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Test Platform : Real-time Perception, selt—driving

An SUV tor real—-time perception and a selt—driving car including control algorithms




ADAS Directions : Algorithms Licensing

= 3D Lane & Road, Radar Fusion
» High Accuracy AEB : Depth/VD/PD
= \/Ision Cruise : High Curvature

= Robustness



AD (Autonomous Driving) Directions

= Perception @ Real Time High Accuracy
» Better Control by better perception
= Service - Last Mile Mobility

= Simulation based AD Development



Algorithms : VD, PD, LD, 60D, Tracking, CNN-0OD, Stixel, SVM
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Stereo Matching & Stixel

Real-time depth map estimation
20ms (avg.) with GTX 1080
200~300ms with Jetson TX1

STIXEL (Stick + Cell)
Used to detect and to represent obstacles




Robust Stereo Matching
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Learning-based
confidence measure NN -
selection and training B SeSCiaas

Semi-global Proposed method
matching

R Min-Gyu Park and Kuk-Jin Yoon, “Leveraging Stereo Matching with Learning-based Confidence Measures," IEEE Conf.
Confidence predlCtIOn on Computer Vision and Pattern Recognition (CVPR), 2015



Lane Detection

Classical lane detection approach (300fps with 3.00GHz CPU)

Input image IPM image Filter & Threshold Detect lanes Result

Deep learning-based lane detection
Dataset : 1,500 images
Train dataset : 60,000 images (augmentation)
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Fully Convolutional Network

10ms (100fps) with Jetson TX1



Vehicle Detection

« Real-time vehicle detection
— Under development
 HoG + Kernel SVM
« ACF + Boosting

aqgaregated channel -
]Eegtgure%) Feature extraction
\ }

— 15ms with Jetson TX1 \

IS TT Y

« Expandable to PD
(pedestrian detection)




ADAS current project : Vision based Cruise Control

When the blue vehicle changes lane, the red vehicle should drive steadily
without abrupt acceleration

 Current target vehicle speed : 60km/h
« Target vehicle changes lane after sometime.

— ———
—
-— -'l-.

 Current subject vehicle speed : 60km/h
- After target vehicle changes the lane,

subject vehicle speed up to 100km/h (Cruise
speed : 100km/h)

Radar

Camera



Adaptive Cruise Control

Implementation details

— Fusion: Radar + Camera
— Lane monitoring by Camera . ° - "
» Ego-lane detection gomiiins simmiis. & @ &
* Medium curvature
— Proprietary Radar algorithm
— Calibration Radar + Camera




TF Architecture for Surround View Monitoring System
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Key competences

Photogrammetry algorithms

3D Reconstruction algorithms

ADAS algorithms

System engineering

Mature development processes (Scrum, Kanban, Waterfall)
CEVA MM-3101 & XM4 optimization

CUDA & OpenCL intensive computation

FPGA programming



Stereo vision algorithm

« High performance — 20 fps (Zyng 7020, HD resolution)
* Low latency — 50 ms (Zynqg 7020 , HD resolution)
« Sparse disparity map — 60000-110000 features (HD resolution)




Forward Collision Avoidance

Functions

— Stereo — SGM, AD-Census

— Stixels & CNN-based obstacle detection

— Collision estimation (tracking & trajectory & time to collision)
— Free space to drive

————— D
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Forward Collision Avoidance
CNN Object detection

— Classes — car, pedestrian, cyclist
— CNN - YOLOVZ

— Training set — 90110 images

— mAP - 0.7-0.8

— Performance
e Platform — nVidia Drive PX2
« 20 fps
» Resolution — 512x288 px



Tratfic sign detection

Implementation details

- - | -
— SSD-M with MobileNet features e sl u iy P,

R

— High performance — 20 fps on Jetsor=ees @\ r I/\f\ ‘\ /

— High accuracy — 0.74 mAP bl A bl Gy

_ European, Russian, South Korean trafigiid : =
» ~30000 images

— Classitying speed limits
» ~17000 images

— Low model size — 22 Mb

— Detection performance — TX2: 35 ms, PX2: 24 ms

— Classification performance — TX2: 6 ms, PX2: 4 ms

— Accuracy F1-score — 0.89
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Virtual Worlds as Proxy for Multi-Object Tracking Analysis

Adrien Gaidon'*  Qiao Wang?*
g

The SYNTHIA Dataset: A Large Collection of Synthetic Images for Semantic
Segmentation of Urban Scenes

{adrien.gaidon, yohann.cabon}@xrce.xerox.com giao.wang@Rasu.edu

http://www.xrce.xerox.com/Research-De

German Ros'*, Laura Sellart’, Joanna Materzynska§, David Vazquez", Antonio M. Lopez’ri
Abstract

Modern computer vision algorithms typically require ex-
pensive data acquisition and accurate manual labeling.
In this work, we instead leverage the recent progress in
computer graphics to generate fully labeled, dynamic, and
photo-realistic proxy virtual worlds. We propose an effi-
cient real-to-virtual world cloning method, and validate our
approach by building and publicly releasing a new video
dataset, called “Virtual KITTI” ', automatically labeled
with accurate ground truth for object detection, tracking,
scene and instance segmentation, depth, and optical flow.
We provide quantitative experimental evidence suggesting
that (i) modern deep learning algorithms pre-trained on
real data behave similarly in real and virtual worlds, and
(ii) pre-training on virtual data improves performance. As
the gap between real and virtual worlds is small, virtual
worlds enable measuring the impact of various weather and
imaging conditions on recognition performance, all other
things being equal. We show these factors may affect dras-
tically otherwise high-performing deep models for tracking.

fComputer Vision Center
Edifici O,
Campus UAB
Barcelona, Spain

{gros, laura.sellart,

*Computer Science Dept.
Universitat Autonoma de Barcelona
Campus UAB Oskar-Morgenstern-Platz

Barcelona, Spain Vienna, Austria

dvazquez, antonio}@cvc.uab.es, al248555Qunet.univie.ac.at
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Figure. 1. The SYNTHIA Dataset. A sample frame (Left) with its semantic labels (center) and a general view of the city (right).

evelopment /Com

Yohann Cabon' Eleonora Vig!f

lComputer Vision group, Xerox Research Center Europe, France

2School of Electrical, Computer, and Energy Engineering and School of Arts, Media, and Engineering, Arizona State University, USA

eleonora.vig@dlr.de
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Figure 1: Top: a frame of a video from the KITTI multi-object
tracking benchmark [!]. Middle: the corresponding rendered
frame of the synthetic clone from our Virtual KITTI dataset with
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Table 2. Results of training a T-Net and a FCN on SYNTHIA-Rand and evaluating it on state-of-the-art datasets of driving scenes.

5 B A A m & T &~@ £ £

Method Training Validation  sky building road sidewalk fence vegetat. pole car sign pedest. cyclist per-class global

SYNTHIA-Rand (A) CamVid (V) 66 85 86 67 0 27 355 79 3 75 46 48.9 79.7

SYNTHIA-Rand (A) KITTI (V) 73 78 92 27 10 0 64 0 72 14 39.0 61.9

T-Net [30]

0
SYNTHIA-Rand (A) U-LabelMe (V) 20 59 92 13 0 22 38 89 1 64 23 38.3 53.4
0

SYNTHIA-Rand (A) CBCL (V) 74 71 87 25 35 21 68 2 42 36 41.8 66.0

SYNTHIA-Rand (A) CamVid (V) 78 66 86 72 12 79 17 91 43 78 68 62.5 74.9
SYNTHIA-Rand (A) KITTI(V) 56 65 39 26 17 65 32 52 42 73 40 47.1 62.7
SYNTHIA-Rand (A) U-LabelMe (V) 31 63 68 40 23 65 39 85 18 Tl 46 50.0 59.1
SYNTHIA-Rand (A) CBCL (V) 71 39 73 32 26 81 40 78 3l 63 72 56.9 68.2

FCN [20]

Table 3. Comparison of training a T-Net and FCN on real images only and the effect of extending training sets with SYNTHIA-Rand.
& BB A A m & T HO® £ £

Method Training Validation  sky building road sidewalk fence vegetation pole car sign pedestrian cyclist_per-class _ global
Camvid (T) CamVid (V) 99 65 95 52 7 79 5 80 3 26 6| 46.3 81.9
Camvid (T) + SYNTHIA-Rand (A) CamVid (V) 98 90 91 63 3 83 9 94 0 58 31| 56.5(10.2)] 90.7 ( 8.8)
KITTI(T) KITTI(V) 79 83 87 73 0 85 0 69 0 10 0] 442 80.5
T-Net [30] KITTI (T) 4+ SYNTHIA-Rand (A) KITTI(V) 89 86 90 58 0 72 0 76 0 66 29| 51.6(7.4) |80.8(0.3)
U-LabelMe (T) U-LabelMe (V) 72 80 75 45 0 62 2 53 0 14 2] 364 62.4
U-LabelMe (T) + SYNTHIA-Rand (A) U-LabelMe (V) 69 77 93 33 0 62 1 77 1 67 24| 46.7(10.3)| 72.1(9.7)
CBCL (T) CBCL (V) 62 77 86 41 0 74 5 63 0 7 0] 379 73.9
CBCL (T) + SYNTHIA-Rand (A) CBCL (V) 72 82 920 39 0 58 26 70 5 52 39| 484 (10.5))75.2( 13
Camvid (T) CamVid (V) 99 65 98 45 27 54 16 77 11 34 251 528 78.4
Camvid (T) + SYNTHIA-Rand (A) CamVid (V) 97 70 98 66 39 88 41 88 53 75 79| 72.1(18.3)|83.6(5.2)
(@) KITTI(T) KITTI(V) 75 77 77 6 47 84 I8 78 5 1 1| 515 823
FCN [20] KITTI (T) + SYNTHIA-Rand (A) KITTI(V) 84 81 52 71 60 86 43 83 24 7 32| 594(7.9) |80.8(-15)
g U-LabelMe (T) U-LabelMe (V) 93 81 83 57 2 79 41 72 20 71 63| 60.1 79.4
U-LabelMe (T) + SYNTHIA-Rand (A) U-LabelMe (V) 93 72 81 63 10 76 446 79 49 76 64| 644(4.3) |76.2(-3.2)
CBCL (T) CBCL (V) 90 77 90 41 2 80 37 84 10 47 31| 534 79.7
CBCL (T) + SYNTHIA-Rand (A) CBCL(V) 82 78 74 56 1 80 20 78 8 77 351 535(0.2) 175.2(-4.5)
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AD current project : Last Mile Mobility

We are now collaborating with Korean mini—bus makers and Korean local governments.

Find out more!
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e Lidar dlA . &&= & ot ?IXl A&, 3D 21 A
« GPS RTK : GPS AlA 2 DX =2 2t EA(XEHO HESH 9 X EH)
e Odometer : 8% 2 HI? & =8 - & 55 =&, 2K &0l
« Il AHIY HIE . &E2 &d 24 U MY =&

@ » ,»74{«\*/ , NAVYA WORLDWIDE : +30 NAVYA ARMA vehicles already operating all around t...
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Arma Device Route

http://navya.tech/
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« Bus Rapid Transit(BRT) : & & MN&EUHAM 2L, 55, #&34, BlE, 2 =503
* Buses : 2= E=. &R, BME, dEIH

e Tram-train : = Al A€ A&E ESH ) )

« Metro : Roissy-Charles de Gaulle®| =g HOIE, )XY & =XNHES AZot= &I O
EZ CDGVal 2<

BRT Bus Tram-train Metro

https://www.transdev.com/en/
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Autonomous vehicle Inside the vehicle

https://localmotors.com/
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& Youlube [2

Autonomous vehicle Running the car

https://auro.ai/
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Utilization the Uber taxi Apps for driver partners

https://www.uber.com/ko-KR/
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http://www.nutonomy.com/

Autonomous vehicle
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NuCore™ software




Thank you very much!

Paul Kang
paulkang@prosensetek.com
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