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. Introduction

. Localization and mapping with Active Sensor

. Localization with Passive Sensors

. Pedestrian Detection and Behavior Recognition
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. Policy and Definition of Automated Vehicles

. Research Introductions
3D-GNSS and self-localization of vehicles
P2V application for pedestrian safety

Pedestrian detection and behavior understanding by Onboard
cameras
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Velodyne laser Applanix INS
Riegl laser SICK LMS laser

BOSCH Radar DMI
IBEO laser SICK LDLRS laser

Fig. 2: Junior, the vehicle of Stanford group in
the DARPA Urban Challenge 2007 .

Fig. 3: Merging into
dense traffic during
the qualification
events at the Urban
Challenge. (a)
Photo of merging
test; (b)-(c) The ®
merging process.

Fig. 1: Google car

Environment perception

Localization

Map

Motion planning

Fig. 4 Basic requirements for autonomous driving

Montemerlo, Michael, Jan Becker, Suhrid Bhat, Hendrik Dahlkamp, Dmitri Dolgov, Scott Ettinger, Dirk Haehnel et al. "Junior: The stanford entry in the urban
challenge." Journal of field Robotics 25, no. 9 (2008): 569-597.



Urban Scenario of Autonomous Driving

* Lane-level localization is required for autonomous
driving.

* Lane-level map is needed in self-localization and
motion planning.

* Active sensor: (e
* LIDAR
* Velodyne

* Passive sensors:
* GNSS
* Inertial sensor INININIAHT
e Camera IS




What is Autonomous and Automated Driving

e Self-Localization
 Obstacle Detection
* Path Planning

e Autonomous or Automated ?



Stereo odometry

1. Rectification PA,da Translation and rotation matrix
A single feature x viewed with a stereo camera from two

different poses in consecutive image pairs.

3. Stereo Feature Matching

Lgft image Right ima

Given x position in
frame 0 and frame 1,
want the
relationship
(translation and
rotation) between

- frame 0 and frame 1
5. Incremental Pose Recovery/RANSAC
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2. Feature Extraction
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3D-Map Construction from multiple data

Visualization of the scanning process: the LIDAR scanner acquires
range data and infrared ground reflectivity. The resulting maps ‘
therefore are 3-D infrared images of the ground reflectivity. Notice Ghost based by GPS in
that lane markings have much higher reflectivity than pavement. multiple data

* Two problems
* dynamic object
* multiple data fusion

ole cased by | |
dynamic object data fusion After registration

J. Levinson, M. Montemerlo, S.Thrun,” Map-based precision vehicle localization in urban environments,” Robotics: Science and Systems.
vol. 4, p. 1, June 2007.



Examples of point cloud map

o«

Stanford parking garagé
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University of Freiburg




Point cloud data to 3D map

* Data Sources
Airborne Laser Scanning

* Building segmentation

(a) (b) ©
Example of roof patch segmentation with height jumps. (a) ALS building points; (b)
detected roof patches shown in different colors; (c) roof patches at different heights.

* Extract the outline 23D building model
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Zhu, L., Lehtomaki, M. Hyyppa j Puttonen E., Krooks, A., & Hyypp4, H. (2015). Automated 3D Scene-Regahitketion from Open
Geospatlal Data Sources Airborne Laser Scannlng and a 2D Topographic Database. Remote Sensing, 7(6), 6710-6740.




Building model height evaluation

Height differences between the ALS building roof points
and generated 3D roof models in 15 test locations

Height of Height of Height Difference
Test Location Index
ALS Building Points (m) Building Models (m) (m)
1 3l.6l 31.59 0.02
2 26.84 26.74 0.10
% 3 20.04 19.91 0.13
4 20.76 20.52 0.24
5 25.04 2493 0.11
6 23.81 23.76 0.05
-|| Latlh . 7 2272 22.44 0.28
|i|! r’]ii Il'\ O 8 26.86 26.61 0.25
|“ ' |_I|l-"" | 9 2491 24.86 0.05
Il'l"; s i 10 25.36 25.10 0.26
3 11 23.21 23.02 0.19
) "QJ 12 21.81 21.57 0.24
o
%Ut 13 25.89 25.81 0.08
M ] e 14 20.51 2033 0.18
- .J'UI 15 19.72 19.58 0.14
u"']_l] Average 0.15
rRMSE Root Mean Square Error 0.18

(Up) Generated Building models, with roofs in red and
walls in gray. (down) Original ALS building roof
points in green and building models in gray.

 How about the accuracy
of the boundary?

Zhu, L., Lehtomaki, M., Hyypp4, J., Puttonen, E., Krooks, A., & Hyyppa, H. (2015). Automated 3D Scene Reconstruction from Open
Geospatial Data Sources: Airborne Laser Scanning and a 2D Topographic Database. Remote Sensing, 7(6), 6710-6740.



Localization with GNSS

* Various multipath mitigating receivers
* Narrow-correlator (Dierendonck, 1992)
e Strobe-correlator (Garin, 1997)

M.S. Braasch. “Performance comparison of multipath
mitigating receiver architectures”. In Aerospace Conference,<

Narrow-correlator

correlator output

IEEE Proceedings., 2001.

* Receiver Autonomous Integrity Monitoring algorithm (RAIM)
* Check the residual of the least square and identifies the suspicious

satellites.

* Choose satellites in calculation to make the least square residual small

RG Brown., "GPS RAIM: Calculation of Thresholds and Protection Radius Usmg Chi- square

Methods; a Geometric Approach."”, 1994.

* NLOS detection by 3D map
(M. Obst, et al., 2012.)




Pedestrian detection example

training

Verify each‘andidate by

Haar—like fgfatures based
detection high dimensional CoHOG

descriptors

* HOG and Haar-like features are
popular and basic.

* CoHOG has good performance at
low resolution

Monteiro, G., eixoto, P, & Nunes, U. (2006). Vision-based pedestrian detection using Haar-like features. Robotica, 24, 46-
50.



Convolutional Neural Network (CNN)

* How a deep neural network sees

* From local texture to global structure

Lee, H., Grosse, R., Ranganath, R., & Ng, A. Y. (2011). Unsupervised learning of hierarchical
representations with convolutional deep belief networks. Communications of the ACM, 54(10), 95-103.



Application of CNN

——

The YOLO (You Only Look Once ) Detection System. Processing images with
YOLO is simple and straightforward. The system (1) resizes the input image to F X F,

(2) runs a single convolutional network on the image, and (3) thresholds the resulting
detections by the model’ s confidence.

448
7
7

The Architecture "
of YOLO =1 B N

| | 7 7
3 192 256 512

1024 1024 1024 4096 30
Conv. Layer Conv. Layer Conv. Layers Conv. Layers Conv. Layers Conv. Layers  Conn. Layer  Conn. Layer
7x7 x64-52 3x3x192 1x1x128 1x1x256 1x1x512 7,5 3x3x1024

Maxpool Layer ~ Maxpool Layer Ix3x256 3x3x512 3x3x1024 3x3x1024

2x2-52 2x2-52 1x1x256 1x1x512 3x3x1024
3x3x512 3x3x1024 3x3x1024-5-2

Maxpool Layer  Maxpool Layer
2x2-52 2x2-52



Detection framework of YOLO

It divides the image into an even grid and simultaneously predicts bounding
boxes, confidence in those boxes, and class probabilities.
These predictions are encodedasan$S XS X (B + C ) tensor.

Position of box (X,
Size of box (w, h)
onfidence: conf

ifity of each class: p; p.

Boundmg boxes + conﬂdence

SXS grld on mput F|naI detectlons

Class probability map



TCrievo Automated platoon

Automated platoon is the string operation coupled electrically with closed
gap distance in order to reduce fuel consumption.
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onnection by V2V communication

20% 40% 60% 80% 100%

Gap distance:4m

Iteration 39125
Time Step 9570
Solution Time 9.48 (s)

Velocity: Magnitude (m/s)
x_ﬁf 00000 60000 12000 18000 24000 _ 30.000 Head truck

L/&) Rl ] Relative Reduction rate of air drag(%
0 i e e g( 0)




Level of Automated Vehicles : NHTSA's Policy

No-Automation (Level 0): The driver is in complete and sole control of the primary vehicle
controls — brake, steering, throttle, and motive power — at all times.

Function-specific Automation (Level 1): Automation at this level involves one or more
specific control functions. Examples include electronic stability control or pre-charged
brakes, where the vehicle automatically assists with braking to enable the driver to regain
control of the vehicle or stop faster than possible by acting alone.

Combined Function Automation (Level 2): This level involves automation of at least two
primary control functions designed to work in unison to relieve the driver of control of
those functions. An example of combined functions enabling a Level 2 system is adaptive
cruise control in combination with lane centering.

Limited Self-Driving Automation (Level 3): Vehicles at this level of automation enable the
driver to cede full control of all safety-critical functions under certain traffic or
environmental conditions and in those conditions to rely heavily on the vehicle to monitor
for changes in those conditions requiring transition back to driver control. The driver is
expected to be available for occasional control, but with sufficiently comfortable
transition time. The Google car is an example of limited self-driving automation.

Full Self-Driving Automation (Level 4): The vehicle is designed to perform all safety-
critical driving functions and monitor roadway conditions for an entire trip. Such a design
anticipates that the driver will provide destination or navigation input, but is not expected
to be available for control at any time during the trip. This includes both occupied and

unoccupied vehicles
Preliminary Statement of Policy Concerning Automated Vehicles (NHTSA)



Mobile Mapping Challenge in Urban Area

Inaccurate MMS positioning in urban area with tall buildings

Reason: GNSS error due to Non-Line-of-Sight and Multi-Path

Conventional Solution: Landmark updating method

1. Measure 3D Coordinate of Ground Control Points (GCP) )

Extract GCPs from original data

2
3. Calculate Position Correction Vectors (PCV) >
4.  Correct MMS trajectory and point cloud based on PCVs

More than 40 GCPs are required for a 500 x 300m area _/

MMS error before correction

Ground Control Points

Landmark updating

] ]

' -

Multi-path NLOS

X Labor intensive [‘ ﬂ
X Time consuming (T (T (T

¥ Costly 8488448

MMS data after correction



Map Reconstruction Framework

o T —— e  — —— — —  — ——— —— ——— — ——— — — ————

'

”~

Y

Airborne Laser
Scanning (ALS)

High-Resolution
Airborne Images

Add Digital Terrain
Model to Image

l

3D

¢ /"SRR e

MMS Pointcloud + RGB

Calibrated MMS Data

Airborne Image

h 4

Airborne
Lane-marking Extraction

MMS

Lane-marking Extraction

l

Airborne Lane-markings
(Reference)

o T

b4

MMS Lane-markings
(Input)

daai I
N\

Offline Calibration of MMS Data
Using NDT Matching

MMS and Airborne Pointcloud
Registration

.

Pointcloud Segmentation

Pl e e e el e ey e e g S g s S Ve e S

~

GSI 2D Building
Boundary Map

3D Model Reconstruction

l

2D Road Map

o ——————

N\

__________________________{_____

N/

l

3D Building Map

l

Precise 3D Building Map

\————————————————————————-—‘—————————————’

GNSS
D GNSS Optimizati
3D GNSS Optimization Measurmants

————————— —

AY

-

7/

N s’ e s s s e s s s s s s s w a s  n  a ‘t wt tit



Precision Mobile Mapping (Problem statement)
Registering MMS Data to Aerial image based on Road markings

e Airborne
® MMS (BC)

End point

(a) ey

Aerial image Extracted road markings from both MMS scan and aerial image MMS Scan



® Airborne
® MMS (BC)
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B Airborne road markings

B Original MMS road markings

B Proposed method

14

error (m)

Points close to the landmarks —=— Original data

Hltotsubashl intersection, Tokyo
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Virtual GCP points

---#..-Landmark Updating =~ —e—Proposed method



3D Building Map Reconstruction

| B

Reconstructed 3D building model using proposed method

3D point cloud data

Building segmentation

Roof segmentation

Roof segment points

Roof boundary generation
for each roof segment

Boundary points extraction

Roof edges line creation

Roof polygon generation

Roof boundary

3D building reconstruction

3D building map of city

s1ysiay jooy



Generating Multilayer Vector Map

(a) 3D point cloud ‘ (b) Extracted building footprints ‘ (c) Multilayer 2D vector Map ‘ (d) ND map for vectors

Points that made a vector form a Generated Normal distribution form vector map
normal distribution

@

- -
Y= {yl, cees yn} Points that made a vector segment

(jr'k-m""z—lm—m)

9 Mean of generated normal distribution

Covariance of generated normal distribution

™M =l




Experimental results

Data size (No. of units)

- 5

Route of experiments

Velodyne’s VLP-16
(16 chennel)

Our experimental vehicle
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Algorithm to apply Ray-tracing to 3D map

Reflected
path

Signal Observation:

Direct  pumms y - Pseudorange
path M _RSS| (Received Signal Strength
J ; Indicator)
' - Deceived positioning results

Find
the most consistent

Position Assumptions:

Estimated by ray tracing

- Pseudorange

- RSSI (Received Signal Strength
Indicator)

result - Deceived positioning resuts




Evaluations with solutions to NLOS and Multipath problem

= Phone4S with WiFi

® u-blox NEO-6P

E Proposed (with NEO-6P)
= Ground Truth

Standard

deviation

[m]

u-blox NEO-6P 19.8 14.2
3D map for

NLOS 5.7 4.3

3D map for 4.7 30

NLOS / Multipath




Experimental results: Vehicle sensor integration

@) Standard GPS (smgle pomt p05|t|on|ng) qu|on

O 3D map GPS fusion

MaX|mum error

Mean error

Standard DeV|at|on

_ (m) (m) (m)

First experiment Standard GPS fus_:lon 16.2 11.2 2.5
P 3D map GPS fusion 3.9 (1.0) 0.7

Second exoeriment |-iandard GPS fusion 26.7 13.7 3.5
P 3D map GPS fusion 5.4 (2.2 1.4

Third experiment L-Standard GPS fusion 15.4 8.8 3.4
P 3D map GPS fusion 6.6 (1.7) 1.4




Zigbee for V2V and P2V applications.

[Zigbee equipment
% v'Bicycles and pedestrians
Road Users

o
o

Lt

fr—

equip a single Zigbee
transmitter.

v Observation vehicles
equip four Zigbee
receivers (and also a

With a Transmitter

B :Zigbee device

¥ Signals transmitter Zigbee).

i An Observation Vehicle
With 4Recelvers
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Pedestrian trajectory - estimated by our algorithm

—— Pedestrian trajectory - logged by GPS
Pedestrian trajectory - ground truth from captured video

Vehicle trajectory - ground truth from captured video
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Path Prediction - Problems

Path prediction and motion classification focusing on physical states result
In short-time prediction (~15s).

R 1. Trajectory-based Approach
Linear Dynamical System approximation of positional movement.
Motion-specific LDSs (walk, stop, turn, etc.).

Nicolas Schneider and Dariu M. Gavrila., "Pedestrian path prediction with recursive bayesian
filters: A comparative study,” Pattern Recognition. Springer Berlin Heidelberg, 2013.

|==Ground truth
=:Measurements
|==EKF (CV)

o5 MM (CV.CT) |
2. |mage-based Approach I?ense Stgre«

» Visual features on image plane and non-linear/high-order Markov models.

Christoph G. Keller, and Dariu M. Gavrila., “Will the Pedestrian Cross? A Study on Pedestrian Path
Prediction,” Transactions on ITS 2014.

°. ® 3. Pose-based Approach

. io i - Body parts and joints in 3D space which are robust against
%' A sensor ego-motion and change of the observing direction.

o

\4 r:;“ R. Quintero, et al., “Pedestrian Path Prediction using Body Language Traits” IV 2014.

For long-time prediction, it is crucial to consider contexts which determine
pedestrian movement: traffic rule, situation and pedestrian intention.



Related Work on Context-based Pedestrian

Behavior Recognition

Julian Francisco Pieter Kooij, Dariu M. Gauvrila, et al.,

2014.“Context—Based Pedestrian Path Prediction” ECCV Sees Vehicle [ 5% F - - - -
' P Yy ) 4 B | Has-Seen-Vehigl

Boolean latent
context variables Z

Situation
-Critical @

Motion ty

Distance between Ped. and Veh.

Three factors influencing pedestrian’s decision to stop
1.Pedestrian’s awareness of approaching vehicles.
2.Distance to the approaching vehicle.
3.Distance to the curb.

Dynamical Bayesian Network based on empirical knowledge

“Distance-To-Curb
Head-Orientation Lateral Position

Observation,

\Estimatiov

\frediction

N\



Head and Body Orientation Detection

* For more advanced active safety systems
* Recognize the type of road user: cyclist or pedestrian

* From an image of pedestrian and cyclist, estimate the
pose/orientation

Head position and orientation

We can estimate the direction that
the pedestrian is paying attention to

Body orientation

We can estimate the direction that
the pedestrian is traveling to




Unlabeled data in orientation

* The problem is the difficulty in labeling the data
near the class boundary

* Divide dataset into 2 clusters [ W

e Strongly labeled data
* Easy to label
* Will be processed as ‘labeled” data

« Weakly labeled data
» Difficult to label .

* Will be processed as unlabeled data




Experimental result

Falave L TSRy~ T Y ey =

o 4 e, - | | e = - | IS
Temporal constraint and model constraint




Related Work on Pedestrian Behavior
at Signalized Intersections

M. Iryo-Asano, et al. “Analysis and modeling of pedestrian crossing
behavior during the pedestrian flashing green interval.” Transactions on
ITS 2015.

D
A :

= @ . .
‘;;0 g Signal Phase in Japan
g £ PG: Pedestrian Green
5 4 PFG: Pedestrian Flashing Green
7)) g Arrival at the entering (4) Second-half PR: Pedestrian Red
edge of the crosswalk Speed Model
i=
j m 3) First-half Arrival at the exit
Speed Model v, edge of the crosswalk
Onset of PFG .
e N\ f. Time
\,@ 0 ‘é & —
— S
\ (2) Approach Speed
Arrival at the middle
of the median
(1) Stop-go
2 decision Model, app L
-< 2 >
k . | Entering time > Crossing Gme
Near-side T e Clearing time - >

Analysis of the probabilistic behavior of pedestrians after the onset of the PFG.
1. Pedestrians’ decision of whether to give up crossing (logistic regression)
2. Pedestrian speed distribution by areas (gamma regression)

Explanatory variables: distance to crosswalk, crosswalk length, approaching speed, ...



Proposed DBN

Signal {PG, PFG, PR}

{Cross, Wait} |§t
Decision /
% ‘Dt

Motion {Run, Walk, Stand}

Y D\, et e Velocity
rectangle: discrete =T
ellipse: continuous

shaded: observed

Postion

. -
-y -
- - -
i

Y ___ Observation
State Transition Model

& D
P(Dt,Mt,thDt—1,Mt—],Xt—1,S[)

= P(D¢|Dt-1, S, Pt- 1)P(M¢|M¢- 1, S, Dy, Pe- 1 )IP(X¢|Xt- 1, S, Dt, My)

Cross/Wait Decision Model Motion Transition Model Dynamics Model



Experimental Result
Accuracy of Pedestrian Decision Detection

Scenario Os Time from onset of PFG

(m) 1.0s | 2.0s | 3.0s | 4.0s

0.10 0.85 0.94 1.00 1.00

Cross 0.40 0.72 0.87 0.96 0.98
(46) 1.00 0.62 0.77 0.89 0.96
0.10 0.58 0.74 0.82 0.84

Wait 0.40 0.49 0.59 0.62 0.69
(38) 1.00 0.45 0.62 0.68 0.78
0.10 0.73 0.85 0.92 0.93

Cross + Wait 0.40 0.62 0.74 0.80 0.85
(84) 1.00 0.54 0.70 0.79 0.87

» Typically, it takes around 5s for pedestrians to arrive at the crosswalk.

» The proposed model requires only 2s for estimating the pedestrian decision
with high reliability in an ideal environment.

» Large measurement errors deteriorate the system performance: slow
reaction, low accuracy.

» \Wait decision is harder to detect than cross decision.



