adaptive weighting of similarity matrix

® Using CNN to extract

representative feature
® Considering spatial

relationship between

objects in scene

Qing Li, et al., Place Recognition Based on Deep Feature and Adaptive Weighting of Similarity Matrix, Neurocomputing, 2016.
Part of source codes: http.//www.adv-ci.com/blog/source/pi-cnn and http.//www.adv-ci.com/blog/source/pi-slic




G-SLAMEZE#5:14

VideoPOS Prepare Tracking Mapping
( (
Pop VP Queue > Initialize > Push KF Queue
Get Image Pop KF Queue
j‘> ¢ Relocalization l w jl> i
d Motion Model »  Track LastFrame TrackSubMap Compute BOW
Image Undistort ) ‘
Global Bundle Create New Points
Fit Plane > GPS Fitting Global Bundle K ‘
A\ 4
F E Add to Map
e Data Management
> Grid Processing Hotswap/Database Hashing <: .
Data Association
A\ 4
Prepare GPS data High Quality Mapping
: e Local Bundle
:> GPS/SLAM Fusion Tracking Fitting 2D/3D Map K ":
Optimization Generation
A 4
Push to VP Queue GUIUR enderine Inference Embedded
= Deep Network
|:> Prepare Texture DrawThings Event Handle <:




G-SLAM

Win3D | MapWidget | SvarWidget
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® SLAMMWELLMTE
ZENMILIL | BEEIAE
SCAY
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!' r Prepare \i :' Keyframe Handle i i' Map2DFusion \E ® Automatic GPS and video

] New : i : : : . - .

 Erame F ) 1| Addkeyframe [ OpﬁLr:;:zaalﬁon ¥ —— synchronization: a graph

i Image i i | T .

| |_undistortion | {|“7zzzzzzzzizzzziigiszzzoizII ! i based optimization is proposed
E Fea‘!cfure i { Map Optimization ‘: i Ywarp Imzge i to synchronize video time with
| . ik ¥ ) I . .

E Extraction E E Y Correct Loop i i Build Laplacian i GPS time from coarse to fine.
i el | 2 | j] |__Evamid |

1 ; Vi ' v i @ Real-time orthoimage blender:
i Tracking it GPS v £l i

i i1 i FitGPS ] Blending i ) . )

t [ Track Current | |1 Matidg i i an adaptive weighted muilti-

1 K o | i i

i Frame il [; o e 1 /4% :

i | : H o | band method to blend and

! vils FitPlane > e i i ‘ i _ _ _ _

| =‘ curenttap | 11 curent mare) | visualize images incrementally
\l S ; s L .

in real-time.

Shuhui Bu, Yong Zhao, et al., Map2DFusion: Real-time Incremental UAV Image Mosaicing based on Monocular SLAM, IROS, 2016
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Integrated UAV Information System

Ground Control

SLAM /
Vision Navigation /

High-resolution

Flight Simulation

Station Real-time Mapping Mapping
Flight Control MAVLINK 3D SLAM
Mess.age Communication cV OSA
Passing Manage

OS (Multi-OS support)

Integrated
System

Apps /
Components

Supporting
Library

Operating
System
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File Edit View MAV SIAM GCS Test Help

Map | SLAM | AHRS 3D Viewer

GPS(nSat=19, HDOP= 1.1, FIX=3)
BatV= 23.11, Distance=( 397.9,
VelH= 4.89, Velv= -0.10
RSSI=151( 46.9%), 143( 40.8%)

1

@m

[ ALT:  545.7 m

H:

150.2 m

]

Info | Control

GCS_Alt
GCS_GPS
GCS_bat
GCS_heading
GCS_status
Map

RSSI

UAV_Alt
UAV_Dis
UAV_GPS
UAV_Mode
UAV_Time
UAV_Vel
UAV_bTime
UAV_bat

0.00, 0.96

0, Lost, 9999.00
10.54

109

108.920152, 34.248818: ...

151( 46.9%), 143( 40.8%)
545.72,150.24

397.9 (420.0)

19, 3D-fixed, 1.1

AUTO, Armed, ACTIVE

2015-11-10 10:34:42.838 ...

4.89, -0.10
8:21.993
23.11V. 0.0A, 99.0%




XEFRGF - SLAM

fle Edit View MAV SLAM GCS Test Help

Map | SLAM | AHRS 30 Viewer ®

GPS(nSat=9, HDOP= 1.1, FIX=3)
BatV= 11.37, Distance=( .8, 450.6)
VelH= 5.41, VelV= 0.25

[ ALT:  362.4m

H: 1977 m

Info ! Control

Map 1112313576, 34558986:15 |
UAV_Alt 1 362.40,197.70 |
UAV Dis | 404. (450.6) ‘
UAV.GPS 9, 3D-fixed. 1.1 |
UAV_Mode | STABILIZE, Disarm, STANDBY ‘
UAV Time  2014.11.09 15:28:58.000 L(+...
UAV_Vel 541,025 |
UAV bTime  2:52.000 I
UAVbat 1137V, 0.0A, 100.0% |
UAV_curWP 1 ‘
UAV_heading | 247.7 ‘
UAV_status I
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Map | SLAM | AHRS 3D Viewer )

GPS(nSat=12, HDOP= 1.8, FIX=3)

BatV= 23.08, Distance=( 518.8, 640.0)
VelH=  9.90, Velv= -0.07

RSSI=126( 27.7%), 135( 34.6%)

[ ALT:  807.6m ]

H: 4004 m

Info | Control

GCS_AIt 427.44,3.36
GCS_GPS 10, 3D-fixed, 1.78
GCS_bat 10.36

GCS_heading 21.2
GCS_status [1] YAW DIFF = 16299 (20...

Map 108.776278, 34.034204: ...
RSS! 126( 27.7%), 135( 34.6%)
UAV_Alt 807.57, 400.37

UAV_Dis 518.8 (640.0)

UAV_GPS 12, 3D-fixed, 1.8
UAV_Mode AUTO, Armed, ACTIVE
UAV_Time 2016-01-18 15:13:40.825 ...

UAV Vel 9.90, -0.07
UAV bTime  33:28.499
UAV bat 23.08V, 0.0A, 99.0%

UAV currWP 4
LAV heading. 14.5
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SDTAM: Semi-Direct Tracking
and Mapping



“4)) RGB-D SLAM

"Ji"‘
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Kinect3DIARMZERAIL ArDrone 2
(EREE, BT SCAAERER S aE % ERNKITEE

e o
KinectSPUHEERE IR E]
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SDTAM

Tracking

Track Last Keyframe:
Dy =argmin T wrlTy,

Mapping

Yes

Add KF to Map:
=Compute BoW
-»Create new mappeints
-»Data association
-Remove bad mappoints
=Track neighbors

i

Yes
Refine Current KF:
Su) = argmin T welLe,
" peE, ‘

Local Optimization:
(wh=argminy 3 wetlle,

kT U Y S

i

Global Optimization

= Detect loop with DBow2
=Close loop with pose
graph optimization

3

i

(d) fr2/xyz

Shuhui Bu, Yong Zhao, et al., Semi-direct Tracking and Mapping with RGB-D Camera for MAV, MTAP, 2016.
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SDTAM: Comparison

Experiments on TUM dataset

Sequence Name SDTAM (Ours) DVO [34] Kinect RGB-D Volume
Direct Direct+KF  Direct+KF+Loop Fusion [29] | SLAM [25] | Fusion [36]
fr1/zyz 0.054 0.011 0.011 0.011 0.026 0.014 0.017
fri/rpy 0.086 0.031 0.031 0.020 0.133 0.026 0.028
frl/desk 0.055 0.018 0.018 0.021 0.057 0.023 0.037
fr1/desk2 0.117 0.043 0.043 0.046 0.420 0.043 0.071
fr1/room 0.305 0.205 0.084 0.053 0.313 0.084 0.075
fr1/plant 0.039 0.072 0.034 0.028 0.598 0.091 0.047
fr2/xzyz 0.017 0.015 0.015 0.018 - 0.008 0.029
fr2/person 0.180 0.079 0.079 - - - -
fr3/long 0.104 0.018 0.010 0.035 0.064 0.032 0.030
Jr3/nst 0.045 0.020 0.013 0.018 - 0.017 0.031
r3/far 0.010 0.009 0.009 0.017 - - -
fri/sit_ryz 0.028 0.008 0.008 - - - -
fr3/sit_halfsph 0.116 0.012 0.012 - - - -
fr8/walk_zyz 1.436 0.011 0.011 - - - -
fr3/walk_halfsph | 0.649 0.060 0.060 - - - -

Shuhui Bu, Yong Zhao, et al., Semi-direct Tracking and Mapping with RGB-D Camera for MAV, MTAP, 2016.



SDTAM

W SCHT, 50 m ERTIERA
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Shuhui Bu, Yong Zhao, et al., Semi-direct Tracking and Mapping with RGB-D Camera for MAV, MTAP, 2016.
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Machine Learning

Smart Machines Computer Vision
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Tools Capabilities Ecosystem

Plumbing

3 n— T

-

(2) ROSHIEZEAES - HandsFree

" VERSIT,



(2) ROSHIEZEAES - HandsFree




(2) ROSHIEZEAES - HandsFree

:::ROS

m EFROS ( Robot Operation System )

m Z{ERkRS | SLAMAE , LIDAR , RGB-D , #8/F
m (LFEHIZRIRLT

m £BFIRIT

B ERRATENFRISEATS

B ERMCHEARAR. k. LHRFE

W AR IR

m 2EKR. ERFM

B EFRRBAIEXBotit K EFHE

HandsFree
N7PAN
Robot System MEATFE
Control SLAM / Auto - . .
4
Station RT Mapping Control VST Simulation B
Control MAVLINK 3D SLAM
ROS V2 i
Message coM RRIREE
i cv OSA
Passing Manage
RT OS
wm —
o (I TN
— (e Boot . Hardware
P Drivers . BSP
® . =P Loader Libs
o = ™
(@) ]U> wn
BIERE
o SERVO STM32F407 UART
D [T | L
(o ) (o) (B ) )
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Shortcomings of existing deep learning methods

spatial reasoning”.

» Lack explicit structural learning & strong
»  Ability of collecting information is limited.
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3D data

Image data

Scene
Understanding

€ Middle or large range structural reasoning is required
€ Multi-source data fusion

Shuhui Bu, et al. Pattern Recognition, 2016.
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Superpixel Graph Structure of
Segmentation Superpixels

| Hybrid
i Features

Input image Scene parsing

Feature Learning Layers Struciural Learning La; Feature Fusion Layers
(Convolutional Neural Networks) ~ (Conditional Random Fields) (Deep Belief Networks)

Image

Image Ground Truth TEDNs Ground Truth IEDNs
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Shuhui Bu, et al. Pattern Recognition, 2016.
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Low-level descriptors Middle-level features Multimodal featutre fusion
Shape r : r ‘ \ f - \

High-level feature
O for shape-based
(@] modality

Shape descriptors

Bag of features

Joint representation

Encoded features

25

Bag of visual features

@ High-level feature
@ for view-based
modality

AR AL PRy

Visual words

Bu et al. IEEE Trans. Multimedia, 2014. Bu et al. IEEE Multimedia, 2014.
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w

—&— Augmented multi-resolution Reeb graph
#— Spherical trace transform
—  ~ Deep line encoding
Multivariate density-based descriptors
—&— Only shape-based modality feature
Only view-based modality feature
—*— Multimodal feature
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Recall

Only shape-based modality feature
-| —+— Only view-based modality feature
—— i feature
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THANK YOU

Detail information can be found at: http://www.adv-ci.com




