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Abstract

This thesis proposes a framework for autonomous robotic mapping, exploration, and planning

that uses Gaussian Processes (GPs) to model high-dimensional dense maps and solve the problem

of infinite-horizon planning with imperfect state information.

Robotic exploration is traditionally implemented using occupancy grid representations and geo-

metric targets known as frontiers. The occupancy grid representation relies on the assumption of

independence between grid cells and ignores structural correlations present in the environment.

We develop an incremental GP occupancy mapping technique that is computationally tractable

for online map building and represents a continuous model of uncertainty over the map spatial

coordinates. The standard way to represent geometric frontiers extracted from occupancy maps

is to assign binary values to each grid cell. We extend this notion to novel probabilistic frontier

maps computed efficiently using the gradient of the GP occupancy map and propose a mutual

information-based greedy exploration technique built on that representation. A primary moti-

vation is the fact that high-dimensional map inference requires fewer observations, leading to a

faster map entropy reduction during exploration for map building scenarios.

The uncertainty from pose estimation is often ignored during current mapping strategies as the

dense belief representation of occupancy maps makes the uncertainty propagation impractical.
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Additionally, when kernel methods are applied, such maps tend to model structural shapes of the

environment with excessive smoothness. We show how the incremental GP occupancy mapping

technique can be extended to accept uncertain robot poses andmitigate the excessive smoothness

problem using Warped Gaussian Processes. This approach can model non-Gaussian noise in the

observation space and capture the possible non-linearity in that space better than standard GPs.

Finally, we develop a sampling-based information gathering planner, with an information-theoretic

convergence, which allows dense belief representations. The planner takes the present uncer-

tainty in state estimation into account and provides a general framework for robotic exploration

in a priori unknown environments with an information-theoretic stopping criterion. The de-

veloped framework relaxes the need for any state or action space discretization and is a fully

information-driven integrated navigation technique.

The developed framework can be applied to a large number of scenarios where the robot is tasked

to perform exploration and information gathering simultaneously. The developed algorithms in

this thesis are implemented and evaluated using simulated and experimental datasets and are

publicly available as open source libraries.

Thesis Supervisors: Jaime Valls Miro and Gamini Dissanayake
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KLD Kullback-Leibler Divergence. 21, 22, 60

MDP Markov Decision Process. 52

MEU Maximum Expected Utility. 52

MI Mutual Information. 50, 51, 67, 97, 98, 101, 102,

111–114

MIUB Mutual Information Upper Bound. 102, 111–114

MSE Mean Squared Error. 128

NF Nearest Frontier. 128, 129

NLML Negative Log of the Marginal Likelihood. 25, 38,

39, 78, 79

OGM Occupancy Grid Map. 2, 10, 12, 13, 29, 30, 40, 56,

128

POMDP Partially Observable Markov Decision Process.

13, 52, 92

PSD Positive Semi-Definite. 26



Acronyms xv

RIC Relative Information Contribution. 96

RIG Rapidly-exploring Information Gathering. 89–

92, 94–97, 110, 124

ROS Robot Operating System. 27

SE Squared Exponential. 26, 27, 37, 74, 80, 120

SLAM Simultaneous Localization And Mapping. 2–4, 8,

9, 12, 13, 29, 30, 69

UGPVR Uncertain Gaussian Processes Variance Reduc-

tion. 98, 104, 110–114, 124

WGP Warped Gaussian Process. 70, 87

WGPOM Warped Gaussian Processes Occupancy Map. 72,

73, 79–81, 84, 86, 87, 125



Nomenclature

t Time step

≈ Approximately equal

∼ Distributed according to

� Definition

∅ Empty set

\ Matrix left division

SE(2) 2D special Euclidean group

SO(2) 2D special orthogonal group

R(·) Rotation matrix

|·| Absolute value

at Action at time step t

bocc Belief for the occupied map point

bf ree Belief for the unoccupied map point

O(·) Big O notation

λ[i] Bounded information associated with location i

bt Budget at time step t

b Budget

xvi



Nomenclature xvii

l Characteristic length-scale

y+ Class label for occupied points

y− Class label for unoccupied points

fc(·) Cost function

k(·, ·) Covariance function of Gaussian processes

K Covariance matrix of Gaussian processes

C��[·] Covariance of random variables/vectors

|·| Determinant of a matrix

h(·) Differential entropy of a random variable

H(·) Entropy of a random variable

‖·‖ Euclidean norm

E[·] Expected value of a random variable

k̃(·, ·) Expected/Modified covariance function

Xf Free workspace

Γ(·) Gamma function

Hn Hermite polynomials

H Hypothesis

In Identity matrix of size n

fI (·) Information function

α Information gain factor

f∗ Latent variable of Gaussian processes

∫
(·) Lebesgue integral



Nomenclature xviii

γ Logistic regression classifier weight

m[i] Map occupancy status at location i

hsat Map saturation entropy

psat Map saturation probability

δmap Map spatial resolution

X [k]
f Matrix of sampled unoccupied points along the k-th sensor beam

max(·) Maximal element of a set

fm(·) Mean function of Gaussian processes

z[k]t Measurement at time step t by the k-th sensor beam

zt Measurement at time step t

α
[k]
t Measurement bearing at time step t by the k-th sensor beam

r
[k]
t Measurement range at time step t by the k-th sensor beam

z1:t Measurements up to time step t

min(·) Minimal element of a set

Kν(·) Modified Bessel function of the second kind of order ν

Î(·; ·) Mutual information approximation between two random variables

I(·; ·) Mutual information between two random variables

log(·) Natural logarithm

ni Number of inducing points

np Number of map points in the current perception field of the robot

nm Number of map points

nq Number of query points



Nomenclature xix

nz Number of range-finder sensor beams per observation

ns Number of samples

nf Number of unoccupied sampled points

h(·, ·) Observation model

x[k]o Observed occupied point by the k-th sensor beam

x[k,i]o Observed occupied point’s i-th dimension by the k-th sensor beam

β Occupied boundaries factor

po Occupied probability threshold

a�t Optimal action at time step t

P �
t Optimal trajectory at time step t

IRIC Penalized relative information contribution

I [k]
t Perception field of the k-th sensor beam at any robot location at time step t

G Planning graph

T Planning horizon

T Planning tree

σXi |Z Posterior marginal variance of random variable Xi after taking observation Z

σXi
Prior marginal variance of random variable Xi

p(·) Probability measure

x∗ Query point

Zt Random variable for measurement at time step t

M Random variable for the occupancy map

S Random variable for the state



Nomenclature xx

δRIC Relative information contribution threshold

sz Resolution of the numerical integration

Q Robot motion noise covariance

xt Robot pose at time step t

x1:t Robot trajectory up to time step t

Z Set of integers

N Set of natural numbers

R≥0 Set of non-negative real numbers

At Set of possible actions at time step t

A Set of possible actions

M Set of possible occupancy maps

Z Set of possible range measurements

S Set of possible states

R Set of real numbers

D Set of training data

∏
(·) Set product

∑
(·) Set summation

sgn(·) Sign function

σ2
f Signal variance

nt Size of training data

u(·) Total utility function

tr(·) Trace of a matrix



Nomenclature xxi

Pt Trajectory at time step t

P Trajectory

(·)T Transpose of a matrix

pf Unoccupied probability threshold

V[·] Variance of a random variable

σ2
n Variance of the observation noise

ψ Vector of hyperparameters of a warping function

θ Vector of hyperparameters

t Vector of latent targets

y Vector of targets

gw(·) Warping function

X Workspace
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