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A microprocessor sllows navigiation
to specific fixes or routas

Gyroscope

Gimbal Rotor

@ Each satellite broadcast radio
signals with their location,
statuses and precise time
information.

O GPS radio signal travels at
speed of light ~ 300,000 km/h.

© GPS device receives radio signals,
noting their exact time of arrival
and uses these to calculate its
distance from each satellite it can
see.

@ Once a GPS receiver knows its distance from at least 4 satellites,
it uses geometry to determine its exact location on Earth in 3D.
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( Navigation

Situational Awareness

Obstacle
- detection
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Perception

mapbin Object
pping recognition

State Estimation

T

Sensing
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Guidance

Reasoning and cognizance
v

High-level decision-making
v

Mission planning and execution monitoring

v

Mid-level decision-making
v

Path planning

v

Low-level decision-making
v

Waypoint sequencer and trajectory generation

~

Control (3D position/velocity, attitude control, etc.)

highest

GNC capabilities (level of autonomy)

lowest



ZNIHIZTEEMEEFEHT 61785, PlasA

Source code at http:/www.adv-ci.com/blog/source/ardrone auto/
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SLAM (Simultaneous Localization and Mapping), BIRFEMSBEREZE , RRHEE
EZBFESMithT1988FRY | ERMARVZSAMEHIXEZ ORI | HIEZZFHAE
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Demo can be downloaded at: http.//www.adv-ci.com/blog/source/fastslam-qui/
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SLAM - BXSin

Guidance
*How to go?

Mapping
*What is
around me?

Localization
*\WWhere am |?

< Needs accurate position |

Ny &

Simultaneously minimization both error
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Synthetic Antenna

Real Antenna =

Synthetic Beamwidth

Real Beamwidth

ke
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' SICK

LIDAR Camera
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Direct

Semi-Direct
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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

New keyframe?

Update keyframe
data association

A

y

Integrate
keyframe

Add
feat

new
ures

Update
data association

Feature Based Methods - Parallel Tracking and Mapping

Local
bundle adjust

Global
bundle adjust

2

Sleep Sms

]




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



Feature Based Methods - ORB-SLAM

ORB-SLAM

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

{raulmur, josemari, tardos} @unizar.es

4 ﬁ o0 Wiganics (s duATagdis i2s  Universidad
; Universidad Zaragoza Al Zaragoza

-> Frame

MAP

( 3DORB

Covisibility
Graph

PLACE
RECOGNITION

| Recognition
Database

TRACKING
Extract La::;rz:ne Track Optimize New
ORB Relocation Local Map Pose KeyFrame?
\
KeyFrame
LOCAL MAPPING 1
)/
Prune Update .
.| Redundant Local Local Triangulate Bow.
| KevFrames BA Area ORB Conversion
' ey
:
'
e —
LOOP CLOSER Y :
77 T
. .
' Optimize :
Loop Compute | Loop ‘l”ose Global | i
Detection Sim3 ' | Fusion BA
Graph

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

ORB-SLAM

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

{raulmur, josemari, tardos} @unizar.es

Instituto Universitario de Investigacion ~ Tuiasan : :
’s X @ en Ingenieria de Ara;()n ane Un“’erS'dad
488  UniversidadZa ragoza Al Zaragoza

® Couvisibility information to operate
at large scale

® Bo\W 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



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 - Dense Tracking and Mapping (DTAM)

® Utilizing a coarse base
surface model as the initial
starting point for dense
reconstruction

® Depth map creation is

Dense Tracking and pipelined, and multiple
i i “Ti depth maps are
Ma ppl ng In Real Time 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



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

Semi-Dense Visual Odometry

for AR on a Sma rtphone ________ Tracking || Depth Map Estimation || Map Optimization |
Thomas Schéps, Jakob Engel, Daniel Cremers | New fame o e M}iﬁ
ISMAR 2014, Munich : u,lnlxlwn;n(.::[m E I e

— :

Track on Current KF:
add to map

Add KF to Map

| te !
' MK ¥ Te F '
1] estim: E(3) formation ! oy
i HE oth map || !
| = i I 1]~ find closest k
! =B ¢ 2 [} F 3 % » find closest

; 2(p.8) replace KF refine KF | 1
il g + min ZH—fP—EH i | ‘ : ‘ 1] est

1;}!5 eesc3) 5 || e |, ' o= :

| i S Current KF 21— o |
| : im(s Jmp
i
] tracking reference

s i

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 ® Using direct image alignment

T e S 0h Mot omers coupled with filtering-based

- estimation of semi-dense depth
maps

® Probabilistically consistent
incorporation of uncertainty of the

c — estimated depth into tracking
omputer Vision Group :

Department of Computer Science P

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

Track Last Keyframe:
> ' =argmin’y wrlE],

e

Yes

Mapping

<>

Yes

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

v

Refine Current KF:

Su,=argmin 3 welS]e,

“ pek

Local Optimization:

{(uPy=argminy, ¥ weiTle,

kX ) W )

i

Global Optimization

-Detect loop with DBoW2
-Close loop with pose
graph optimization

o e

iV

i

Fusion

-€

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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MAPPER

UAV/Robot

Hardware
Datalink
Control

l

Image
GPS
Euler

—

Route
Status

N
G-SLAM
PIK-SLAM
SDTAM
SIFT-SLAM
SD-VIO
J

I

Map

Image
SE3
Depth

—_—

Current

MapFusion
2D->DOM
3D->DEM

DOM
DEM

l

Map (Knowledge)
DOM, DEM, 3D, Semantic

Map
Location

—

Change detect

Al
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Object detect
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GCP
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(1) NBAES Hands-Free

o =HFiRit

® (LFHIZEEIRIT

® OpenRE (Open Robot Embedded ) FRRZES
® Z{ERkaT | II{AWIE , LIDAR , RGB-D , #F
® 71 FROS ( Robot Operation System )

o ERNRANTENFRIEATS

® IREEHFTIR

o k. (ERFM

2

HandsFree

NIDAN
Robot System MEEAFE
Control SLAM / Auto . . .
. Mission Simulation Z
Station RTMapper Control it
Control MAVLINK 3D SLAM "
o R
Message CoOM
Passing Manage o ol
RT OS
wn
=4 = Boot Drivers Hardware
§ — F Loader Libs
o %] J
£ z 8 OpenRE
3 3, 1 )
z ° [ SERVO ] [ MUC ] [ UART ]
12C
[ owmu [ e [ & [ R |




explore

www.hands-free.org.cn



(2) G-SLAM

& — MEZEFFESFISLAM

o F—UEORIT , IRt SERE

o {FHPIL (Pilot Intelligent Library) RFEs7iEE
® ziFMapFusion ( SCHIHEERAS )

ZIFA9SLAMEEIR

® PIK-SLAM (Pilot Intelligent Keyframe SLAM)
BT/ REEMAISLAM

® SIFT-SLAM ETFSIFTRISLAMZEZ

® SDTAM (Semi-Direct Tracking and Mapping)
FEZAIRGBD SLAM

® SD-VIO (Semi-Direct Visual Inertial Odometry)
FHENNERSERLT

G-SLAM #HEZE/Z LI

PIK-SLAM SIFT-SLAM SDTAM SD-VIO

MapFusion G-SLAM API GUTtils
Control MAVLINK 3D Graphics
Mess.age coM oV OSA
Passing Manage

FZfSLAM
LI

G-SLAM

PIL

https://qgithub.com/zdzhaoyong/GSLAM

https://qgithub.com/zdzhaoyong/PIL2

https://qgithub.com/zdzhaoyong/Map2DFusion




(2) G-SLAM : PIK-SLAM

Pilot Intelligent Keyframe SLAM
( PIK-SLAM)

o SiE4E : 1080p EIRAEIHIAEI30 Hz

o BIAGPSER : M SGPSEUERIS

® SERIIESIRARERL: SEFBEN IS AREE S
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(2) G-SLAM : PIK-SLAM

Data Prepare Tracking Mapping
( e
Pop VP Queue > Initialize > Push KF Queue
Get Image Pop KF Queue
j‘> @ Relocalization l @ :> ‘
d Motion Model ~ === Track LastFrame TrackSubMap Compute BOW
Image Undistort ‘ ‘
Global Bundle Create New Points
Fit Plane > GPS Fitting Global Bundle e ‘
v N
Add to Map
Feature Extractor Data Management o
D Grid Processing Hotswap/Database Hashing K .
Data Association
A 4
Prepare GPS data High Quality Mapping v [
i B Local Bundle
j‘> GPS/SLAM Fusion Tracking Fitting PAVEIREY K
Optimization Generation
\ 4
Push to VP Queue GUI/Rendering Inference Embedded
Deep Network
Prepare Texture DrawThings Event Handle K




Mapping

%.

Yes

Global Optimization
- Detect loop with DBoW2
->Close loop with pose
graph optimization

-Track neighbors

Yes

Local Optimization:
(u.Py=argminy ¥ welTl'e
Refine Current KF: 2 perek
. 7
W,

Su =argmin ¥ wels]le, [T 1 +k Y W) S W )
i -

T

Lt e
Track Last Keyframe: Add KF to Map: g
. - -Compute BoW
> u' = argmin 3w/, -Create new
NS -Data association S
-Remove bad mappoints
Fusion

FHIERE IR

BEIF S EIT RIS =T

o EEBEISETIEESIRE T

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

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
fr1/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
fr3/far 0.010 0.009 0.009 0.017 - . .
fr3/sitzyz 0.028 0.008 0.008 - - - -
fr8/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 - - - -

ximi ume Is)

(c) aTE (d) ree

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



(2) G-SLAM : SIFT-SLAM

SIFT-SLAM
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( 3) MapFusion

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%)

Bix

S
[ BB PR ] L iﬁ?:?&i&
® SCHISTEHEE]
e ® LAY =4
o L =E
e a o REPEOMUELE. DT

Info | Control

GCS_status  [1] YAW DIFF = 16299 (20...
UAV_AIt 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_curWp 4

b LAV headina_14.5

Shuhui Bu, Yong Zhao, et al., Map2DFusion: Real-time Incremental UAV Image Mosaicing based on Monocular SLAM, IROS, 2016
http.//www.adv-ci.com/blog/projects/map 2dfusion/




(3) MapFusion - fER2Z218

SLAMSSfMITEL
® SLAMEZEEE%

ZIERIEE SLAM
® SLAMMSEE M TE
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(3) MapFusion - #ZILEE

, N v/
! Prepare i Keyframe Handle ' {  Map2DFusion
s 1 1 1
i \ Fame - y i i Add Keyframe P Lzl i E Prepare
i v i 7 ¥ Optimization [ | ! 3
i Image i g &
! STL T (e 0o M [ | e —— —— E
1 1/ e ‘ Warp Image
! v Ny Map Optimization S pimas
i Feature aH i I
. 1 [
! Extraction E i Loop Y correct Loop i 1 | Build Laplacian
\ s Detected? 1 .
________ : emamandll I i Pyramid
T Ml 3 ¥ )
i Tracking i1 GPS il :
i i Valid? FitGPS g Blending
i | Track Current | [} — I il
i Frame i N e\ i (—¢—\
H i \ [ 1
i i : i AN
! vt FitPlane > sxa v n
i i Current Map i i -
! Y 1 1 \_ Current Mosaic )
\ 7 N\ ,’ \

p—r

—————————————————

————————————————

N i e S e G B G B G B g P

Feature based Visual SLAM
System: PIK-SLAM/SIFT-SLAM

Automatic GPS and video
synchronization: a graph based
optimization is proposed to
synchronize video time with GPS
time from coarse to fine.

Real-time orthoimage blender:
an adaptive weighted multi-band
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
http://www.adv-ci.com/blog/projects/map2dfusion/
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(3) MapFusion - EEXJLL

B [EJERASZ - 53¢

Sequence Frames KFs | Ours | Pix4D  Photoscan
gopro-npu 28,493 337 | 15.84 | 107.05 153.62
gopro-monticules 18,869 395 | 1049 | 52.62 334.73
gopro-saplings 19,371 482 | 16.44 | 83.75 683.98
phantom3-npu 13,983 457 932 140.08 532.38
phantom3-centralPark 12,744 471 8.49 127.73 563.57
phantom3-grass 4,585 648 2.39 154.77 999.67
phantom3-village 16969 406 | 11.31 | 132.07 360.70
phantom3-hengdong 16,292 221 | 10.86 | 72.13 145.52
phantom3-huangqi 14776 393 | 10.36 | 102.83 462.32

Map2DFusion AMIEFTAEM, Pix4DMapper FIPhotoscanilIE > #E i

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



(4) SRR - 15/

Superpixel Graph Structure of
Segmentation Superpixels

£\ Hybrid
<

| R

i
Feature Learning Layers Structural Learning Layer Feature Fusion Layers
(Convolutional Neural Networks) ~ (Conditional Random Fields) (Deep Belief Networks)

ceiling

Input image Scene parsing

¢ BEMUFEIEENMNREFS

® IR T HIEHEERHIE

¢ (FHSESEFIMERITIISTIAHEIERS
1iE

Shuhui Bu, et al. Pattern Recognition, 2016.




(4) SRR - 15=IAR

u[Divide .l
e

Image patches
(1l

2 |

Patch descriptors Image description matrix

— I Comrgc
. > —|

Superpixel

Dot

product

descriptors

Image patches

h* -

]

Patch dcscriﬁtors

Divide _(‘omposc and transpose|
| S = —_— - —
| -l |
Constructing the image description matrix
Probability of
same place
' Irr'lag.e | Calculate e
similarity
Weight of
each patch
Adaptive weighting of similarity matrix

o {HFRCNNIREERIERESIEE
HYAFAIE
® ESEIGRTMINNZEID

Similarity matrix

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
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fB>XFFi& : 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!

(a) gopro-npu (b) gopro-monticules (c) gopro-saplings (d) phantom3-npu

(e) phantom3-centralPark (f) phantom3-grass (g) phantom3-village (h) phantom3-hengdong (i) phantom3-huanggqi

NPU DroneMap Dataset

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



$8XFFE : 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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Detailed information can be found at http.//www.adv-ci.com and http://www.hands-fi




