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Team (Pls)

}  Soon-Jo Chung (Assistant Professor in AE)
B Nonlinear Dynamics and Control Theory
B Experimental Robotics and UAV Systems
B Two Best Paper Awards from AIAA & IEEE
B AFOSR Young Investigator Award
B JPL Summer Faculty Fellow (2010), (2011)

y  Seth Hutchinson (Professor in ECE)

B Robotics: Vision-based control, path planning, planning under
uncertainty, pursuit-evasion

Editor-in-Chief, IEEE Trans. on Robotics, (2008-present)

IEEE Fellow

Beckman Research Award (1994)

King-Sun Fu Memorial Best Paper Finalist (T-RO 1996,1998)
Best Paper Awards (MI CAI 0605
BBest Student Paper !

1 LLINOIS

LBl UNIVERSITY OF ILLINOIS AT URBANA-CHAMPAIGN 2

vy Jvv I ve R ov Bl v



http://identitystandards.illinois.edu/assets/logos/uclogo_1867_horz_bold.zip

Researchers

+ Junho Yang (PhD Student, ME)
B B.S. and M.S. Yonsei University
B Academic Excellence Sc hol ar sh4p 7)) 601, 0 (
B Robotics, Computer Vision, Path Planning, and Controls

Dushyant Rao (MS Student, AE)

B B.S. U Sydney in Robotics

B UG Thesis 2nd best seminar in stream
B Robotics, SLAM, and Computer Vision

——

+  Ashwin Dani (Postdoctoral Scholar)
B Starting, August 16, 2011
B Ph.D. in Mechanical Engineering, U. Florida
B Nonlinear Estimation for Vision Based Navigation
Jonathan Young (MS Student, AE)
B Hourly Research Assistant
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Motivation

}  Reconnaissance and Surveillance
B Micro Aerial Vehicle - maneuverability, agility, small size
‘B Monocular vision - size, payload, power

1 Riverine Environments
B GPS might not be available - heavy foliage, forest canopy

B Vision based navigation
A Map is required to localize the robot
A Pose estimate is needed to build a map

B Unique structure - Coplanar features around the river

- LBl UNIVERSITY OF ILLINOIS AT URBANA-CHAMPAIGN 4
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Overall Project Objectives

+ Develop novel hybrid vision based simultaneous
localization and mapping (SLAM) algorithms and
path planning/control strategies that can be
Implemented in a small unmanned aerial system
(UAS) flying in a complex riverine environment.

‘B Design a hybrid vision architecture that hierarchically
combines monocular depth perception and feature
correlation with stereopsis .

B Integrate the vision perception principles with 3D feature
extraction, probabilistic feature mapping, segmentation,
and tracking algorithms

B Develop computationally efficient and stable vision-based
SLAM algorithms

B Path planning, guidance, and control algorithms for
complex 3D riverine environments

BExperi mental validation by u
and fixed-wing UAS.
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Qutline

—

—

} Feature Extraction and
Depth/Egomotion Estimation
(Multi-Environment Mono-Vision SLAM)

1 Use of Higher Level Structures in
Riverine Environments including Image
Moments

+ Navigation Algorithms
+ Concluding Remarks

- UNIVERSITY OF ILLINOIS AT URBANA-CHAMPAIGN 6
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Feature Extraction & Depth Perception

}  Monocular Vision based SLAM (AIAA Infotech 2011)
B Steps for Navigation in Riverine Environments
A Measure MAV attitude by using epipolar geometry
A Extract coplanar features around the river surface
A Measure landmark range and bearing
A Navigate MAV with FastSLAM algorithm

O - & - @

\ 4

A 4

Monocular Images Attitude Initialization Attitude Update
\ 4 ‘1’
o o000 000
e,
— 7al o > G'
@000 000
River Segmentation Landmark Ranging FastSLAM
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Prior Work (Indoor Navigation)
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Epipolar Geometry

Feature

=i r-ay } Epipolar Geometry
B Projective geometry from different camera views

B Independent of scene structure

y  Fundamental Matrix
B Algebraic representation of epipolar geometry

B Maps a point in an image plane to a line in another
image plane
B Can be computed from correspondences of image points

- LBl UNIVERSITY OF ILLINOIS AT URBANA-CHAMPAIGN
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Fundamental Matrix

Feature
=Seireiionay } Feature Correspondence
Depth B SURF algorithm
Percepti | A Fast and robust method to find correspondences
between different view of a scene N
B Compute the fundamental matrix Fio
_ _ F13
Uﬁul ’U{“U1 u’1 ’Uiul U’lvl Ui uy vy 1 Foy
FQQ :0
| Uptn  ULUn U, Upln UpUn o Uy Un Up 1 Fos
F3q
F3o
| F33

Previous match and current match
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Forward Translation

Feature

=i r-ay } Epipolar Geometry

Depth B Epipole can be found from the relationship with the
Perception fundamental matrix Fe = 0

B Focus of Expansion (FOE)
A Epipole is called FOE in pure translational motion

} Attitude Initialization (whenever FOE is detected)
B Initialize attitude during forward motion from FOE

= —tan~! ( Cu ) 6 = tan ! (ﬂ)
f/ssf: f/Sy
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Feature

Extraction &

Essential Matrix

1 Essential Matrix

-~ T ~
B Specialization of the fundamental matrix x/ Ex =0

B Image point in normalized coordinates % = K ~'x

B Relation with the fundamental matrix

xTKTEK'x=0 E=KI'FK

y  Singular Value Decomposition

B Factor the essential matrix into a skew symmetric matrix

and a rotation matrix

B Derive from SVD of the essential matrix £ = UDV?’
B Twisted pair - rotation through 180 degrees about the

line that connects the camera centers

R=UwWV'oruw'v?

cihcl)  —siep + cihslso
= |sicl  cibed + shslso
— s clso
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SURF and Segmentation

(a) SURF descriptors (b) Previous match (c¢) Current match (d) Eplpolar lines

(g) Sidewalk segment (h) Feature extraction

(a) SURF descriptors (b) Previous match (¢) Current match

(e) Watershed markers (f) Segments (g) Floor segment (h) Feature extraction
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Landmark Ranging

Feature

=izl + Landmark Extraction
Depth B River surface generally has a consistent altitude
Perception B Coplanar features surround the river surface
} Range and Bearing Measurement
B MAV attitude is measured with epipolar geometry
B Landmark ranging through coordinate transformation

- ‘._‘-p e
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River Segmentation

Feature

=Seienay 1 Morphological Segmentation
B Locate dominant edges and relatively uniform surfaces
B Objective is to find a segmentation line to extract the river
B Compute gradient norm of a gray scale intensity image
A Form range and basin from the image
} Range and Catchment Basin
B Range - High ridges corresponding to edges in an image
B Basin - Uniform regions of low points with less texture

: 150
250 250 200
n 300

(a) Intensity image (b) Gradient norm
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Segmentation Algorithm

Feature

Seienay 1} Image Immersion
B Marker points are specified in the top and bottom of the
image to select the river

BBasins are nffroommdrledpointsst ar ti n
B Regions that merge across the marker belong together

}  Segmentation
B Segment the image into corresponding marked regions

B Marked regions own the ranges in the gradient image
if they are connected with the segment

~
7
~
7

Intensity
Intensity

N
. = -
Distance > Distance ~

~
7
~
7
—

Intensity
Intensity

N
" 7 — )
Distance Distance
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Landmark Extraction

Feature

Sienray 1} River Segmentation
Depth B Image of the river is segmented into two regions
Perceptil B River surface and its surroundings
} Feature Detection (Shi-Tomasi)
B Compute eigenvalues of 2nd order derivative images
B Search for points that have strong textures
1 Landmark Extraction
B Include features on the river segment as landmarks
B The landmarks are the map features for FastSLAM

ILLINOTILYS s
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Depth Perception

Feature

e nay } Image Frame to Camera Frame
B Consider the planarity of feature locations
B Enable immediate landmark initialization

B Relationship between pixel coordinate frame and camera
frame can be derived

(v e a,
U=—|—|)=0,— T, = 2,

Sp €Ie Ie U
f Ze Ze o u QU
v="—| =] =aq,- Yo = —Te = —2
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Depth Perception (cocnoadit 0 d)

Feature
S nay } CameraFrameto Primary Ground Frame

B Primary ground frame is determined from the heading
direction during attitude initialization
Relationship between camera frame and primary frame
can be derived from the attitude measurement

1 LLINOIS

LBl UNIVERSITY OF ILLINOIS AT URBANA-CHAMPAIGN


http://identitystandards.illinois.edu/assets/logos/uclogo_1867_horz_bold.zip

Depth Perception (cocnoadit 0 d)

Longitudinal and Transversal Distance
B Distance can be derived with the additional altitude
information

Feature

Extraction &

R:(U (_’]: (-j) — ch,ﬂRyc,ﬁ‘Rxc,é

bl —sihep + cbslisg  sihsod + csfed
= | sl cibeod + sislsgp —civsd + shsbed
—sf) clso ctcod

r =T11Tc + T12Ye + 7132
110z Oy + T120 U = 1300,V I
731 Qgp Oy + T390 U =+ 3300V
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Fast SLAM + CMKF Algorithms

1 Feature Measurement Model
V (@olk) = 20, (k)% + (k) — i, ()

h; (x(k)) = =1 [ B = ®) N
(x(k) tan=? ({22 ) o)
k)
x,. (k) — xp, (k)
B hi (x(k)) = | v (k) — wi, (F)
(k)

y  Covert Cartesian measurements to polar coordinates and
then convert them back to Cartesian coordinates by applyi
ng the CMKF (Lerro and Bar-Shalom, 1993). Considers c
orrelated error in the Cartesian components caused when
polar coordinates is converted to Cartesian coordinates.

y  FastSLAM (Thrun et al.) to factorize the complete SLAM p
roblem into conditional landmark probabilities, and formul
ating the robot posterior with a particle filter.

FastSLAM decouples the landmark estimation problem to
each individual landmark (decoupled EKFs).

f‘ 1/},
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Multi-Environment SLAM Results

Feature
=eieioray } Experiment Environments
Depth B Boneyard creek
Perception A Experiments were conducted in the creek at the
University of lllinois at Urbana Champaign
B River-Like Environment

A There are coplanar features around the water
surface of the creek

A Able to demonstrate our proposed method in an
environment with no orthogonal structure
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