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Augmented Reality: What's It? Ja
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AR History: First Appearance
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AR: Introduction
Sketchpad:A MAN-MACHINE GRAPHICAL COMMUNICATION SYSTEM, |. Sutherland, PhD thesis, MIT, 1963. 5




AR History: First Steps

§1'I,‘T-JIM

signal and image processing

L 2

Real
* Environemnt

Augmented
Reality (AR)

Augmented
? Virtuality (AV)

Virtual
Environment

1968

Sutherland

1978

VideoPlace
Myron Krueger

1980

EyeTap
(Steve Mann)

1990

Tom Caudell
(Boeing)

AR: Introduction

1994 1999
Reality continuum AR in NASA
(Milgram) ARToolKit



Android Installs: Pokémon GO vs Tinder
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Mobile AR Market i»
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Mobile AR: Software Landscape /

Complex object recognition, smart
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AR Use Cases
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AR in Education iVA
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Basic education
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AR astronomy (ARKit)

AR in Entertainment

AR highway (ARCore)

AR measure (ARKit)
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AR portals (ARKit)
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Vein viewer (NIR+Optical)
Clinica Miyake

AR in Medicine Ja_

than wearing some type of shield, which is often what surgeons do.

AR surgery (X-ray + optical)

Augmedics
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AR: Algorithms and Solutions

e camera pose and marker detection
* image retrieval

e tracking

 markerless and SLAM




AR Magic: What Do We Need? .
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Wrong augmentation Correct augmentation

AR: Algorithms and solutions 14




Marker-based vs Markerless 4%-_ g
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Markertbased
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Marker-based AR and Camera Pose ,V/.I._ T
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Camera Pose Estimation Steps Pa
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Camera pose extraction (2D-3D) AR: Algorithms and solutions 17
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Fiducial Markers Diversity
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S.Garrido-Jurado et. al. Generation of fiducial marker dictionaries using Mixed Integer Linear Programming.Pattern Recognition. Volume 51, March 2016, Pages 481-491




Fiducial Markers: Interesting Examples i%—-.um
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AR: Algorithms and solutions
ChromaTag: A Colored Marker and Fast Detection Algorithm. Joseph DeGol,Timothy Bretl,Derek Hoiem, ICCV-2017, pp.1472-1481.
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Image Description: First Approaches Ja
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— { Keypoint description

Local Feature Descriptors

Corner detection
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KAZE and A-KAZE
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A-KAZE (2013) vs ORB (2011) 24



MagicPoints (Magic Leap) A,V/...__,M
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D. DeTonem T. Malisiewicz, A.Rabinovich - “Toward Geometric Deep SLAM” / https://arxiv.org/pdf/1707.07410.pdf




Matching P
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AR: Algorithms and solutions RANSAC for line fitting
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Scale and Rotation Invariance

- Local feature descriptors (SIFT, SURF, ORB, FREAK, etc.) do not handle extremal angles

BRATWURST B ;ﬁsLEIN
, L

WW.BRATWURST-ROESLEIN.DE/SHO

Synthetic views warping Generated views

AR: Algorithms and solutions
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Geometric principles
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D. DeTonem T. Malisiewicz, A.Rabinovich - “Toward Geometric Deep SLAM” / https://arxiv.org/pdf/1707.07410.pdf 2 9
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AR: Algorithms and Solutions

e camera pose and marker detection
* image retrieval

e tracking engine

e markerless and SLAM
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Image Retrieval

How to track 1000 markers in real-time?

Train dataset

Get features
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Image Retrieval: d-BoW .V/-.-_.M
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Real-Time Marker Detection (1000 markers) &
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AR: Algorithms and Solutions

e camera pose and marker detection
* image retrieval

e tracking

markerless and SLAM




Detection vs Tracking

_ Tracking-by-detection is not good idea

Fails for extremal
angles

AR: Algorithms and solutions

@
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Fast

More robust to
geometry

35



Marker Tracking: Optical Flow (LK)
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Opticdirfiowe magnitude

Example of keypoints tracking
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DeepFlow P
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P. Weinzaepfel, J. Revaud, Z. Harchaoui, C. Schmid —” DeepFlow: Large displacement optical flow with deep matching ” / ICCV-2013, Dec 2013, Sydney, Australia




DeepFlow Evaluation /2
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AR: Algorithms and solutions 38

P. Weinzaepfel, J. Revaud, Z. Harchaoui, C. Schmid —” DeepFlow: Large displacement optical flow with deep matching ” / ICCV-2013, Dec 2013, Sydney, Australia




DL for Optical Flow: FlowNet 2 .
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FlowNetSimple

FlowNetCorr

AR: Algorithms and solutions 39

A. Dosovitskiy et al —”FlowNet: Learning Optical Flow with Convolutional Networks” / ICCV-2015, December 11-18, 2015, Santiago, Chile



DL for Optical Flow: FlowNet g%-_ JIM
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FlowNetSimple

*:upconvolved

AR: Algorithms and solutions 40

A. Dosovitskiy et al —”FlowNet: Learning Optical Flow with Convolutional Networks” / ICCV-2015, December 11-18, 2015, Santiago, Chile



DL for Optical Flow: FlowNet 2.0 P
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AR: Algorithms and solutions 4 1

E. llg et al —” FlowNet 2.0: Evolution of Optical Flow Estimation with Deep Networks” / CVPR-2017, July 22-25, 2017, Honolulu, Hawaii



DL for Optical Flow: FlowNet 2.0 _.V‘-.-_ M
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E. llg et al —” FlowNet 2.0: Evolution of Optical Flow Estimation with Deep Networks” / CVPR-2017, July 22-25, 2017, Honolulu, Hawaii
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DL for Optical Flow: FlowNet 2.0 i.”‘-.-_ JIM
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E. llg et al —” FlowNet 2.0: Evolution of Optical Flow Estimation with Deep Networks” / CVPR-2017, July 22-25, 2017, Honolulu, Hawaii



Template-Based Tracking: Lucas-Kanade B
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Template-based tracking (Gauss-Newton gradient descent) 44




Template-based tracking: Improvements @&
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Tteratively compute the transformation parameters AX using ESM for multi-dimensional features b T
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Fusion of Trackers A.V/-.-_ e
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Hybrid Tracking* T -m
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AR: Algorithms and solutions

*levgen M. Gorovyi, Dmytro S. Sharapov. Advanced Image Tracking Approach for Augmented Reality Applications. 47
Proceedings of Signal Processing Symposium (SPSympo-2017), 12-14 September, Jachranka, Poland, pp.266-270 (2017) 1st Prize for the best paper




AR: Algorithms and Solutions

e marker detection

* image retrieval

e tracking engine

e markerless and SLAM



Markerless: VIO and SLAM AVA
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VO: Visual Odometry.
Goal: camera tracking using the scene. Local map optimization

SLAM: Simultaneous Localization and Mapping.
Goal: persistent 3d and camera location simultaneously. Global map optimization

Direct

Features | lidar
, .
A

SLAM for AR
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Slam System Components
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Parallel Tracking and Mapping (PTAM) J&

Parallel Tracking and Mapping
for Small AR Workspaces
[ Initialization ] _
Extra video results made for
- v N /, _\\ ISMAR 2007 conference
Mappin Trackin
PPINg g Georg Klein and David Murray
i _ Active Vision Laboratory
—»  New keyframe :{> —»  Preprocessing University of Oxford
Add new map points Project points
Map optimisation i Measure points
Map maintenance Update camera pose | |
PTAM workflow
Demo (iPhone 3!) 51

Parallel tracking and mapping for small AR workspaces, Klein G, Murray D, ISMAR 2007




ORB-SLAM
Tracking / Map |/ Matching /
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52

Raul Mur-Artal, J. M. M. Montiel and Juan D. Tardés. ORB-SLAM: A Versatile and Accurate Monocular SLAM System. IEEE Transactions on Robotics, vol. 31, no. 5, pp. 1147-1163, 2015.



LSD SLAM
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Tracking 4 High gradients ¢/ Map v

. Mapping

Image tracking

EF with color-coded depth map

53

LSD-SLAM: Large-Scale Direct Monocular SLAM, J. Engel, T. Schéps, D. Cremers, ECCV '14



Deep Virtual Stereo Odometry ¥ m
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AR: Algorithms and solutions 54
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Deep Virtual Stereo Odometry
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Deep Depth Densification (D?3)

RGB Image

GT Depth
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Deep Depth Densification (D3) -
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Mobile AR in Production




AR Data Flow: User’s Side

- Check-in

fIT-am

signal and image processing

Riickkehr ins lenvor

Krankenhaus > . % » .

vermeiden s / z : i (mll=| IR LR - I
- i ~

it-jim demo 3 new
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AR Marker Quality A,Vé,._ i

Ly signal and image processing

Quality check list:

./ Image contrast

/ Image details

/ Features distribution

/ Features repeatability and uiqueness
/ Image viewing angles and scale

Best ROI selection: Criteria:
1. Number of interest points in window

2. Interest points distribution in window

Original image Sliding window processing Marker
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Preprocessing: Text Extraction

High-Pass filtering

— Check-in J*

Mehr
entdecken!

Gleiche Seitenzah, mehr Inhalt - das
geh. bieibgesund bietet 1hnen ab so-
fort icht nur interessante Texte, son-
dlern auch Videos, Slideshows, Anima:
tionen und vieles meht. Sie brauchen
nur ein Smartphone oder ein Tabier,
dann lassen sich die digitalen Inhalte
‘ganz einfach abrufen.

Und so rufen Sie die digitalen Inhalte
von blelbgesund o

1. nopacen

Siefinden die kostenlose App AOK
gut versorgt im App Store

oder bel Google Play.

. Titel scannen
Starten Si die App und scannen
S die Titeiseite d

Fit, fitter, ProFit

Ry

Ruckkehr ins
Krankenhaus
vermeiden

In Baden-irtiemberg wurden im Jahr
2016 fost 130,000 AOK-Versicherte in-
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Heidelberg und weiteren Projektpartnem
e neves| um, um dese Zafien
2u senken: VESPEERA (Versorgungs
Kontinuitat sichern: Patientenorientertes
Enweisungs: und Entlassmanagement
in Hausarztpraxen und Krarkenhausern)

der
AOK

Kk Zum

freuen,

Die Ausgabe wird geladen

3. heteatoben
ezt komen Sl

Soven i Searghone
Smbolsornanund

ProFit belohnt diesen Einsatz mit neu-
n Préamien. Neuerdings kannen ge-

werden. Diese lassen sich etwa fur
Mitgliedsbertrage in Fitnessstudios

gebote
abrufen. Viel Spat!

nelle Zahneinigung oder Kranken-
zusataversicherungen verwenden

© aok-profit.de/bw

Three main concepts:

Laplacian of Gaussian

— Check-in J*

Mehr
entdecken!

Gleiche Seitenzah, mehr Inhalt — das
Geh. bieibgesund bietet 1hnen ab so-
fort icht nur interessante Texte, son-
dern auch Videos, Slideshows, Anima:
tionen und vieles meh. Sie brauchen
nur ein Smartphone oder ein Tabiet
dann lassen sich die digitalen Inhalte
‘ganz einfach abufen.

Und so rufen Sie die digitalen Inhalte
von bleibgesund ab>

App lad
Sie finden die kostenlose App AOK
gut versorgt*im App Store
oder bel Google Play.
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Dl Ausabe i g
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e koo Sl
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vermeiden

In Baden-Wirtemberg wurden im Jaht
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20 senken: VESPEERA (Versorgungs-
kontinuitat sicher: Patientenorientiertes
Einweisungs- und Entlassmanagement
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der
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freuen,
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gebote
abrufen. Viel Spat!

nelle Zahneinigung oder Kranken-
zusataversicherungen verwenden
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Laplacian
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nur ein Smariphone oder ein Tabler
dann lassen sich die digitalen Inhalte
‘ganz einfach abrufen.

Und so rufen Sie die digitalen Inhalte
o blelbgesund ab

App laden
Sie finden die kostenlose App AOK
gut versorgt*im App Store
oder bel Google Play.

Fit, fitter, ProFit

Ruickkehr ins
Krankenhaus
vermeiden

In Baden-Wiittemberg wurden im Jah
2076 fast 130.000 AOK-Versicherte in-
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Heidelberg und weiteren Projektpartnern
ein neues Konzept um, um diese Zahlen
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Negative radial distortion
“pincushion”
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Camera Calibration
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Radial distortion
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Web AR Tool Vs

Ve

=JM
— signal and image processing
~ Ausgab PAGE NAME REDO ACTION
r >
- SCENE MODE (30/2D) TOGGLE
© x
B
‘ - SCENE PERSPECTIVE SELECT cube2.stl

(OBJECT CONTROL ACTIONS

®
“—— SCENE LOCK

PAGE IMAGE ——_

'
| 1 |, 1 0
SCENE SETTINGS BAR
SCENE OBJECT ( 0 TR 0 0
il it-jim demo 2
SCENE ZOOM ACTION BAR j @ None v
e

The web tool edition 3D scene page.

AR WebTool

T shark.zip.unp/shark.fbox

L0 Yoo "o

S _©

§
. F ] =
@ none ;

[l Drag new object here

3D model in WebTool
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Web AR Tool: How it Works? D
A IT=-JM

signal and image processing

6:7 Projects x + - a X

&« c ® He zawmueno | augmented3d happyuser.info 3] B

Add project

Project title

Project UUID

augmented3d.happyuser.info
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AR Data Flow: SDK Side i”

- signal and image processing

@ AR tool (WEB or Local)
Yo

e e markers
g Mmodels

B Config.json
Select data for augmentation

(3d model/image/video/audio) B dbow.bin
& | pyramid.bin

Select marker
(Image data)

I

AR core

iOS&Android API

v g bundle_v2_example
o Mmarkers
¥ g models
0
6

10

31
32
33
34
Sil
52

¢ ¢ @ 0,0, 0,0 @,

Tracking data
{

"version" : 1,
"markerconfiguration"” : {
"marker_count" : 13,
"markers_per_frame"” : 1,
"pyramid_1{ilename"” : "pyramid.bin”,
"database_1ilename” : "dbow.bin"

1,
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AR It-Jim: Buttons demo 17,’/.,.__,,M

signal and image processing

QO® - N 3 N{@ =il 46% @ 05:36 QOP - N B N{ @ =Nl 45% @ 05:37

it-jim demo 2 it-jim demo 2

levgen Gorovyi
0 & Tounder

Recorded by (==g=2am0 Recorded by (=250

Buttons augmentation Models augmentation
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AR It-Jim: Cars Cube

Ir-am
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QO P - U R N{@ =Nl 40% @ 05:57

it-jim demo 5

Recorded by (=520

Screenshot Cars cube example
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IPIN 2018

AR Poster

Q&p - NNQ = T1%

Cl 1.5-261 Android Bundles AR

Positioning Algorithms for Indoor Navigation Using Sensors Fusion

erke, Fevhen Chervoniak &

Recorded by (===2=00

Va
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Q& - NN@ =,
Cl 1.5-261 Android Bundles AR

Fps =57
GPU: ARM, OpenGL ES 3.2 v1.
Frame rendered time: 14

Frame processed time: 0

Recorded by (={=5=2=00

AR on poster
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Toward XR &

- signal and image processing

Environment Scanning
Display Over World
Context Tracking

Context Location Tracking
Display Over World

World Hand/Wall Awareness
Display Replaces World
3D/Stereo Graphics

Display Adjacent to World
World Context Aware

Added Layers of Technology
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Robots vs Humans

Matt Novak

@paleofuture

That scary robot video is fake

7:46 - 20 aer. 2018 r.
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gizmodo.com/the-viral-robo ...

A
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Conclusions SIT-Jm

ssssssssssssssssssssssss

e Augmented reality is truly immersive field

e AR is not only about data, AR is about robust computer vision
solutions

e Real-time performance on mobile is challenging

e AR s cool, but still not ready for a mass market




THANK YOU!
Questions?

ceo@it-jim.com




