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Demo can be downloaded at: http.//www.adv-ci.com/blog/source/fastslam-qui/




Guidance
*How to go?

Recognition & Reasoning

| Needs accurate map >

N GO TG T

Mapping
*What is
around me?

Localization *r;:f:ij”
*Where am I? ﬂ\“ S

< Needs accurate position |

Simultaneously minimization both error
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Synthetic Antenna

Real Antenna

As the ship passes over a survey area, fan-shaped
somar beams four tmes as wide at the depth of
the water scan the teabed. It akes many passes
10 produce a continuous set of images.

Synthetic Beamwidth

Real Beamwidth

LIDAR




SLAM - fl5a? B15%6?

(AR B S

cm ~ km SEE B cm ~ m3eE

FERIEE B NHEEER

FaE XS mFES

S5 ASURYEA] BB A SRR
WRSLAMMEES (S ) B EDESLAMMERR (788K )
NARISS 2 B WEEEIRR




Z
-
x

S

Feature

Semi-Direct




Z) WESLAMRE - B4 FE

Loft  bascline  R; Bt =K E S IR A | BEBiR
. Right SYIA RN AT R A




RSLAMIRIE — WML TRAENBIBHIES

ENES7
{ " TFx = 0 J IR
X B RERNIES
X FEHERMIRAER @ P EAGER
Xg'
T AR S SR
[ E = K'FK } 1S E|A AR £
"~N~ “‘\ “\
maEE L e 2 @ E
RSN . (85I IKEE
' s | &5

A S T PR RiFE—IKERA TR , ALIER
*H*ﬂ:lj‘U L %gﬂ% -------- -3 b —_—ls = T S
i o ECKERPNBNES

c2



M SLAM/JZIE - Feature Based Methods

SEf
e i = =t
ST s R | | syt
BRI
((EETEE SR AEE RIS
BV Z [BIRNRZEFIER/N )
WA, ? = | @
- f | guEEE
=
. . TN - 4
X HEEAR THEAE =/l
at KEREF Rt EEE= > b=
/ S

\ <




Feature Based Methods - Parallel Tracking and Mapping

Stereo initialisation

Parallel Tracking and Mapping
Update keyframe

fOf Sma” AR WOrkSpaces data association No

'

Locally
converged?
Extra video results made for — ‘

keyframe Yes b ;—I“a(lf :
undle adjus
ISMAR 2007 conference
Globally
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. . Add
Georg Klein and David Murray atwes Yes __ Glabal
. .-a undle adjust
Active Vision Laboratory Update
Ly ) ®
University of Oxford 14 associaton
Sleep Sms

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



Feature Based Methods -

ORB-SLAM

ORB-SLAM

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

{raulmur, josemari, tardos} @unizar.es

Instituto Universitario de Investigacion ~~ “suaaaae - =
en Ingenieria de Ara;(m age Unlver5|dad
Universidad Zaragoza Al Zaragoza
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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

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 s ma rtphone ] Tracking 1 { Depth Map Estimation ' : Map Optimization
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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



Semi-direct Tracking and Mapping (SDTAM)

Tracking Mapping Global Optimization
- — ! - Detect loop with DBoW2
| & -Close loop with pose
New Frame =) N graph optimization
—
Yes M L T
L L
Track Last Keyframe: Add KF to Map: .

->Compute BoW

>u- “'gf"i" 2w, -Create new mappoints
= ->Data association {}
->Remove bad mappoints
-Track neighbors Fusion
I ¢

Yes Local Optimization:

(uPy=argminy ¥ welxle,
2 Per ek

!

Refine Current KF:
>u;=argmin 3 u'e.rz:‘e, T ) g m)

 The direct method is adopted to track current
motion with high-speed, followed with a
motion refinement based on feature
correspondences.

« Balance between accuracy and efficiency can
be realized.

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

1. It must be able to achieve
real-time speed.

2. The stitching needs to be
incremental for both
blending and visualization.

3. Camera contains not only
rotation but also translation.

4. The mosaicing results should
be as ortho as possible and
able to be updated properly.

.

J

Adopt SLAM to estimate
camera’s attitude and position

The reconstructed point cloud
is used to estimate the terrain

Using a novel adaptive
weighted multi-band blender
to stitching images

Shuhui Bu, Yong Zhao, et al., Map2DFusion: Real-time Incremental UAV Image Mosaicing based on Monocular SLAM, IROS, 2016
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® Feature based Visual SLAM

! __Prepare . \E E Keyframe Handle ; i Map2DFusion \i System: G-SLAM

=N I ¥ '

: | Frame ) : - Local : : : . .

i ¥ j[ AddKevframe B o timization | | | Prepare |1 @ Automatic GPS and video

; mage ] O v : L

i |_Undistortion || ceeememmememeee ¥ o : synchronization: a graph based
i v i/ Map Optimization \‘. : Warp Image :

i Feature | ' L PP Y | T . optimization is proposed to

i xtraction " ooP CorrectLoop | 114 | BuildLaplacian | ! , , : :
e — it 1 ¥ pyramid | | synchronize video time with GPS
g 2 3 ¥ J | . .

{  Tracking i o . . R _ i time from coarse to fine.

i Track Current i E valid? FItCI;PS E i T i . .

i Frame il: F = N v \ ® Real-time orthoimage blender:
i Fitblane (> & ‘ an adaptive weighted multi-band
: il Current M i = 8 : :

] AN TP \(Current Mosaie )| method to blend and visualize

images incrementally 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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Get Image
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Prepare GPS data

v

=

Push to VP Queue

Tracking Mapping
( e
Pop VP Queue —> Initialize ==»  Push KF Queue
Pop KF Queue
¢ Relocalization l w j‘> ‘
Motion Model =P Track LastFrame TrackSubMap Compute BOW
Global Bundle i Create New Points
Fit Plane — GPS Fitting —> Global Bundle K ‘
Add to Map
Data Management l
Grid Processing Hotswap/Database Hashing <: .
Data Association
High Quality Mapping - | l
- o Local Bundle
GPS/SLAM Fusion Tracking Fitting 2D/3D Map &
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GUI/Rendering Inference Embedded
Deep Network
Prepare Texture DrawThings Event Handle




4522 : Automatic GPS and video synchronization

3R _
{“ P } = dar lell Z Z W ']e Z‘ e'J T Reprojection error
WP pep KickKy

YY) 'ATY0), <

K;ieKy

GPS alignment error

Yj) = PSP P, P
* % . T . |
{tyg:Sye} = argmin Z YU) A Ly(f),

fvg ,S‘.g Kj cK fvg Time difference between GPS and image

Svg SIM3 transformation from local to WGS84

Shuhui Bu, Yong Zhao, et al., Map2DFusion: Real-time Incremental UAV Image Mosaicing based on Monocular SLAM, IROS, 2016
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45=3 : Real-time Ortho Image Blender

Multiband Pyramid

n n
Gaussian Laplacian Gi(x,y) = Z Z W, dy G1-1 (x +dx,y +dy),
Pyramid Pyramid dx=—ndy=—n
B R L = G —Gpyq [ <k.

\x%‘

Gl Gaussian pyramid

Laplacian pyramid

Wd..d,  Adaptive weight considering the
height, view angle, and pixel location

Shuhui Bu, Yong Zhao, et al., Map2DFusion: Real-time Incremental UAV Image Mosaicing based on Monocular SLAM, IROS, 2016
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Map | SLAM = AHRS 3D Viewer

GPS(nSat=12, HDOP= 1.8, FIX=3)
BatV= 23.08, Distance=( 518.8,
VelH=  9.90, Velv= -0.07
RSSI=126( 27.7%), 135( 34.6%)

640.0)

@®

H: 400.4 m

ALT:  807.6 m ]

Info | Control

GCS_Alt 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: ...
RSSI 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_curfWP 4
UAV headina_ 145
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NPU Drone-Map Dataset & Sourcecode

Source code: https://github.com/zdzhaoyong/Map2DFusion
Dataset: http://www.adv-ci.com/blog/source/npu-drone-map-dataset/

NPU Drone-Map Dataset

This dataset contains several aerial video sequences captured in different terrains and heights, which is used to evaluate the effectiveness of our
proposed open-source Map2DFusion system. Until now, the dataset is consisted of several sequences recorded in different locations with over 100GB
data and more captured sequences will be added. Welcome to supply us more original flight data and share them on this website!

(b) gopro-monticules (¢) gopro-saplings (d) phantom3-npu

() phantom3-centralPark () phantom3-grass (g) phantom3-village (h) phantom3-hengdong (i) phantom3-huangqi
NPU DroneMap Dataset
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Flight Control
Path Planning
Obstacle Avoidance

Align color and
depth image

Estimate position and e

Point Cloud i attitude

: Select keyframe and
Positi :
osition < Ii Lpdate map

Flight Path
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Kinect ArDrone 2
Capture color and depth images Indoor flight plateform

-

Experiment setup
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Semi-direct Tracking and Mapping

Feature:
Tracking Mapping Global Optimization ® Direct method is adopted to track

- Detect loop with DBoW2

[ L_-] @ I Qs A current motion with high-speed,

l Yes (*HN_N:‘* (ﬁ_\’n;’ fO”OWGd Wlth a mOtIOn
Eacl‘( Last Ife;frarr:; iﬂgfpﬁ:&?ﬁp: reﬁnement based on feature
u =ﬂr§:’"” = W,r,2, T, ->Create ne\A./ n?appoints
Bl - correspondences.
-Track neighbors Fusion .
@ ; ® A novel error function based on
Tes Local Optimization: | mixed depth and geometric
Refine Current KF: e i, 7 = i 1
>4} = argmin 3 welS'e TGS ) measurements is designed to

achieve high accuracy and
robustness for pose estimation.

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

y = warp(,u‘<p) = Proj(P') = Proj(exp(eji) - Proj_l(p)).

SE3 transformation L
Point in keyframe K; from i->j Point in keyframe K;

I Ii(p)—1;(p")
P[P, - [Pz |

Photometric and depth errors

& . ; ) + l
o | R ) ) e w, = .
[Lj; = argmin E Wy, X rp, e
T H pek; T P P
The optimized relative pose Weight based on t-distribution p; (0, X, v)

Shuhui Bu, Yong Zhao, et al., Semi-direct Tracking and Mapping with RGB-D Camera for MAV, MTAP, 2016.
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Detect and Extract ORB feature points e=|e |=| y |—Projlexp(u;)P)
ed 1/d
@ ,lj =argmin Z w;e TZ
R pickK;
. . — 2
matching keypoints between K: and K. i 7 Te—
: | u = ~— 5 i 2€’ ri=o
; =
0 I-TZ(; I} >0

V2

Create local sub-map which composed
of keyframes share same observations

{ Optimize current pose u; through

- \ 4 -

{} {/1 P} = ar QIIIIII Z Z u',jeUZ
PieP K;jeK|
Local optimization —_ — sl o= =l
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(a) Reconstruction result

—— — ground truth
— estimated
2F — difference
1
Eo
>
-1
-2
2 33 = E=1 G 1
x [m]
(C) ATE

translational error [m]

0.025

(b) Fusion detail

0.020

0.015F

0.010-

0,005

0,000

|

10 20

30

40
time [s]

(d) rPE

Shuhui Bu, Yong Zhao, et al., Semi-direct Tracking and Mapping with RGB-D Camera for MAV, MTAP, 2016.
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Experiment Results (NPU Dataset)

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

Experiments on TUM dataset

V-

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
fr1/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/zyz 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
fr3/nst 0.045 0.020 0.013 0.018 - 0.017 0.031
fr8/far 0.010 0.009 0.009 0.017 - - ;
fr8/sit_zyz 0.028 0.008 0.008 - - - -
fr3/sit_halfsph | 0.116 0.012 0.012 - - - -
fr3/walk_zyz 1.436 0.011 0.011 - - - -
fr3/walk_halfsph | 0.649 0.060 0.060 - - . .
N

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

B Realtime, accurate B |Indoor robot

B GPS-denied navigation B Exploration and rescue

Feature point Keyframe Point cloud

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

http://www.adv-ci.com/blog/source/npu-rgb-d-dataset/
NPU RGB-D Dataset

1. Large-scale RGB-D Dataset

In order to evaluate the RGB-D SLAM algorithms of handling large-scale sequences, we recorded this dataset which contains several sequences in the

campus of Northwestern Polytechnical University with a Kinect for XBOX 360. This is a challenging dataset since it contains fast motion, rolling shutter,
repetitive scenes, and even poor depth informations.

Each sequence is composed of thousands of colorful and depth image pairs which have been aligned with OpenNI and organized as the format used
in TUM dataset. We provide reconstruction results of SDTAM (Semi-direct Tracking and Mapping, a RGB-D localization and mapping algorithm) and
sample movies, so that users can preview the sequences before downloading.

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

* What is loop closure?

— To recognize visited places.
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Loop Closure - Challenges

YES

Scene 2224 LOOkS
Looks same different but
but not the same

\.ﬁ

False Positive False Negative
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Traditional Way - Bag of Words

H 5

Bag of ‘words’

From many images: nose, eyes, hairs, ...

J

Dictionary

g

Face = 1 nose + 2 eyes + 1 hairs + ...

J

Features -> Words
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* Deep architectures can be represented efficient.

» Natural progression from low level to high level structures.

» Can share the lower-level representations for multiple tasks.
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Place Recognition — Deep Way

Image patches
) |

u[Divide t| ! o

 fe—- 2

v

Patch dcscriilors

——p I Compose
- —_—

:

:
C————

Superpixel
descriptors

Image patches

h Divmew
$ —_— -
™

Constructing the image description matrix

Patch descriptors

— 0PS¢ 2nd transpose
—— = ——i

]

Image description matrix

Dot
product

Calculate
Image g
similarity

_| Probability of

same place

compare

Weight of
each patch

Adaptive weighting of similarity matrix

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




Hierarchical Feature

»?]i).

Layer 5

RGB Image
[y

Superpixel descriptor with 576 dimensions

source codes: http://www.adv-ci.com/blog/source/pi-cnn
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THANK YOU

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




