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Abstract
In this report we present an exploration framework that is inspired by the
research in optimal path for bearings-only tracking. A number of static
grid points represent the area to be explored by an aerial sensor platform
with a gimballed EO/IR staring array sensor with limited field-of-view. The
problem is to plan the path of the sensor platform and the aiming direction
of the EO/IR sensor to minimize the uncertainty, in some sense, of the
grid points. The objective measures used are based on information theory
concepts and can be interpreted as parametric Cramér Rao Bound.

Keywords: Exploration, Information Filter, Cramér-Rao Bound, Bearings-
only Estimation
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Chapter 1

Introduction

Exploration can be defined as the task of efficient information gathering about
the unknown. Exploration is related to search, but in search the goal is to find
one or more targets, in contrast to exploration where the goal is information
gathering for area coverage, environment modeling, and map building.

Exploration methods can be divided into different categories. In area cov-
erage, or pattern search, a fixed (a priori) path is computed. [6] gives a survey
of some area coverage approaches. In active vision an environment model is
created and the problem is to find the next sensor view that maximizes the
expected improvement of the model [24]. A drawback of these methods, from a
UAV exploration point-of-view, is that they, in general, are not using a dynamic
sensor platform model and the cost of movements is ignored. In autonomous
exploration a general perception utility containing not only the goal of finding
new areas, but also localization is important to be able to build maps in a ro-
bust way. This is related to Simultaneous Localization and Mapping problem
(SLAM) [23], [8].

The needs for combining navigation and exploration into one information
measure as an exploration performance are shown in [5]. The exploration is
aiming at maximizing the mutual information of the map and minimizing the
uncertainty of the robot pose. [9] proposes a utility based on predicted sensor in-
formation and expected dead-reckoning errors for deciding the next action of the
robot. [17] defines a planning problem where the information gathered within
a finite time horizon is maximized. An EKF/EIF is estimating the interesting
features and the information utility is based on the covariance/information ma-
trix. The problem is formulated as a nonlinear MPC-problem and a SPLAM
(Simultaneous Planning, Localization and Mapping) example is given. Related
to this navigation planning is the concept of coastal navigation [19] where tra-
jectories are generated through environments where positional uncertainty is
likely to accrue.

As mentioned above, the target search problem is related to exploration.
There are several papers in the recent years considering a multi-UAV search for
targets using some Bayesian approach, see [4], [25], [3], [14], [11]. The targets
are assumed to be independent, therefore individual Bayesian filters are used for
each target. The density is often represented by a discrete probability grid. The
goal is to maximize the number of detected targets and the search performance
is represented by a cumulative probability of detection.
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In this paper we present an exploration framework that is inspired by the
research in optimal path for bearings-only tracking. A number of static points
of interest are defined as a grid. Each point is modeled as a 3D random walk
target. The bearings-only sensor is a EO/IR staring array sensor with limited
field-of-view (FOV). The model of the probability of detection is a function of
the range and the sensor aiming direction. We assume that the position of the
sensor platform is known, but the sensor orientation is uncertain. The problem
is to plan the path of the sensor platform and the aiming direction of the EO/IR
sensor to minimize the uncertainty, in some sense, of the grid points.

The problem is first defined in Chapter 2 where system models and the
planning optimization problem is presented. In Chapter 3 two information based
loss functions are proposed. However, before defining the loss functions some
estimation and information theory is presented. Furthermore, the Extended
Information filter is introduced, which is the base of our exploration method.
The final pieces of the exploration algorithm are presented in Chapter 4 where
an open-loop-feedback-control-like structure is presented and a model of the
probability of detection is given. A number of simulations of the exploration
algorithm is given in Chapter 5 and, finally, some conclusions are drawn in
Chapter 6.
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Chapter 2

Problem Definition

In this chapter we define the problem of exploration planning used in this paper.
The task is to explore a certain ground area with a gimballed EO/IR-sensor
mounted on a sensor platform, e.g. a UAV. An EO/IR-sensor is a passive
bearings-only sensor, measuring the relative angle to a target.

The area and objects to be explored is represented by N point(s)-of-interest
(POI) with known constant positions x(i) = (x(i) y(i) z(i))

T

, i = 1, 2, ..., N . In
the area case we assume that the POIs are dense so that the discretizing effects
are negligible.

In this work we assume that the sensor platform is moving in a plane with
constant speed at constant altitude. However, in principle it is possible to use
a more general motion model with more degrees of freedom, but in practice
the optimization problem may be harder to solve. Thus, the state elements
of the sensor platform state vector xs are the position and the heading, xs

k =
(xs

k ys
k zs

k ψk)T. The dynamic model is a basic constant speed model with
rate of change of heading us

k = Ψk as the control signal. Thus, the dynamic
model is given as

xs
k+1 = f(xs

k, u
s
k) = xs

k +


v cos(ψs

k)
v sin(ψs

k)
0

ΨkT

 (2.1)

where T is the sampling time and v is the speed. Of course we can omit the
altitude state zs

k, since it constant, but we keep it to emphasize that it is a minor
change to include control of the altitude as well. Note that the sensor platform
model is deterministic and that we always have perfect state information about
xs
k. This means that we assume that we have neither disturbances nor navigation

error.
The observation model is the relative angle between the sensor platform and

POI i, i.e.,

y
(i)
k = h(x(i), xs

k, e
(i)
k )

=
(

arctan2(y(i) − ys
k, x

(i) − xs
k)

arctan2(z(i) − zs
k, d

(i)
k )

)
+ e

(i)
k (2.2)
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where d(i)
k =

√
(x(i) − xs

k)2 + (y(i) − ys
k)2 and e(i)k , i = 1, 2, ..., N , are indepen-

dent and identical distributed measurement noise modeled as

e
(i)
k ∼ N

((
0
0

)
,

(
R 0
0 R

))
. (2.3)

In the case of limited field-of-view of the EO/IR sensor we need to add
two states to the model (2.1). The states φ and θ are the pan and tilt angles,
respectively, and the control inputs are the pan and tilt rotational speed. Thus,
the control input is now uk = (Ψk Φk Θk)

T

and the augmented dynamic model,
with state vector xk = (xk yk zk ψk φk θk)T, is

xk+1 = f(xs
k, uk) = xk +


v cos(ψk)
v sin(ψk)

0
ΨkT
ΦkT
ΘkT

 . (2.4)

In the planning problem we search for a control input sequence

u0:M−1 , {uk}M−1
k=0 (2.5)

that minimizes some scalar loss function L(x0:M ) measuring the quality of the
exploration in some sense as a function of the trajectory x0:M , {xk}M

k=0. Con-
straints on the control signal are defined by the set U , in this work we assume
that

U = {u | − umax ≤ u ≤ umax}. (2.6)

Thus, the general planning problem can now be defined as

min
u0:M−1

L(x0:M |x(i))

s.t. uk ∈ U
xs
k+1 = f(xs

k, uk)
y
(i)
k = h(x(i), xs

k, e
(i)
k )

given initial sensor state xs
0 and POI positions {x(i)|i = 1, 2, ..., N}. To keep

notation as simple as possible, we always assume that the planning is performed
at time k = 0. Thus, in case of replanning the time index is reset and the time
for the replanning is 0.
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Chapter 3

Information Based
Exploration

In this section we derive useful objective functions representing the uncertainty
of the explored area. These objective functions are based on measures from in-
formation theory. First we give an introduction to estimation and information
theory. Then the Extended Information Filter is presented and two different
objective functions are defined that are used in our planning problem. Some
different aspects of this exploration framework is also discussed. First we inter-
pret the plannig as minimizing the Cramér Rao Lower Bound. It is then shown
that the process noise can be seen as aging of the information. Finally, a model
of the probability of detection is included into the framework.

3.1 General Estimation Theory
The exploration approach is based on an estimation framework. Therefore we
give a brief introduction to estimation theory and present the conceptual solu-
tion to the estimation problem. This result is the foundation of the Information
Filter used later in this chapter.

Consider a rather general dynamic model defined as

xk+1 ∼ p(xk+1|xk) (3.1)

where xk is the state. Furthermore, let the observation model be defined as

yk ∼ p(yk|xk) (3.2)

and let Y k = {y1, y2, ..., yk} be the set of all observations up to time k. The
general state estimator is derived from Bayes rule

p(x|y) =
p(x)p(y|x)

p(y)
(3.3)

and can be expressed as the recursive update formula

p(xk|Y k) = p(xk|yk, Y
k−1) = α−1

k p(yk|xk)p(xk|Y k−1) (3.4)
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and the one step ahead prediction

p(xk|Y k−1) =
∫
p(xk|xk−1)p(xk−1|Y k−1)dxk−1. (3.5)

The normalizing factor αk is

αk = p(yk|Y k−1) =
∫
p(yk|xk)p(xk|Y k−1)dxk. (3.6)

However, there are only a few cases when it is possible to derive analytic
solutions of these equations. One case is the linear Gaussian case, leading to
the well known Kalman filter and the Information filter [16]. In the general
case, numeric approximations are necessary and one popular technique is to
approximate the target density by a particle mixture [12].

3.2 Information Theory
To be able to evaluate an estimation result we need a measure of the estimation
performance. The covariance of the state estimate is a basic and in many cases
a good measure. However, a problem is that we need a scalar measure and the
covariance is a matrix, in general. An alternative, but strongly related, concept
is based on the information theory.

Technically, information is a measure of the accuracy to which the value of a
stochastic variable is known. This section introduces some important definitions
and results from information theory, see e.g. [7] for details. The differential
entropy H(p(x)) of a continuous random variable x with density p(x) is defined
as

H(p(x)) = −Ex{ln p(x)} = −
∫
p(x) ln p(x)dx. (3.7)

It can be shown [7] that the differential entropy of a normal distribution,
with mean µ and covariance matrix P , is

H(p(x)) =
1
2

ln ((2πe)n detP ) (3.8)

= −1
2

ln
(
(2πe)−n detY

)
(3.9)

where n is the size of random variable and Y = P−1 is the information matrix,
defined in Section 3.3. In the normal distribution case the information matrix is
equivalent to the Fisher information matrix. Thus, the entropy is a monotonic
function of the determinant of the information matrix and, hence, minimizing
the entropy is equivalent to maximizing the Fisher information in the Gaussian
case. We also note that this is equivalent to D-optimal design in the vocab-
ulary of experiment design [10]. Other possible suggestions for criterion from
experiment design include A-optimal design, i.e., minimizing the trace of the
covariance, and E-optimal design, i.e., minimizing the maximum eigenvalue of
the covariance matrix.

In estimation theory we are interested in the differential entropy of the poste-
rior distribution p(x|Y k). An interesting recursive relation is obtained by taking
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the logarithm and the expectation of both sides of the update equation (3.4),
namely

−H(p(x|Y k)) = −H(p(x|Y k−1)) + E

{
ln

p(yk|x)
p(yk|Y k−1)

}
. (3.10)

The negative differential entropy can be considered as an entropic information,
and we see that the posterior entropic information after the update is the sum
of the prior entropic information and the information about x contained in the
observation yk, or in other words, the mutual information of x and yk. Thus,
the entropic information following an observation is increased by an amount
equal to the information inherent in the observation.

3.3 The Information Filter
Consider a system where the state evolves as the discrete-time stochastic system

xk+1 = f (xk, uk, wk) (3.11)

where wk represents the random disturbances and uk is a known control signal.
From the system, only imperfect information of the state is available through
the observations

yk = h (xk, ek) (3.12)

where ek represents the random errors in the observations. The Kalman filter
is the optimal filter, in the minimum square error sense, for linear systems with
Gaussian noise. The Kalman filter maintains a state vector x̂k and its covariance
matrix Pk. The Information filter [16] is equivalent to the Kalman filter, but
instead of maintaining a state vector and a covariance matrix, the information
filter maintains the information state îk = P−1

k x̂k and the information matrix
Yk = P−1

k .
A popular approach to handle nonlinear models is a linearized version of

the Kalman filter called (Schmidt) Extended Kalman filter (EKF). The EKF is
based on a Taylor series expansion of (3.11) and (3.12) as

Fk =
∂f(x, 0)
∂x

∣∣∣∣
x=x̂k|k

, (3.13)

Gk =
∂f(x̂k|k, w)

∂w

∣∣∣∣
w=0

, (3.14)

Hk =
∂h(x, 0)
∂x

∣∣∣∣
x=x̂k|k−1

. (3.15)

The EKF can also be given in an information form called Extended Information
Filter (EIF). The update and prediction equations of the information matrix in
an (Extended) Information filter are

Yk|k = Yk|k−1 +HT
k R

−1
k Hk (3.16)

Yk+1|k = (FkY−1
k|kF

T
k +GkQkG

T
k )−1 (3.17)

where Rk and Qk are the covariances of the measurement noise and process
noise, respectively.
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Note the similarities of this update step (3.16) with the entropic information
update step in (3.10), in both cases the posterior information is a sum of the
prior information and the information given in the observation. This additive
property is one major reason for the popularity of the information form, espe-
cially if information from several sensors must be fused in the filter [18]. We
also note that in the linear Gaussian case the information matrix is equivalent
to the Fisher information matrix that is used for bounding estimation error by
the Cramér Rao Lower Bound (CRLB).

3.4 Loss Function Based on Information Filter
The Information filter is now used to define a loss function in planning prob-
lem (2.7). The “quality” of the exploration of POI i is captured by the in-
formation matrix Y(i)

k = (P (i)
k )−1, where P (i)

k is a fictitious covariance matrix

P
(i)
k = E[(x̂(i)

k − x
(i)
k )(x̂(i)

k − x
(i)
k )T] (3.18)

where x̂
(i)
k is the estimate of x

(i)
k . It might seem strange to estimate a con-

stant that we know, but remember that we propose this as a measure of the
exploration of this POI.

Define a state vector Ω(i) as

Ω(i) =
(
Y(i)

11 Y(i)
12 Y(i)

13 Y(i)
22 Y(i)

23 Y(i)
33

)T

(3.19)

where Yij denotes the element of Y lying on the intersection of the ith row and
the jth column. Note that three elements are omitted since Y is symmetric.
We define a transition function g(.) as the representation of the EIF equations
(3.16) and (3.17), i.e.,

Ω(i)
k+1 = gi

k(Ω(i)
k ). (3.20)

If we use a random walk model

x
(i)
k+1 = x

(i)
k + wk, wk ∼ N (0, Q). (3.21)

the matrices Fk and Gk are the (2 × 2) identity matrix. Furthermore, the
Jacobian of the observation model (2.2) is

Hk = ∇xh(x, xs, ek)
∣∣∣∣
x=x(i)

= (3.22)

=

 ∆yk

∆x2
k+∆y2

k
− ∆xk

∆x2
k+∆y2

k
0

∆xk∆z

r2
k

√
∆x2

k+∆y2
k

∆yk∆zk

r2
k

√
∆x2

k+∆y2
k

−
√

∆x2
k+∆y2

k

r2
k


where r2k = ∆x2

k + ∆y2
k + ∆z2

k and ∆jk = j(i) − js
k, j = x, y, z.

The loss function must be a scalar measure to be useful in a optimization
routine. If we only consider the final information state Y(i)

M of all POI´s we need
a loss function as

L(x0:M ) = L
(
{Y(i)

M (x0:M}N
i=1

)
(3.23)
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and there are several possibilities and no obvious best choice. Let Υ be the aug-
mented information matrix, and if all points are independent this information
matrix can be expressed as a block diagonal matrix

Υ = diag
(
Y(1), Y(2), ..., Y(N)

)
. (3.24)

Now the D-optimal design choice is given as

L(x0:M ) = −det ΥM = −
N∏

i=1

detY(i)
M . (3.25)

An equivalent objective function, but with better numerical properties, can be
obtained by taking the logarithm

L(x0:M ) = −
N∑

i=1

ln detY(i)
M . (3.26)

In a similar way, the A-optimal design choice gives

L(x0:M ) = trΥ−1
M =

N∑
i=1

tr
(
[Y(i)

M ]−1
)
. (3.27)

3.5 The Parametric Cramér Rao Lower Bound
In estimation it is often of interest to know how well a state can be estimated.
One well known attempt to answer this question is to use the Cramér Rao Lower
Bound (CRLB), a lower bound on the variance of any unbiased estimator. In
parameter estimation the CRLB is the inverse of Fisher matrix. For dynamic
systems one can use the parametric or the posterior CRLB. See [1] for details
and a more rigorous presentation of this subject. In this section we use the
parametric CRLB to give an interpretation of the information value that is
used as the objective function.

The parametric CRLB is an extension to the CRLB for the parameter esti-
mation case. The parametric CRLB for the filtering of a dynamic model

xk+1 = f(xk, wk)
yk = h(xk, ek) (3.28)

is given by
Pk|k � Ex̂k|k

{
(x̂k|k − x∗k)(x̂k|k − x∗k)T

}
(3.29)

where the super script ∗ denotes the true value and

Pk+1|k = FkPk|kF
T
k +GkQkG

T
k

Pk+1|k+1 = Pk+1|k − Pk+1|kH
T
k (HkPk+1|kH

T
k +Rk)−1HkPk+1|k

(3.30)

and Fk and Gk gradients of f evaluated at the true trajectory, i.e.,

FT
k = ∇xk

fT
k (xk, w

∗
k)

∣∣
xk=x∗k

GT
k = ∇wk

fT
k (x∗k, wk)

∣∣
wk=w∗

k

(3.31)
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and
HT

kR
−1
k Hk = E

{
−∆xk

xk
p(yk|xk)

∣∣
xk=x∗k

}
Q−1

k = E
{
−∆wk

wk
p(zk|wk)

∣∣
wk=w∗

k

}
.

(3.32)

In our case with additive Gaussian measurement noise the gradient Hk is the
gradient in (3.22). Thus, the PCRLB is the EKF evaluated at the true trajec-
tory. Thus, since we are using the true position of grid points we are in fact
computing the PCRLB in the recursion in (3.17)-(3.17), but in the informa-
tion form. In other words, the information matrix Y(i)

M can be considered as
an upper information bound of POI i. Of course, this is not the information
matrix that will be obtained in the corresponding target estimation problem,
but we think that maximizing the upper information bound makes sense from
a planning point of view.

3.6 Information Ageing
The process noise covariance Q in the EIF prediction equation (3.17) arise from
the random walk model (3.21) of the "estimated" position of a POI. Since we
know the position, we should set Q = 0 and by inspecting the EIF equations
(3.16) and (3.17) we see that this actually simplifies the computations signifi-
cantly. The EIF steps for a certain trajectory x0:M can then be expressed as

Y(i)
M = Y(i)

0 +
M∑
i

(H(i)
k )TR−1

k H
(i)
k (3.33)

which can be computed quickly.
However, there is a reason for not having Q = 0. A positive definite Q may

be interpreted as the ageing of the information making the information Y(i)
k

decreasing if no new information is gathered. We propose that Q should be zero
in the planning optimization, but using Q = diag(ε, ε), ε > 0, in the simulation
step.

3.7 Information Degeneration due to the Proba-
bility of Detection

The second term Ik ≡ HT
k R

−1
k Hk in EIF update equation (3.16) represent the

information from the measurement at time k. However, if the probability of
detection is not unity we may not have a measurement at time k, and hence
Ik = 0. In our exploration framework we update the EIF with the expected
information

Ik = E{HT
k R

−1
k Hk} = PD(xk, x

s
k)HT

k R
−1
k Hk. (3.34)

This can be interpreted as a degeneration of the information, or an increment
of the measurement noise.

Note that this information degeneration approach can not be theoretically
justified in target tracking of a real target since we then either have a detection
or not. This leads to a stochastic problem, contrary to the former deterministic

11



case. However, we think that the information degeneration approach can be
used for exploration since a POI is not considered as a real target, but as a
representation of the quality of the exploration of that point.
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Chapter 4

The Exploration Algorithm

In this section the final pieces of the exploration algorithm are presented.

4.1 Receding Horizon Planning
The exploration algorithm is working in a Receding Horizon Control (RHC)
manner, i.e., the planning horizon is Nobs, but only Nexe ≤ Nobs steps are
executed before a replanning is done. This is a rather conservative planning
strategy, since in each planning step we assume that no more information will
be obtained that can aid the planning in the future, compare with open-loop-
feedback-control (OLFC) described in [2]. The conservativeness is the cost for
having a simpler problem to solve.

4.2 Optimization Algorithm
The optimization problem is deterministic and the strategy is to use a gradient
search algorithm. In this report we use the active-set algorithm of the fmin-
con function in Matlab Optimization Toolbox. However, since the problem is
both non-linear and non-convex, the starting point is important and there is no
guarantee that the solution is the global optimum.

4.3 EO/IR System Performance and Probability
of Detection

Modeling the performance of EO/IR sensor system is a very complex task [15].
There are several aspects that must be considered, for instance the performance
is affected by the target and background characteristics, the atmospherical and
environmental conditions, the resolution and SNR of the sensor, the motion
of the sensor itself, and the detection and recognition algorithm. In this work
we are not intending to model the absolute performance of the sensor system,
but we propose a simplified probability of detection model that captures some
important aspects.
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4.3.1 Limited Field-of-View
Given a pinhole camera model a point in the world with cartesian coordinates
X = (x y z)T is projected on a virtual image plane onto the image point with
coordinates X ′ = (x′ y′)T according to(

x′

y′

)
=
f

z

(
x
y

)
. (4.1)

where f is the focal length of camera. By using this model, it is possible to
project the features onto the image plane and, hence, decide if the features are
visible or not. Let the field-of-view be represented on the image plane as

A = {(x′ y′)T| − αx ≤ x′ ≤ αx, − αy ≤ y′ ≤ αy} (4.2)

The probability of detection based on the aiming direction is in that case
PD(X|T (X) ∈ A) = 1 and PD(X|T (X) 6∈ A) = 0 where T (.) represent the
projection function (4.1). However, if we have a Gaussian uncertainty N (0, σ2I)
of the vision sensor aiming direction the probability of detection is a function
of the field-of-view A convoluted with a Gaussian kernel

P f
D(X) = A(x′, y′) ∗ N ((x′ y′)T; (x′ y′)T, σ2I) (4.3)

where A(x′, y′) = 1 if (x′ y′)T ∈ A and 0 otherwise.
However, in practice we approximate this function by using a sigmoid func-

tion (arctan) for each edge of the image frame.

4.3.2 Probability of Detection due to Range
We assume that the performance is dependent on range, due to the sensor res-
olution and atmospherical disturbances. We model the probability of detection
as

P r
D(xG, xs) = e

−krange
||xG−xs||2

r2
range . (4.4)

where krange and rrange are two constants.

4.4 Computational Complexity
The computational load increases with the number of POI´s, N , but only O(N),
if Q = 0. It is also straightforward to parallelize the computation of the loss
functions (3.26) and (3.27) since each term in the sums are independent. Fur-
thermore, it is possible to only update the states of POI’s having a probability
of detection greater than δ where 0 < δ << 1.
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Chapter 5

Simulation Results

In this section we present some simulation results. We first ignore the limited
FOV and show three examples with one POI, three POI´s, and a 51× 51 POI
grid. Then, we use a vision sensor with limited FOV and include the aiming
direction into the planning. A 51 × 51 grid example and a road exploration
example are given.

Let the triple (Nplan, Nobs, Nexe) define the different planning horizons. Nplan

is the number of piece-wise constant control signals that is optimized in each
planning epoch. Nobs is the number of observation that can be obtained dur-
ing the whole plan, in general Nobs > Nplan and the plan is interpolated to
find the state where an observation should be performed. Finally, Nexe, where
Nexe ≤ Nobs, is the number of steps that are executed, i.e., how many observa-
tions that are obtained before next replanning is performed.

5.1 Single Point-of-Interest
If just one grid point is used the problem is similar to the problem of optimal
path for bearings-only tracking for a random walk target [13, 21, 20].

In Figure 5.1 six different simulations are shown. Here only the heading of
the sensor platform is the control variable and the sensor field-of-view is ignored.
The point of interest is located in (10 10 0)T and the initial position of the
sensor platform is (0 0 2)T In the simulations to the left the determinant
criterion (3.26) is used and in the simulations to the right the trace criterion
(3.27) is used. Three different planning and execution horizons are tested. The
simulations in the top row use (Nplan, Nobs, Nexe) = (2, 2, 2) , the middle row
(4, 8, 4) and the bottom row (4, 16, 4). Other parameters used in this scenario
are given in Table 5.1.

The shortest planning horizon gives a “greedy” and shortsighted behavior of
the sensor platform. The path is shaped as a spiral because of the combined
wish of maximizing the base-line relative the target and getting closer to the
target. However, if the planning horizon is increased, the vehicle initially travels
more directly towards the object. The determinant criterion seems to force the
sensor platform to go more towards the point location. As mentioned above,
the planning problem is non-convex and since we use gradient search we may
get sub-optimal results, even in this scenario, the simplest possible one.
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Figure 5.1: Single point exploration, Section 5.1. The determinant criterion
(3.26) to the left and the trace criterion (3.27) to the right. Planning horizon is
2, 8, and 16 steps in the top, middle and bottom row, respectively. Black solid
line: executed plan. Blue solid line with dots: current path plan. Red dashed
line: old plans that were not executed.
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Initial target covariance P = diag(102, 102, 102)

Initial sensor position xs = (0 0 2)T [m]

Sensor platform speed v = 0.5 [m/s]

Measurement variance R = (1π/180)2 [rad2]

Process covariance Q = 0

Range gain parameter krange = 0

Table 5.1: Parameters of the simulations in Sections 5.1 and 5.2 (Figures 5.1
and 5.2).

5.2 Three Points-of-Interest
This scenario is similar to the single point scenario above, but here we have
three points of interests located in (10 10 0)T, (0 10 0)T and (10 0 0)T.
The results are shown in Figure 5.2 and, as above, the determinant criterion
is to the left and the trace criterion is to the right. The horizon parameters
are equal to the single point case above and the parameters in Table 5.1 are
also used. As in the single point scenario, the trace criterion makes the paths
slightly more rounded. The determinant criterion seems to make the vehicle to
be more focusing on the closest point. This behavior can be seen in the bottom
left plot where the plans are circling around the points in a way that is not the
case in trace case to the right. However, in the end, this circling behavior was
not transferred to the executed path.

5.3 Points-of-Interest Grid
In this scenario we used a 51 × 51 grid. Table 5.2 shows the simulation pa-
rameters. The simulation result for the determinant criterion (3.26) is given in
Figures 5.3 and Figures 5.4 as snapshots from time step k = 1, 17, 33, ..., 145.
Each pixel in the figures represents the information value of that point, i.e. the
determinant of the information matrix of the point. The lighter the pixel, the
higher is the information value. The result is a kind of area coverage, but unlike
more standard area coverage algorithms where only the distance to the feature
is considered, this exploration approach also rewards seeing the feature from
different directions.

5.4 Points-of-Interest Grid with Limited FOV
This scenario is similar to the previous grid scenario, but now we uses a vision
sensor with limited FOV (20×15 [deg]) and, hence, we also include the pan and
tilt rotational speeds as control variables in the optimization problem.

17



−5 0 5 10 15
−5

0

5

10

15

x

y

−5 0 5 10 15
−5

0

5

10

15

x
y

−5 0 5 10 15
−5

0

5

10

15

x

y

−5 0 5 10 15
−5

0

5

10

15

x

y

−5 0 5 10 15
−5

0

5

10

15

x

y

−5 0 5 10 15
−5

0

5

10

15

x

y

Figure 5.2: Three points exploration, Section 5.2. The determinant criterion
(3.26) to the left and the trace criterion (3.27) to the right. Planning horizon is
2, 8, and 16 steps in the top, middle and bottom row, respectively. Black solid
line: executed plan. Blue solid line with dots: current path plan. Red dashed
line: old plans that were not executed.
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Figure 5.3: Exploration of a 51 × 51 grid, Section 5.3. Snapshots from time
steps k = 1, 17, 33, 49, 65, 81. Yellow/black line: sensor platform path. Blue
line: current plan. The color of each pixel represent the information values
(determinant of the information matrix) of that point, the lighter the higher
information value.
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Figure 5.4: Exploration of a 51 × 51 grid, Section 5.3. Snapshots from time
steps k = 97, 113, 129, 145. Yellow/black line: sensor platform path. Blue
line: current plan. The color of each pixel represent the information values
(determinant of the information matrix) of that point, the lighter the higher
information value.
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Figure 5.5: Exploration of a 51 × 51 grid, Section 5.3. Snapshots from time
steps k = 1, 17, 33, 49, 65, 81. Yellow/black line: sensor platform path. Blue
line: current plan of the path. Green square: current sensor footprint on the
ground. Red square: current sensor footprint plan. The color of each pixel
represent the information values (determinant of the information matrix) of
that point, the lighter the higher information value.
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Figure 5.6: Exploration of a 51 × 51 grid, Section 5.3. Snapshots from time
steps k = 97, 11, 129, 145, 161, 177. Yellow/black line: sensor platform path.
Blue line: current plan of the path. Green square: current sensor footprint
on the ground. Red square: current sensor footprint plan. The color of each
pixel represent the information values (determinant of the information matrix)
of that point, the lighter the higher information value.
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Figure 5.7: Exploration of a 51 × 51 grid, Section 5.3. Snapshots from time
steps k = 193, 209, 225, 241, 257, 273. Yellow/black line: sensor platform path.
Blue line: current plan of the path. Green square: current sensor footprint
on the ground. Red square: current sensor footprint plan. The color of each
pixel represent the information values (determinant of the information matrix)
of that point, the lighter the higher information value.
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Figure 5.8: Exploration of a 51 × 51 grid, Section 5.3. Snapshots from time
steps k = 289, 305, 321, 337, 352, 369. Yellow/black line: sensor platform path.
Blue line: current plan of the path. Green square: current sensor footprint
on the ground. Red square: current sensor footprint plan. The color of each
pixel represent the information values (determinant of the information matrix)
of that point, the lighter the higher information value.
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Initial target covariance P = diag(102, 102, 12)

Initial sensor position xs = (0 0 3)T [m]

Sensor platform speed v = 0.5 [m/s]

Measurement variance R = (10π/180)2 [rad2]

Process covariance Q = 0

Range gain parameter krange = 4.6

Max range parameter rrange = 5

Planning horizon (Nplan, Nobs, Nexe) = (4, 16, 16)

Table 5.2: Parameters of the exploration grid simulations in Section 5.3 (Fig-
ures 5.3-5.4) and in Section 5.4 (Figures 5.5-5.8).

Initial target covariance P = diag(502, 502, 102)

Initial sensor position xs = (0 0 500)T [m]

Sensor platform speed v = 50 [m/s]

Measurement variance R = (π/180)2 [rad2]

Process covariance (simulation) Q = I

Process covariance (planning) Q = 0

Range gain parameter krange = 4.6

Max range parameter rrange = 500

Planning horizon (Nplan, Nobs, Nexe) = (4, 16, 16)

Table 5.3: Parameters of the exploration grid simulations in Section 5.5 (Fig-
ures 5.9-5.12).

5.5 Road Exploration with Limited FOV
In this section we apply the exploration algorithm on a road surveillance scenario
where a number of POI´s are placed on a known road network. Table 5.5
presents the simulation parameters. In this simulation the trace criterion (3.27)
is used and some snapshots are shown in Figures 5.9 and 5.10. Furthermore,
some snapshots are also shown in Figures 5.11 and 5.12 from a 3D view point.
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Figure 5.9: Exploration of a road network, Section 5.5. Snapshots from time
steps k = 1, 17, 33, 49, 65, 81. Yellow/black line: sensor platform path. Blue line:
current plan of the path. Green square: current sensor footprint on the ground.
Red square: current sensor footprint plan. The covariance matrix of each point
is shown as a cyan ellipse; but since the points are rather dense, single ellipses
are hard to discern. The smaller size of the ellipses the better is the information
values of the corresponding points, and the better is the exploration result.
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Figure 5.10: Exploration of a road network, Section 5.5. Snapshots from time
steps k = 113, 129, 145, 161, 177, 193. Yellow/black line: sensor platform path.
Blue line: current plan of the path. Green square: current sensor footprint on
the ground. Red square: current sensor footprint plan. The covariance matrix
of each point is shown as a cyan ellipse; but since the points are rather dense,
single ellipses are hard to discern. The smaller size of the ellipses the better
is the information values of the corresponding points, and the better is the
exploration result.
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Figure 5.11: Exploration of a road network, Section 5.5. 3D view of the result
in time steps k = 1, 17.
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Figure 5.12: Exploration of a road network, Section 5.5. 3D view of the result
in time steps k = 113, 129.
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Chapter 6

Conclusions

In this paper we propose an exploration method suitable for aerial exploration
with an EO/IR sensor on a moving platform. The approach is based on the
Extended Information filter (EIF) and two information criteria were proposed,
the determinant of the information matrix and the trace of the covariance ma-
trix. We showed that the exploration utility can be interpreted as a Cramér
Rao Lower Bound.

Models for probability of detection were proposed for handling a limited field-
of-view vision sensor and performance degeneration due to range. Occlusion is
not treated is this report but it is simple to incorporate the occlusion model
used in [22].

A gradient search optimization strategy is used, but since the problem is
non-linear and non-convex we will only obtain sub-optimal solutions. However,
the simulation results shows that this approach is very useful and flexible, from
a single point exploration, up to a large 51× 51 grid.
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