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Introduction

= Key components for autonomous operation include
Perception: Where am |? What is the surrounding environment?

Planning: What to do next?
Localization and mapping given robot motion Planning (e.g. reach a goal)
Estimation uncertainty and accuracy varies
for different motion plans 2

Coupled problems
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Introduction — Motivating Example

= Autonomous navigation to different goals in unknown environment
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Related Work

= Existing approaches often

— Assume known environment (e.g. map)
[Prentice and Roy 2009], [Van den Berg et al. 2012], [Hollinger et al. 2013]

— Discretize state and control space - performance depends on grid resolution
[Stachniss et al. 2004], [Bryson and Sukkarieh 2008], [Valencia et al. 2012], [Kim and Eustice 2013]

— Assume maximum likelihood observations
[Miller et al. 2009], [Platt et al. 2010], [Patil et al. 2014]

* Planning in the continuous domain - Generalized Belief Space (GBS)
— Probabilistic description of the robot and the environment states

— Direct trajectory optimization approach (provides locally-optimal trajectories)

- Environment is unknown/uncertain
- Maximum likelihood observations assumption is avoided

- Model the probability of acquiring a future observation
(extends [Indelman et al. 2013])
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Notations and Probabilistic Formulation

= Joint state vector X ={xo,..., 78, L1}

Past & current Mapped
robot states environment

= Joint probability distribution function p (X4 |2, Ux_1)

K
p (Xk|Zk, Uy 1) = priors - Hp(a:i]xi_l,ui_l)p (2| X7)

=1 - General observation
model X C X

= Computationally-efficient maximum a posteriori inference e.g. [kaess et al. 2012]

P (Xk|Zk, U—1) ~ N (X, Xg)

3D points:




Planning in the Generalized Belief Space

= Plan (locally) optimal control sequence over L look-ahead steps: u7.;7_1
— By minimizing an objective function
— Operating over the generalized belief
— Model predictive control framework T T ot etate ot tirme 7.1

= What is the generalized belief? @~ ‘S======mmsmmmemmmeooee-

— Probabilistic description of the robot and the environment states

— Generalized belief at planning time tx:  gb(Xk) = p (Xk| 2k, Uk—1) ~ N (X}, %)
Known

. , L o (from perception)
Generalized belief at planning time = joint pdf

Poses: @\@!ﬁv“@@

3D points:

Georgia s iuie b 1 . : .
‘ @fTeChf'i]@DU@@EV" RO 0'|'ICS e.s Indelman et al., Planning in Generalized Belief Space

2 Intelligent Machin



Planning in the Generalized Belief Space

= Generalized belief at the [-th look-ahead step
— Describes the joint pdf (robot and environment states) at that time

b (Xiy1) = 0 (Xit1| 2o, Un—1, Zit1:k41 Ukikoti—1)

Joint state atthe  Past controls & Controls & measurements at
I-th look ahead step measurements the first / look-ahead steps
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Planning in the Generalized Belief Space

= Generalized belief at the [-th look-ahead step
— Describes the joint pdf (robot and environment states) at that time

b (Xiy1) = 0 (Xit1| 2o, Un—1, Zit1:k41 Ukikoti—1)

Joint state atthe  Past controls & Controls & measurements at
I-th look ahead step measurements the first / look-ahead steps

= Objective function can now involve uncertainty (e.g. covariance) in robot and
environment states

Jk (Uk:k+L-1) = {Z (9b (Xk+1) s w1) + cr (gb (Xk:+L))}
k—|—1 k+L -

= For example, plan motion to minimize uncertainty in robot state

e
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Generalized Belief Space (Cont.)

b (Xiy1) =0 (Xit1| 2o, Un—1, Zjot1:k41 Ukikoti—1)

Past Future

= Modeling future observations Z; ;1.5 :

— Treated as random variables [van den Berg etal. 2012] __ __ o

i - Depends on the true state at future time

— Will a future observation be actually acquired? | . . .
1-eg.isa 3D point within sensing range

— Model probabilistically acquisition of Zj1.,4: by random binary variables 'y, 1.x4;

= Marginalize out I'x11:x41 to get gb (Xj41)

9 (Xpr) = > P (Xbtts D tonrt) Zioldiios) Zlipess, Uhih1-1)

Ieg1:k41

= Expensive! Instead — Expectation Maximization (details soon)
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Planning in the Generalized Belief Space

Ji (Uk:kyr—1) = E {Z c1 (gb (Xk41)  ukst) + cr (gb (Xk:+L))}

Zk+1:k+L —0
= How to calculate locally-optimal control?

* . .
Ukopyp—1 = BTG J (Ukiky 1)
k:k+L—1

Dual-layer iterative optimization

Outer layer - Inference over ug.x+r—1

Starting from initial guess ug?,)HL_l

Inner layer - Inference over the belief

For each look-ahead step, for a given control

9O(Xpr1)~ N (X1 Zhyr)
— As a function of random variables Z 1.k

At each iteration:
— Compute Auk;k+L_1 <:|

— Update control — EM formulation to avoid marginalizing over
(i+1) _ @)




Outer Layer: Inference over the Control

lterative optimization over the nonlinear objective function Ji (ur:k+1-1)

Zlt1:k+L

L—1
Ji (Ukiker—1) = E { 1 (gb (Xk+1) s uk41) + e (gb (Xk+L))}
1=0

= |nvolves:
— Calculating gradient V J,

— Evaluating objective function J, for different control values

Outer layer - Inference over ug.x+1-1

Starting from initial guess u;‘?LH_I

Inner layer - Inference over the belief

For each look-ahead step, for a given control

9O(Xpr1)~ N (X1 Zhyr)
— As a function of random variables Z 1.k

At each iteration:
— Compute Aup.pir 1 <:|[

— Update control — EM formulation to avoid marginalizing over
(i+1) _ (1)




Inner Layer: Inference Over the Belief

Given current controls u...+2—1, for each look ahead step [ :

= Compute the Gaussian approximation X;_;, X.+ such that

9b(Xkr1)~ N (Xi 15 Zht)
= EM formulation:

Xy = argmin E  [—logp (Xu+i, Lkttt | 2k, Un—1 s Zrta let 1, Wikt -1 )]
Xiar Tettirett| Xt

= Gauss Newton method

Outer layer - Inference over ug.x+1—1

Starting from initial guess u;‘?LH_I

Inner layer - Inference over the belief

For each look-ahead step, for a given control

9O(Xpr1)~ N (X1 Zhyr)
— As a function of random variables Z; 1.,

At each iteration:

— Compute Auk;k_,_,;_l

1l

— Update control — EM formulation to avoid marginalizing over
(i+1) _ (@)

U p 1 = g 11 F Atz the latent variables I'x41:x+1




Inner Layer: Inference Over the Belief

Given current controls u...+2—1, for each look ahead step [ :

= Compute the Gaussian approximation X;_;, X.+ such that

9b(Xkr1)~ N (Xi 15 Zht)
= EM formulation:

Xy = argmin E  [—logp (Xu+i, Lkttt | 2k, Un—1 s Zrta let 1, Wikt -1 )]
Xiar Tettirett| Xt

= Gauss Newton method

= Next - we show the above formulation:

— Guides the robot towards informative distant 3D points (outside sensing range)
Loop closures to reduce uncertainty

— Alternative formulation using signed distance function [Patil et al. 2014]
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Limited Sensing Range

= [[lustrative (toy) example

= Without modeling probability of acquiring future observations:
— 3D points outside sensing range contribute zero gradient to V.J,,
— Robot will not be guided to re-observe these points (i.e. no loop closures)

toy

Sensing radius
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... Back to Inner Layer

X} = argmin E  [—logp (Xiti,Lkpr:rnt | 2, Un—1, Zit ikt Uhihor it )]
Xiyr e+ttt Xt
= Joint pdf: , /
p(Xk!Zk,Uk—l)Hp (i | Thotim1s Whtim1) P (Zhgis Digi| X s)
i1

= [nference over the belief:

l
Xip = arg min 1Xe = XEl7, + > Nk — f (@rpic1, wegio1) g,

ket i=1
l un 9
2 2 (Werig = Ui [|2ris = (X240 5) [l
i=1j=1
Probability of observing
the j-th 3D point
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Back to Inner Layer

X4, = argmin E  [—logp (Xiti,Lkpr:rnt | 2, Un—1, Zit ikt Uhihor it )]
Xiyr e+ttt Xt
= Joint pdf: , /
P(Xk|Ze, Un 1) [ P (@rgiltngior, tario1) p (Ziegi, T X0 4)
i—1

= [nference over the belief:

2
Xy = argmln | X5 — Xk:”Ik + Z |Xkti — f ($k+i—1,uk+i—1)”9w

k+l i=1

l mn;
2

+D > 2 (Werig = UXnwt) [|2mis = R (KR4 5) [l :ﬁ
i=1 j—1

= Equivalent to weighting the measurement covariance matrix

2
aif

Q= p (Veyiy = UXnrr) U [2hti5 — P (Xiyi)]

— E.g., probability to observe 3D points decreases with distance
— Contributes to V Ji, becomes dominant if information gain is substantial
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Results

= Autonomous navigation to different goals in an unknown environment
— Objective function: penalize control usage, uncertainty and distance to goal
— No absolute information
— Onboard sensors: camera and range sensor

— Control: heading angle




Results

= Autonomous navigation to different goals in an unknown environment
— Objective function: penalize control usage, uncertainty and distance to goal
— Compared methods:
Planning in GBS
Planning in GBS, no uncertainty
Discrete planning - A*, adaptation of [Kim and Eustice 2013]
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Results

= Autonomous navigation to different goals in an unknown environment

— Objective function: penalize control usage, uncertainty and distance to goal
— Compared methods:

Planning in GBS
Planning in GBS, no uncertainty

Discrete planning - A*, adaptation of [Kim and Eustice 2013]
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Results

= Autonomous navigation to different goals in an unknown environment

— Objective function: penalize control usage, uncertainty and distance to goal
— Compared methods:

Planning in GBS

Planning in GBS, no uncertainty

Discrete planning - A*, adaptation of [Kim and Eustice 2013]
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Conclusions

= Planning in the continuous domain - Generalized Belief Space
— General framework for planning under uncertainty (incl. uncertainty in environment)

— Addresses 3 limitations of state of the art:

Discretization of state or control space v
Maximum likelihood observations assumption v
Exact prior knowledge regarding environment = v/

— Limited sensing range
Latent variables to model acquisition probability of future observations
Allow planning loop closures outside sensing range

— Produces smooth trajectories with reduced control effort
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Extras



Discrete Planning
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Comparison Between Different Methods
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