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Research Overview

* Vision: teams of humans and robots performing
opportunistic, scalable cooperative localization.

* Important in uncertain and/or hostile environments,
with...

— Obstructed / limited measurements
— Minimal communication

* Approach:
— Fuse state estimates among human, robot, and/or

vehicle agents tracking and communicating with
one another in an ad-hoc, scalable fashion.

— Use radio ranging as primary opportunistic
measurement to maintain precise state estimation
when particular agents loose reliable GPS.

Squad X Concept, source: DARPA
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Technical Problem Statement

* Develop and analyze partial state DDF techniques to allow cooperative
localization and tracking in a scalable, ad-hoc network of soldiers and
vehicles in the presence of obstructed GPS measurements.

— Phase | (Fall 2016 — Spring 2017): Build a
simulation to verify successful cooperative
localization given Army’s available sensors and
corresponding characteristics.

— Phase Il (Summer 2017 — Spring 2018):
Implement framework on hardware using

realistic sensors and environments.
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Problem Setup

* “Multi-robot SLAM with moving landmarks that communicate
minimally”

* Agents: Human, robot, and/or vehicle agents
Ny
A ={ai}; 4

* Tracked Processes: human, robot, and/or vehicles tracked by
Agent (;

EWAY
P = {pf}jﬁl

* State Space: combination of local navigation filter + tracking

Squad X Concept, source: DARPA
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Previous Work
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Previous Tallk: Nav. Filter
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Distributed Data Fusion (DDF) Overview
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. Grocholsky et. al.
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DDF Equations

* Most DDF solutions replace local Kalman Filter with Information Filter (IF) — better
when more sensors than local states, which is typically the case with distributed
estimation.?

* However...

— Navigation filter equations are linearized about nominal state = need actual states at
each iteration rather than information form.

— Need nominal states to recover shared tracking estimations
, y=Px YV =p"!
* |IF states / covariance: y N
i1 = (Hk—l—l) ( k+1) Zpi1,
I = (Hi-ﬂ)T( 2+1)_1H11+1,
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DDF Equations

* Channel Filter (CF) between communicating neighbors i and j to estimate
common information to avoid double-counting.

CF states / covariance: y'z'iﬁ YU

CF prediction CF update
(same as IF) Yiiikrr = ~Yioie T Vit T Yiipr
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DDF Implementation
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Motion of Tracked States

Local Nav. Filter: Complex, linearized dynamics
Truth: Dubin’s (Unicycle) Model
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Toy Problem

* Two agents moving in unicycle motion, communicating and tracking
each other with Cartesian range measurements.

simulationtime=5.50s
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NCV Tracking Setup

NCV Model: X}, = X +w], Elwlw/T] = Qdy
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Chi-squared Results for different NCV q values, 20 sims
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Chi-squared NCYV, 100 sims

X2 results for 100 Monte Carlo runs (1000 DoF), o = 0.001
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2-agent EKF with unicycle + shared input tracking, no DDF — example
estimation errors for both agents

. Estimation Errors, Agent 1 ] Estimation Errors, Agent 2
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2-agent EKF with unicycle + shared input tracking, no DDF — chi-
squared results for 100 sims

X2 results for 100 Monte Carlo runs (1200 DoF), o = 0.001
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2-agent EKF with unicycle + shared input tracking & DDF — example
estimation errors for both agents
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2-agent EKF with unicycle + shared input tracking & DDF — chi-
squared results
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Next Steps

|. Achieve consistency of channel filter DDF implementation of unicycle

tracking model.
2. Test channel filter implementation with alternate tracking models

- NCV mode
- Unicycle without shared inputs
3. Implement DDF algorithm + tracking model in nav. filter and verify

consistency.
4. Simulate more realistic range measurements / characteristics (e.g.,

through radio-ranging)
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Coordinate Systems

Navigation frame
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Navigation Filter Block Diagram — High Level
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Tracking Measurement Equation
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Meas. Sharing Measurement Equations

Tracking, GPS: Z%, S’S;PS
Agent 2 Agent |
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DDF Equations

* Most DDF solutions replace local Kalman Filter with Information Filter (IF) — better
when more sensors than local states, which is typically the case with distributed
estimation.?

* However...

— Navigation filter equations are linearized about nominal state = need actual states at
each iteration rather than information form.

— Need nominal states to recover shared tracking estimations
, y=Px YV =p"!
* |IF states / covariance: y N
i1 = (Hk—l—l) ( k+1) Zpi1,
I = (Hi-ﬂ)T( 2+1)_1H11+1,
N

o . . . — =T —1 o ~ o
IF prediction: M, = F, 'Yy F, ', - IFupdate: 5 -yt i,
Ly = [I, — M (M + Q') ] =
_ T - -
Yk+1lk = Lk, Y k| Yet1kr1 = Yer1x + Z Ipyq,
Yirip = L M. =1
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DDF Equations

* Channel Filter (CF) between communicating neighbors i and j to estimate
common information to avoid double-counting.

CF states / covariance: y'z'iﬁ YU

CF prediction CF update
(same as IF) Yiiikrr = ~Yioie T Vit T Yiipr
Ykzil\k-ﬂ — Yk:—l—1|l<: + Yk+1lk+1 T Yk:+1|l<;+17
DDF update
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