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Motivation

 Goal: distributed estimation of
trajectories of robots in a team

* Applications:

* mapping
e exploration Related work:
... e distributed SLAM

. . . [Dong et al., Paull et al., Bailey et al.]
* why distributed: avoid exchange

of large amount of data * multi robot localization
* small flying robots [Roumeliotis et al., Tron and Vidal]

e underwater vehicles

e distributed optimization

[Cunningham et al., Nerurkar et al., Franceschelli
and Gasparri, Aragues etl al. ]

« State of the art. DDF-SAM requires
communication cost quadratic in
the number of rendezvous.




Problem Statement

Cooperative estimation of 3D robot trajectories from relative pose
measurements, with the following constraints:

1. Communication only occurs during rendezvous.

2. Data exchange must be minimal (due to limited bandwidth and privacy).
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Example application of Privacy Constraint:

Communication only occurs when two Optimization of Multiple trajectories

robots are close enough. collected through Google Project Tango
(courtesy: Simon Lynen)
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Trajectory estimation as Pose Graph Optimization: 3
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Our approach: 2 stage [Carlone et al. (ICRA 2015)] A ey, o ataoniaazaton

 Each phase requires solving a linear system
* We use the Gauss-Seidel algorithm as distributed

e s

o)
R

o

|
)

;';:
;’o
|

R
A

% S
X )
] e g SR
fosso=—o o
e e 0
S e S0
R e Y
e i g Y, |
OO o e B
e e e e S
o TR S e X
9&&"“““ 0‘&
;".0’0”‘15‘ X0
R R e e XS
R S e e e T S
5 = B
& )

2
;o
"

By

7
N
X

Estimate Optimum

Georgia Robo_tlcs & Distributed Trajectory Estimation with Privacy and Communication Constraints:
intelligent A Two-Stage Distributed Gauss-Seidel Approach AR‘ LIDS

Tech Machines Siddharth Choudhary, Luca Carlone, Carlos Nieto, John Rogers, Henrik |. Christensen, Frank Dellaert



Distributed Gauss-Seidel Approach
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Distributed Gauss-Seidel Approach

Trajectory Estimation Problem Hessian Matrix
Yas ap Qg Q3 Q4 51 [y (3
Yo ay R
Q
robot « Youa 2 |
g Q3
Yoz gl

.............................

robot 3 9p1 Ys, P>

yett =H_, (I—Haﬁ‘yg +94)

Iterate

yi = Hyj (FHpo| vl + 95)

Distributed Trajectory Estimation with Privacy and Communication Constraints:

:» Robotics &
Geo-'g.é"a‘ intelligent A Two-Stage Distributed Gauss-Seidel Approach ARL LIDS

nes Siddharth Choudhary, Luca Carlone, Carlos Nieto, John Rogers, Henrik |. Christensen, Frank Dellaert



Distributed Gauss-Seidel Approach

Trajectory Estimation Problem Hessian Matrix
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Distributed Gauss-Seidel Approach
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Distributed Gauss-Seidel Approach
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Distributed Gauss-Seidel Approach
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Distributed Gauss-Seidel Approach
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Simulation Results

The approach has the following merits: 5
1. Proven convergence to
li F Without NS
centralized. Fast convergence ;4 iSSP e
with smart initialization Initialization DB
/‘/\/A-’
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Simulation Results

The approach has the following merits:
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Simulation Results

The approach has the following merits:
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Fleld Experiments

Clearpath "JACKAL"
mobile robot

We tested the proposed approach on field
data collected by two to four Jackal robots,
moving in a military test facility. We use the

estimated trajectories to reconstruct a 3D
map of the facility.
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Fleld Experiments (4 Robots
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Robotics &
Intelligent A Two-Stage Distributed Gauss-Seidel Approach

Thank you!

For further information, please come to the
interactive session: 1.4 (Balcony)

Point Cloud Distributed Centralized Occupancy Grid
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