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I How to Realize Autonomous?

Eye

—> Ear

Brain

How to realize autonomous?

Body

Environment
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I Architecture of GNC

Navigation Guidance
Reasoning and cognizance
Situational Awareness .
v N
1 High-level decision-making
Environment heceRion v
perception Mission planning and execution monitoring
Obstacle . Object v
detection mapping recognition Mid-level decision-making
— J
Path planni M
State Estimation ath planning
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S_tate_ Low-level decision-making
estimation ® Sensing 3
Waypoint sequencer and trajectory generation
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Control (3D position/velocity, attitude control, etc.)

highest

GNC capabilities (level of autonomy)

lowest



Traditional Navigation
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I New Challenges

‘ Mapping ‘

® Multi-type sensors: IMU, GPS, Image, LIDAR, RADAR ...
® High quality and real-time speed required



| sLam 2

Simultaneous Localization and Mapping (SLAM) is the key technique to realize
autonomous robot

« Fusing & joint optimizing multiple-source data

« Providing position, attitude and environment map simultaneously

Win3D | MapWidget | SvarWidget

[ 1700] 42.500 | pos: -22.157 -2.058

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




Visual SLAM - Keypoint Methods

Image queue Localization
|Ir?12l;= imMaZt‘:T(p Estimate Local Triangulate
and map Rt BA new points
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detection o G o a. )
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L Yes
Initialized?
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Data
management
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IVisuaI SLAM - Progress

Parallel Tracking and Mapping

Large-scale Direct Monocular SLAM

. ) Semi-Dense Visual Odometry
Parallel Tracking and Mapping forARonas
for Small AR Workspaces Thomas Schaps. akob &

Extra video results made for
ISMAR 2007 conference

Georg Klein and David Murray
Active Vision Laboratory
University of Oxford

2007 2011 2014

DTAM . ORB-SLAM
Dense Tracking and G
Mapping in Real-Time
S R T
Dense Tracking and Mapping ORB-SLAM Semi-direct Tracking and Mapping

(DTAM) (SDTAM)
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| Maps for Machine

® Navigation map is a key technique to improve capability of
robot/autonomous car/UAV

® Realtime perception not only uses map but also generates maps

® Realtime mapping and cooperation will bring various applications




I Problems in SLAM

Mapping just for fast localization

Mainly output 3D sparse pointcloud

Low environment representation

Low storage efficiency

Low re-localization accuracy for long time interval
DOM, DEM, 3D Map, HD Maps are required

Enhance Mapping

T

MAPFPER

Realtime Mapper




IArchitecture of RTMapper

UAV/Robot

Cluster
Hardware
Datalink
Control

Image
GPS
Euler

Route
Status

-—

G-SLAM

PI-SLAM
SDTAM

Local
Map

Image
SE3
Depth

MapFusion
2D->DOM
3D->DEM
3D->DSM

DOM
DEM

Map
Location

—_—

Smart
Analysis

Localization
Change detect
Object detect

J

Localtion
Difference
Sematic ...

Maps

DOM, DEM, 3D, Semantic




| (1) UAV / Platform

Automatic Control
Realtime data processing

Data link Manual control

GCS

« Robustness « Realtime map creation
« Simple Operation « G-SLAM/RTMapper



| (2) G-sLAM

o

." GSLAM Implementation Plugins \‘. :' GSLAM Utils 1
i ( ([ \ ) i : Estimator

1 1 :

i | ORBSLAM | DSO | SVO : :, Optimizer

1| [ DGR (DN 54_5 Vocabulary

] E3 | i Logger

] -

\ I} |

Arguments
Parameters
Commands

--------------

N o tTA

Y e o
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GSLAM Interface & Messaging

Visualization/Application
QVIiZ RVIZ Evaluation

Yong Zhao, et al., General SLAM Framework and Benchmark, ICCV 2019

----—-——-——‘I

General platform for SLAM
development

Plugin architecture

High performance
components/utils

C++ 11

Python/Javascript bindings

https://github.com/zdzhaoyong/GSLAM



https://github.com/zdzhaoyong/GSLAM

I (2) G-SLAM - Implemented SLAMs

DSO ORB-SLAM

SVO TheiaSfM PI-SLAM

Yong Zhao, et al., General SLAM Framework and Benchmark, ICCV 2019 https://github.com/zdzhaoyong/GSLAM



https://github.com/zdzhaoyong/GSLAM

(2) G-SLAM - Components/Utils

3D Transformation

Method GSLAM _Sophus TooN _Ceres Estimator Visual Vocabulary
t':’:':; }‘5‘3 ?‘;; izg ]95(;) 41 Algorithm Ref. Model Implementation| Ours DBoW2 DBoW3 FBoW
SO(3) 20 80.7 98.4 106.8 ) F8-Point [19] Fundamental ORB-4 | 67.3us 472ms  7.lms  72.3us
log | 557 125 638 - F7-Point | [33] Fundamental Bendl{ & o [ i e P
. . - Oms 436.lms S.lms 1.1ms
mult 28.6 55.2 293 - ES5-Stewenius [62] Essential ORB4 | 437.9us  40.4ms 17ms  553.1us
Sp(sy || 193 198 1Al - 2D-2D | ES-Nister | [54]  Essential ORB-6 | 344ms  48s  6324ms 20.6ms
ep | 1524 2492 92 - E5-Kneip [42]  Essential Save | GIFT4 | 44ms 437.6ms 67ms  2.7ms
log | 1527 190 2058 - H4-Point [33] Homography ORB4 | 7.6s 248s 236s 85s
mult | 33.2 585 345 - A3-Point [4]  Affine2D . | ORB-6 | 23055 1.1Ks  9114s 27045
511\1(3) trans 169 17.2 13'7 - P4-EP}'IP [_]_‘%] SE3 Train SIFT-4 235 S 327.7 S 299.0 s 18.7 s
exp | 1802 2868 2290 - o ORB-4 | 615.5us  2.lms  19ms 862.4us
log | 2025 3416 303.6 - P3-Gao [26] SE3 ORB-6 |7237us  60ms  49ms  1.2ms
2D-3D P3-Kneip [+1] SE3 Trans| giprg | 1dms  103ms  92ms  11.5ms
P3-GPnP [40] SE3 ORB-4 |0.44MB 2.5MB 25MB 0.45MB
Dataset Loader P2-Kneip [38] SE3 Mem | ORB-6 |44.4MB 247.1MB 246.5MB 45.3MB
Dataser T o n T T2-Triangulate [39] Translation M| §/FT4 | 5.8MB  7.8MB  7.8MB  5.8MB
atase! ear nvironmen ype n
KITTI[2%] 2012 outdoors multi-cam, imu DD gj_'g‘::i [[;]] AgﬁigD
TUMRGBD [64] 2012  indoors RGBD -
ICL[27] 2014  simulation RGBD P3-Plane (1] SE3
TUMMono [17] 2016 indoors mono
Euroc [8] 2016 indoors stereo, imu
NPUDroneMap [7] 2016 aerial mono
TUMVI [60] 2018 in/outdoors stereo, imu
CVMono [4] - - mono
ROS [57] - - -

Yong Zhao, et al., General SLAM Framework and Benchmark, ICCV 2019 https://github.com/zdzhaoyong/GSLAM



https://github.com/zdzhaoyong/GSLAM

| (2) G-SLAM : PI-SLAM

Pilot Intelligent SLAM
( PI-SLAM )

High processing speed : 30 FPS for 1080p images
Balance between SLAM and SfM: Support 40M pixel
photo with high processing speed

Multisource fusion : Vision and GPS data can be
joint optimized

Realtime DOM/DSM: Adaptive multi-band method
for realtime DOM generation

large area support : Data grid, hot swap



| (2) G-SLAM : PI-SLAM

Data Prepare Tracking Mapping
e N Ve
Pop VP Queue > Initialize ==p  Push KF Queue
Get Image Pop KF Queue
j‘> Relocalization 1 :> v
4 Motion Model ~ ==  Track LastFrame TrackSubMap Compute BOW
Image Undistort . ‘
Global Bundle Create New Points
| Fit Plane > GI1=>S !:lttlng == Global Bundle <j - ‘
Feature Extractor Data Management pacteilan
) Grid Processing Hotswap/Database Hashing <: .
1 — - Data Association
Prepare GPS data High Quality Mapping e |
:1/,\ . Tracking Fitting 2D/3D Map Local Bundle
CESSLAM AN Optimization Generation <:
\ 4
Inference
o Oueue GUI/Rendering Embedded Deep
l:> Prepare Texture DrawThings Event Handle <:: Network




(2) G-SLAM : SDTAM

Tracking Mapping Global Optimization
—Detect loop with DBow2

—Close loop with pose
graph optimization

Yes

1l

Semi-direct Tracking and Mapping

Add KF to Map: - —

Track Last Keyframe:
= Compute BoW

9 -“' = arg:nm E M‘nl";z:'ll =Create new ints
-Data association SL
~>Remove bad mappoints
~>Track neighbors Fusion
Yes Local Optimization: o E
e e -4
{u.P) = argm T weEE]e, - —> -
Refine Current KF: == e ]
Sy, =argmin ¥ welSle, [T 1 +EE ) ) B !.
TS i

® Use direct method to fast tracking new frame’s
position, and then use keypoint method to
realize precisely optimization

® Define a novel error function which incorporate
depth and geometric measures

® Speed and accuracy balance can be achieved

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



(3) MapkFusion

| 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%)

@®

H:

s
[ ALT: 807.6 m

400.4 m

)

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
UAV_currWP
LAV headina

Info | Control

427.44,3.36

10, 3D-fixed, 1.78
10.36

212

[1] YAW DIFF = 16299 (20...
108.776278, 34.034204 : ...

126( 27.7%), 135( 34.6%)
807.57, 400.37

518.8 (640.0)

12, 3D-fixed, 1.8

AUTO, Armed, ACTIVE

2016-01-18 15:13:40.825 ...

9.90, -0.07
33:28.499

23.08V, 0.0A, 99.0%
4

145

® Realtime fuse 2D maps
(DOM), 2.5D maps
(Terrain), 3D (Mesh)

® Capability of extension

® Integrating data process /
analysis

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/




I ( 3) MapFusion - Map2DFusion

® Feature based Visual SLAM

! ' Prepare . \i !r Keyframe Handle E i’ Map2DFusion \! SyStem: PI-SLAM

| Lo i ¥ '

i | Frame B i1 Local ! i . .

P 02 . i ! Add Keyframe > Optimization i E Prepare i ® Automatic GPS and video

i image |4 g l : L

i | Undistortion : CSIIIIIIIIIIIIIINIIIIIIIIIII] : o : synchronization: a graph based
i v i Map Optimization Nl arpimase | . . .

i Feature i | T : optimization is proposed to

I Extraction " Loop Y i - - I

i i Correct L 1+ | Build Lapl i . . . .
N I Al sl I S Y e § synchronize video time with GPS
o mTmmmEEEEEEmmm—— "'\ : € : : : . -

{  Tracking i Sps ; R . : time from coarse to fine.

i it Valid? FitGPS 1 Blending E

] 1 s L] 1 . .

| Trackcument | i < ' ¥ J i ® Real-time orthoimage blender:
: rame i v TSR !

Ftblane || —— HI = N an adaptive weighted multi-band
1 ! L 1 . .

| i et ) i\ current Mosaic ) | 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/




( 3) MapFusion - Map2DFusion




( 3) MapFusion — TerrainFusion

TerrainFusion: Real-time Digital Surface Model
Reconstruction based on Monocular SLAM

Wei Wang, et al., TerrainFusion:Real-time Digital Surface Model Reconstruction based on Monocular SLAM, iROS 2019



I ( 3) MapFusion - TerrainFusion

ﬁV':suaI SLAM | [ Local DSM Generation | DSM Fusion B
i [ Noise Filter
Frame <h Image K .
TRES /" e l ioay Stitch| NoMultiband DEM | g1 Multiband DEM
Extraction gl @ 7= »!" - ( . ——— 2 I"!g-f,;_\__
Track Current Project : : /*"-ﬁ"y
Frai'ne DTo3D : T
3D Mesh i
] Add s ! Local DEM \ No Multiband DSM
eyframe --,Il’ = y _—
o ' il | AR (T + S s
Optimization JLS‘“'T’ | — )
- I
Fit GPS u i
! et Ortho Mosaic :
Keypoints || . Stitch Blend
‘ | > ——*
Pointcloud
J U 7 5/
* Realtime 2.5 DSM generation * Large area support
* Improved DOM quality e Adaptive quality support

Wei Wang, et al., TerrainFusion:Real-time Digital Surface Model Reconstruction based on Monocular SLAM, iROS 2019



( 3) MapFusion - DenseFusion

DenseFusion: Large-Scale Online Dense Pointcloud and
DSM Mapping for UAVs

L Chen, Y Zhao, S Xu, S Bu, P Han and W Gang




Mono SLAM

Feature Extraction
& Matching

Initial Pose
Estimation

Local BA combined
with GPS

v

Frame with abslute

—————————

pose

e e e ——— - -

Map Points & Frames

?V
2D Mesh |

Y
3D Mesh

Local tile

Realtime and fast 3D dense
pointclound and DSM generation
Improved DOM quality

Large area support

Lin Chen, et al., DenseFusion: Large-scale Online Dense Pointcloud and DSM Mapping for UAVS, iIROS 2020



(4 ) SmartAnalysis

Image patches

§i F““hd‘&"’“ Image description matrix
T
: . e e

Dot

mSupcrpixcl
descripto

Image patches Paich descriptors

Constructing the image description matrix

Probability of
same place

Weight of
each patch

compare:

Calculate|
Jmage ][

Similanity matrix

Ground Truth

T I .
G W [tece - o Adaptive weighting of similarity matrix

Scene Segmentation Scene Recognition Object Recognition

Shuhui Bu, et al. Pattern Recognition, 2016.
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




I (4) SmartAnalysis — Change Detection

Input 1 Input 2 Detected Changes

A Pair of Images

_________

Varped
Image _ _

f
otometric
)5

Change Detection  Change Detection
esult Result with CRFs

1
| Semantic Diﬂ'erenc,c'
I U ovav— Retechon:

Ground-truth
Residual Mask Prediction

Shuhui Bu, et al., Pixel-level Semantic Change Detection using Mask-CDNet



(4) SmartAnalysis — Change Detection

Input 2 Detected Changes Input 2

Detected Changes

ROI fcaturc cxtracted

@H

change proposal

T ........

= Feature Learning Network Change Proposal Network Difference Judgement Network

N

Pengcheng Han, et al., Aerial Image Change Detection using Dual Regions of Interest Networks, 2019
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Speed
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Realtime _L
Online

RTMapper/SLAM
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Day -

Non-professional / Fully Automatic

D Professional / Complex Operation

[ Professional / Complex Operation
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I Feature Comparison

Satellite / Pix4D
Aerial Photographic PhotoScan
Offline / Batch Offline / Batch Online / Realtime
High Normal Normal
Multi II:nfc?rmatlon No No Yes
usion
Hardware g .
m DEM, DOM, 3D DEM, DOM, 3D DEA\I"' DOM, 3D,
avigation

Photoscan: http://www.agisoft.com/
Pix4D: https://pix4d.com/



http://www.agisoft.com/

RTMapper 3D

RTMapper 2

SmartAnalysis

10

-

Expectat

AutoML
1 \ Chatbots

Digital L /

Ethics \ | Corwersational
Intelligent VS User Interfaces

Applications \
Deep MNeural Networks
Cé}r:gﬂmr; / (Deep Learning)
Deep Neural

.__j Graph Analytics RTMapper 2 D

~ Machine Learning

Network ASICs
Smart Robotics
Edge

= Al PaaS

NLP
eveloper
Toaolkits

Al-Related

C&S| Services \\

Data Labeling and
Annotation Services
Al Cloud ™~
Services —
Decision
Intelligence ~

Neuromarphic _—
Hardware

Augmented
Intelligence

Al Governance

Reinforcement
Learning P

T Explainable Al Speech Recognition
-\-\- \0
O

~~ Knowledge GPU Acce s

Graphics

Satellite
Aerial Photographic

Computer Vision
Insight Engines

- Cognitive Computing

Al Marketplaces

-
Artificial General

e
Intelligence Autonomous Vehicles UAV Sf M

Peak of
Innovation Inflated Trough of Slope of Plateau of
Trigger Expectations illusionment Enlightenment Productivity

-
Time
Plateau will be reached:

() less than 2 years ® 2105 years @ 51010 years @ more than 10 years @ cbsolete before plateau As of July 2019



NWPU PI-Lab - DroneDeploy - Lockhead Martin - NWPU PI-Lab - Sibitu — DJI - Pix4D -

Map2DFusion and  FieldScanner Hydra Fusion Tool RTMapper Sibitu Desktop/Mobile ~ DJI-Terra Pix4Dreact
prototype system

New Lockheed
drone software
rocesses 3D
errain maps in

real-

2016 2017 2017 2017 2019 2019 2019
March April May June March April Nov

https://defensesystems.com/articles/2017/05/13/3d.aspx

https://www.dronedeploy.com/fieldscanner.html http://www.adv-ci.com/blog/projects/map2dfusion
https://www.dji.com/cn/dji-terra http://www.rtmapper.com
https://www.pix4d.com/product/pix4dreact http://www.sibitu.cn



https://defensesystems.com/articles/2017/05/13/3d.aspx
https://www.dronedeploy.com/fieldscanner.html
https://www.dji.com/cn/dji-terra
https://www.pix4d.com/product/pix4dreact
http://www.adv-ci.com/blog/projects/map2dfusion
http://www.rtmapper.com/
http://www.sibitu.cn/
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Real time map creation,  Simple and easy-to- Reliable planning, Efficient and global Weekly and regular
situation awareness, use map creation monitoring and monitoring, and 2D/3D map for
integrated surveillance with high analysis data support automatically data buildings construction,
and combat, performance, for exploration and acquisition reliable technical
intelligent navigation, fully automatic mining means for
collaborative control of plant construction progress
navigation of cluster protection UAV and quality tracking

UAV



Plantation mapping Tree detection and counting
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I Application - Surveillance

U Project

File Project Tools

@ @G5 L] @[]
ideB:
- FrameVisualizer

Window  Help

name

2 Camera0.Info
3 cameraNum
4 id

5 timestamp

6 type

1 Camera0.Cha...

value
2
NoCamera:[
1
567
1557193684.1...

RTMapperFra...

KeyFrame:227,ER:0, Created 148 pt, FUSEI:36, FUSE:
KeyFrame:237,ER:23, Created 9 pt, FUSEL:2, FUSE: 16, BA: 19-606-3788, EO: 18, EP:2
KeyFrame:247T,ER:1, Created 25 pt, FUSEL:0, FUSE:64, BA: 18-541-3443, E0: 18, EP:5
KeyFrame:253, ER:S, Created 273 pt, FUSE1:8, FUSE:269, BA: 19-803-4307, E0:23, EP:5

[

Video surveillance
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TEAMS CONVERGE AT TARGET LOCATION

DARPA

ARTIST'S CONCEPT




I Application — Smart Navigation

[ MRS NERTT }
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Feature
point

Select keyframe and
update map

Flight Control Align color and
Path Planning depth image
Obstacle Avoidance
! Estimate position and N *:4 )
: attitude >

Keyframe Point






Platforms

Applications

Key
Technologies

UAV / Robot

Cluster and Cooperation

Situational
Awareness

~/

.

Complex
Environment
/ Cluster
Navigation

~

~/

y-

\

Target
Localization

N\ (

Surveillance

vy \

Damage
Assessment

IMU & SLAM for robust estimating position and attitude.
Realtime and fast 2D/3D environment mapping.

Object detection / segmentation / change detection / localization from
realtime maps.
Multi-sensor fusion and integration.
Mapping architecture for cluster / edge platforms.
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® Realtime mapping plays import roles

for navigation, GIS.
® Realtime mapping and cooperation
will bring interesting applications.

® Integrating geometric information
with semantic analysis will greatly
improve the system intelligence.
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THANK YOU

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