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Abstract

Guiding autonomous vehicles inside a scenario to navigate to given goal positions requires an
accurate and precise knowledge of the vehicle’s position and orientation. This paper proposes a
method, and its implementation, to improve the placement of a given number of visual markers inside
a predefined indoor scenario so that a vehicle flying in there can accurately and continuously estimate
its pose in order to avoid collisions. In order to estimate the pose of the vehicle the localization
method fuses the positions of the several visual markers which are estimated from data retrieved by
the vehicle’s on-board camera. Both the optimization method and the localization system proposed
are tested in two prototype scenarios. The most relevant experimental results of the simulation with
the implemented model and algorithm are presented, as well as open issues and possible improvements
to future approaches to the problem.
Keywords: Localization of Mobile Vehicles, Indoor Scenarios, Visual Markers Placement Optimiza-
tion, Extended Kalman Filter

1. Introduction

It is necessary that for any possible position and ori-
entation of the vehicle the localization system never
loses its track, because if the vehicle flies to a blind
spot, and there is no other sensors on board that
don’t require external sources of information, like
the Inertial Measurement Unit (IMU), there is no
way to localize it. This is a rather dangerous situ-
ation, because indoor environments typically have
many obstacles which leads to an high risk of colli-
sions between the vehicle and the scenario.

To avoid occlusion situations, a group of visual
markers scattered around the scenario is required.
Optimizing the markers placement is crucial to the
systems performance, because if the localization
system loses track of the vehicle it can no longer
control it correctly, keeping it in the correct trajec-
tory.

This paper has two main contributions. Firstly,
the development of a method for optimizing the lay-
out of a given number of visual markers inside a
predefined indoor scenario so that a vehicle flying
in there can accurately and continuously estimate
its pose using the video stream captured by its own
camera. Secondly, the development of a localiza-
tion method for an UAV that estimates its pose
with respect to a fixed-world coordinate frame us-
ing image information from aerial images associated

with an Extended Kalman Filter (EKF) to filter the
obtained measurements.

2. Background
The coverage of an indoor scenario resembles the
art gallery problem stated in [1]. The art gallery
problem is a NP-problem to determine the mini-
mum number of guards that are sufficient to cover
or see every point in the interior of an art gallery
with a given number of walls.

Many approximate solutions have been proposed
to solve visibility problems like this, usually applied
to visual sensors like cameras. Localization meth-
ods using cameras in the scenario and visual mark-
ers on the vehicle are proposed in [2],[3]. Laser
rangefinders (LRFs) are also trending on mobile
robotics ([4],[5]).

The use of visual sensors like cameras or LRFs
instead of visual markers may not always be pos-
sible in some environments. Besides that there’s
an higher cost associated with the purchase and in-
stallation of these sensors and they need to be con-
stantly calibrated.

A visual marker is a known shape which is located
in the scenario as a point of reference and scale for
a visual task. Visual markers are commonly used
in applications such as augmented reality, virtual
reality, object tracking and robot localization ([6],
[7], [8], [9]). In robotics, they are used to obtain the
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pose of a robot in world coordinates. This usually
involves the distribution of several markers around
the scenario in known positions, because generally,
there are occlusions due to construction and obsta-
cles which causes a single visual marker not to be
seen from every point in the scenario. Visual mark-
ers are well known technologies, easily configured
due to the many available free online generators and
cheap to paint/print and to be installed in the sce-
nario, which is important from a practical point of
view.

Hock [10] developed a method in which the mo-
bile robot used a predefined map of the scenario and
used its sensors to identify environment features in
order to merge information. The landmarks were
objects or part of objects that existed in the envi-
ronment and the robot was able to determine its
position and orientation. A path planning system
for a mobile robot with markers scattered across the
workspace is also proposed in [11]. It is assumed by
the authors that the robot is always within the fields
of influence of the markers.

The visual markers are therefore a crucial part of
the localization system. The layout of the markers
in the room plays a major role on the system’s per-
formance, so each marker placement in the room
should be optimized. The higher the number of vi-
sual markers considered, the higher the complexity
of finding a solution. A Monte Carlo (MC) method,
such as Simulated Annealing (SA), is proposed to
solve the optimization problem. The SA algorithm
is one of the simplest to implement and computa-
tional efficient algorithms [12].

Depending on the vehicle or its applications,
there are also different algorithms for localization.
They differ in computational weight, accuracy and
their tools to deal with non-linearities. Should the
subject of the problem be solely the localization
of a mobile robot, the Extended Kalman Filter
(EKF) presents itself as a reliable algorithm usu-
ally used for this purpose. The EKF is a version
of the Kalman Filter which linearizes the dynam-
ics of the system and observation to deal with non-
linearities. It is one of the lightest localization algo-
rithms concerning computational weight. The Ex-
tended Kalman Filter (EKF) is often used for lo-
calizing moving vehicles, despite its limitations to
Gaussian models it has very good results in a great
variety of problems, with little computational effort
([13],[14],[15],[16]).

3. Implementation

In this section the analytical formulation developed
in order to optimize the placement of M visual
markers in a predefined indoor scenario while re-
specting given restrictions is introduced. After the
development of the optimization method, the work-

ing principles of the marker-based localization sys-
tem are introduced.

3.1. The Mixed-Integer Non-Linear Pro-
gram (MINLP) Formulation

Any optimization problem consists in finding pa-
rameters that minimize or maximize objectives
while satisfying constraints. So, in order to formu-
late an optimization problem one needs to specify
the decision variables vector, x, parameters whose
values are being sought, define the objective, f , a
quantitative (scalar) measure to be maximized or
minimized, and list the vector of constraints, c ,
which are restrictions on the values of the vari-
ables. Equation (1) formulates a general optimiza-
tion problem, where E are the equality constraints
and I are the inequality constraints.

min
x∈Rn

f(x) subject to

ci(x) = 0, i ∈ E

ci(x) ≥ 0, i ∈ I
(1)

Given the framework of the problem, the opti-
mization must compute the optimal placement for
M markers inside an indoor scenario. The objec-
tive function is a non-smooth, non-linear function.
So a Monte Carlo method is proposed to solve the
optimization problem. This method relies on the
simulation of a large set of candidate vehicle poses
inside the scenario. For each iteration, possible vi-
sual markers positions are defined and the configu-
ration for which the percentage of the total number
of candidate vehicle poses where the vehicle camera
identifies, at least, one visual marker is the highest
is chosen as the optimal.

The details of the MINLP formulation are pre-
sented next.

The user-provided data used in the model in-
cludes the number of vehicle poses, K, where the
vehicle is allowed to fly inside the scenario, the num-
ber of visual markers, M , to be placed within the
scenario and the map of the scenario. This variables
are defined prior to the optimization step.

The map of the scenario is a simplified 2D layout.
The walls where the visual markers can be placed
are defined by two sets of 2D cartesian points.
Namely, IL×2 is the set of cartesian points defin-
ing the initial corners of the L walls, where:

- Ij1 is the initial corner x-coordinate of wall j
- Ij2 is the initial corner y-coordinate of wall j
Likewise, TL×2 is the set of cartesian points defin-

ing the terminal corners of the L walls, where:
- Tj1 is the terminal corner x-coordinate of wall j
- Tj2 is the terminal corner y-coordinate of wall j
Since a given visual marker can only be placed

in one wall, i.e., since a given visual marker cannot
be placed in two walls simultaneously, a flag, Gij ∈
{0, 1} (binary), is necessary, where:
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- Gij = 1, if the i -th visual marker is placed on
wall j

- Gij = 0, otherwise

So that,

L∑
j=1

Gij = 1 (2)

On the other hand, equation (3) ensures that the
visual marker is not placed in any other part of the
scenario other than a scenario wall.


Xi1 =

L∑
j=1

Gij · Ij1 + λi

L∑
j=1

Gij · (Tj1 − Ij1)

Xi2 =

L∑
j=1

Gij · Ij2 + λi

L∑
j=1

Gij · (Tj2 − Ij2)

∀i ∈ {1,M} (3)

being X the set of the visual markers positions
inside the scenario where:

- Xi1 is the x-coordinate of the position of the
i -th visual marker

- Xi2 is the y-coordinate of the position of the
i -th visual marker

λi is a parameter of the i -th marker position
along the wall. With λi = 0 the i -th visual marker
would be placed in the initial point of the wall, as
λi grows the i -th visual marker would move along
the wall reaching λi = 1 in the final point. How-
ever, it is physically impossible to place a marker
on a scenario corner, so in fact λi ∈ [ε, 1− ε].

In order for the vehicle camera to successfully de-
code a marker, it is necessary that the marker lies
inside a visibility polygon. The polygon is built
from the vehicle’s camera field of view, FOV and
the maximum range at which a marker is success-
fully decoded, R. As depicted in Figure 1 and ac-
cording to equations in (4), the polygon is then ro-
tated with the vehicle’s yaw angle, ψ, and trans-
lated to its position inside the scenario, P .

Figure 1: Rotation and translation of the visibility
polygon.



Ak1 = V 1
k1 cosψk − V 1

k2 sinψk + Pk1

Ak2 = V 1
k1 sinψk + V 1

k2 cosψk + Pk2

Bk1 = V 2
k1 cosψk − V 2

k2 sinψk + Pk1

Bk2 = V 2
k1 sinψk + V 2

k2 cosψk + Pk2

(4)

with


V 1
k1 = R = V 2

k1

V 1
k2 = R · tan FOV

2

V 2
k2 = −R · tan FOV

2

∀k ∈ {1,K} (5)

PK×2 is the set of K vehicle positions where the
vehicle is allowed to fly inside the scenario, where:

- Pk1 is the x-coordinate of position k
- Pk2 is the y-coordinate of position k
ψk is the vehicle orientation at position k

As one can see from Figure 2, the vectors
−→
PA

and
−−→
PB describe the position of point X relative to

point P.

Figure 2: Conditions for a point to lie within a tri-
angle.

γA is a weight variable that controls the length

of the vector
−→
PA and the length of the vector

−−→
PB

is controlled by γB . When both of these values are
zero, that means that point X is at P. If point X
is at A then γA = 1 and γB = 0. Alternatively, if
point X is at B then γA = 0 and γB = 1. Equation
(6) defines the two sets of weight variables, γAik and
γBik.

Xi1 = Pk1 + γAik · (Ak1 − Pk1) + γBik · (Bk1 − Pk1)

Xi2 = Pk2 + γAik · (Ak2 − Pk2) + γBik · (Bk2 − Pk2)

∀i ∈ {1,M} ∀k ∈ {1,K} (6)
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γAik, γ
B
ik ∈ < are parameters, such that whenever

the i -th marker lies inside the k -th visibility polygon
γAik ≥ 0 and γBik ≥ 0 and γAik + γBik < 1.

That being said, equations in (7) introduce de-
cision variables in the form of binary flags so that
maximizing the number of markers inside visibility
polygons corresponds to maximize the number of
flags equal to 1.


aik · γAik ≥ 0

bik · γBik ≥ 0

cik · (γAik + γBik − 1) ≤ 0

∀i ∈ {1,M} ∀k ∈ {1,K}

(7)

Besides being necessary that the marker lies in-
side a visibility polygon in order for the vehicle cam-
era to successfully decode it, it is also necessary that
there is no obstruction to the line of sight between
the vehicle camera and the marker.

Equation (8) defines the two sets of weight vari-
ables, γWijk and γPijk, that account for the intersec-
tions between lines of sight and scenario walls.

{
Pk1 + γPijk · (Xi1 − Pk1) = Ij1 + γWijk · (Tj1 − Ij1)

Pk2 + γPijk · (Xi2 − Pk2) = Ij2 + γWijk · (Tj2 − Ij2)

∀i ∈ {1,M} ∀j ∈ {1,L} ∀k ∈ {1,K} (8)

γPijk, γ
W
ijk ∈ < are parameters, such that whenever

the j -th scenario wall intersects the line of sight
between the i -th marker and the k -th vehicle pose
0 ≤ γWijk, γPijk ≤ 1.

That being said, equations in (9) introduce de-
cision variables in the form of binary flags so that
minimizing the number of intersections corresponds
to maximize the number of flags equal to 1 (al-
though that, for a given ijk, only one of rijk or
sijk and tijk or uijk can be 1).



rijk · (Wj · γWijk + ε) ≤ 0

sijk · (Wj · (γWijk − 1)− ε) ≥ 0

tijk · γPijk ≤ 0

uijk · (γPijk − 1) ≥ 0

∀i ∈ {1,M} ∀j ∈ {1,L} ∀k ∈ {1,K} (9)

with rijk, sijk, tijk, uijk ∈ {0, 1} (binary flags).
ε is a variable to account for the particular case of

an intersection between a corner and a line of sight.
Wj is given by equation (10) and stands for the

length of the j -th wall.

Wj =

√
(Tj1 − Ij1)

2
+ (Tj2 − Ij2)

2 (10)

One can then define a binary flag, vik ∈ {0, 1},
such that:

vik ≤
1

L
·

L∑
j=1

(rijk+sijk+tijk+uijk−(rijk+sijk)(tijk+uijk))

∀i ∈ {1,M} ∀k ∈ {1,K} (11)

i.e., when the line of sight between the i -th
marker and the k -th vehicle pose does not intersect
with any scenario wall vik = 1, otherwise vik = 0.

In order to clarify this process, two situations are
shown in Figure 3.

Figure 3: Scheme of two possible situations.

Table 1 shows the values obtained for each vari-
able when trying to minimize the number of inter-
sections between the lines of sight and the scenario
walls, i.e., when maximizing the number of flags
equal to 1.

Case 1
wall 1 2 3 4 5 6 7 8
γW >1 [0,1] >1 >1 [0,1] [0,1] >1 [0,1]
γP >1 >1 <0 >1 1 [0,1] <0 <0
r 0 0 0 0 0 0 0 0
s 1 0 1 1 0 0 1 0
t 0 0 1 0 0 0 1 1
u 1 1 0 1 1 0 0 0∑

(r + s+ t+ u− (r + s)(t+ u)) 1 1 1 1 1 0 1 1
v 0

Case 2
wall 1 2 3 4 5 6 7 8
γW [0,1] [0,1] <0 >1 <0 <0 <0 >1
γP <0 1 >1 <0 >1 <0 >1 <0
r 0 0 1 0 1 1 1 0
s 0 0 0 1 0 0 0 1
t 1 0 0 1 0 1 0 1
u 0 1 1 0 1 0 1 0∑

(r + s+ t+ u− (r + s)(t+ u)) 1 1 1 1 1 1 1 1
v 1

Table 1: Values obtained when minimizing the
number of intersections between LOS and walls.

Finally, a second binary flag, zk ∈ {0, 1}, is de-
fined according to equation 12.
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zk ≤
M∑
i=1

(aik · bik · cik · vik) ∀k ∈ {1,K} (12)

So, when the k -th vehicle pose can successfully
detect at least one visual marker, i.e., when at least
one visual marker is inside the k -th visibility poly-
gon and there is an unobstructed line of sight be-
tween that pose and that visual marker, zk = 1,
otherwise zk = 0.

Thus, the objective function is given by (13)

max

K∑
k=1

zk (13)

subject to the constraint equations (2) to (11).

3.2. Localization System
As stated before, the localization method developed
is based on an Extended Kalman Filter (EKF) to
fuse the positions of the several visual markers esti-
mated from the streaming of the vehicle’s camera.
First, the markers are identified in the video frames
and the markers position in the camera reference
frame are given by Equation (14). Knowing the ex-
act position of the markers, it is possible to estimate
the camera pose with respect to a fixed-world coor-
dinate frame and, since the camera is mounted on
the vehicle, know the vehicle pose as well.

Figure 4 shows the relations between the differ-
ent coordinate frames associated with the proposed
localization system.

Figure 4: Relations between different coordinate
frames and projection of a feature point onto the

image plane.

Let tWn = (xWn , yWn , zWn )T represent the coordi-
nate vector of the n-th marker center in the world
frame. This vector is constant since the markers

are rigidly connected to the scenario and is avail-
able from measurements.

Let tCn = (xCn , y
C
n , z

C
n )T represent the coordinate

vector of the n-th marker center in the camera
frame.

Let tWC = (xWC , yWC , zWC )T denote the relative po-
sition vector of the camera frame with respect to
the world frame.

Let RW
C be the rotation matrix that allows the

transformation of vectors expressed in the camera
frame to the world frame.

Therefore, the coordinates of the n-th marker
center in the camera frame are given by:

[xCn , y
C
n , z

C
n , 1]T =

[
RW

C tWC
01×3 1

]−1
· [xWn , yWn , zWn , 1]T

(14)
The coordinates of the projection of the n-th

marker center on the image plane using a pin-hole
camera model [17] will be Xn and Yn (see Fig. 4.)
given by

[Xn Yn]T = KD

[
xCn
zCn

yCn
zCn

]T
(15)

with:
K being the correspondence between pixels and

real distance;
D being the focal distance;

The Extended Kalman Filter (EKF) is then used
to fuse the positions of the several visual markers
estimated from the streaming of the vehicle’s cam-
era.

The system dynamics state (16) and measure-
ment (17) models are represented by the following
differential equations:

Model

sk = f(sk−1, uk) + wk, wk ∼ N (0, Qk) (16)

mk = h(sk) + vk, vk ∼ N (0, Rk) (17)

Where wk and vk are the process and measure-
ment noise with the Gaussian Distribution shown.

The EKF consists of consecutive cycles of predic-
tion and update. In the prediction step, the new
best estimate of the current state variables (18) is a
prediction made from previous best estimate, plus
a correction for known external influences.

And the new uncertainty is predicted recursively
from the old uncertainty (19), with some additional
uncertainty from the environment accounted by
the process noise covariance matrix Qk.
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Predict

ŝk,k−1 = f(ŝk−1,k−1, uk) (18)

Pk,k−1 = FkPk−1,k−1F
T
k +Qk (19)

Once the outcome of the next measurement is
observed, the state estimate is updated using the
Kalman gain matrix at step k, Gk.

Update

Gk = Pk,k−1H
T
k (HkPk,k−1H

T
k +Rk)−1 (20)

ŝk,k = ŝk,k−1 +Gk(mk − h(ŝk,k−1)) (21)

Pk,k = (I −GkHk)Pk,k−1 (22)

In order to estimate the vehicle pose, the state
vector s is defined to include the position, linear
velocities, orientation and angular velocity of the
drone camera reference frame with respect to the
world frame, i.e.,

s =
[
xWC yWC νx νy ψ ωz

]T ∈ <6 (23)

with ψ being the yaw parameter and ωz the re-
spective angular velocity.

A discrete constant velocity model is used as the
state-transition model. The measurement model
uses a set of p image feature parameters to pro-
vide information about the vehicle 3D relative pose
vector at any instance.

mk =
[
X1, X2, ..., Xp

]T
k

(24)

The image feature measurements are the projec-
tion of the visual markers centers on the image
plane, which are given by (25).

Xn = KD
xCn
zCn

(25)

4. Results
For experimental purposes the two indoor scenarios
shown in Figure 5 are used.

4.1. Visual Markers Placement Optimization
The results were obtained for three different max-
imum ranges of detection R. Two of these ranges
correspond to the maximum distance at which a
standard drone camera can detect state of the art
visual markers. It is considered throughout this
project, that a standard drone camera is a full
HD camera that has a custom built prime lens

Figure 5: Indoor scenarios used for experimental
purposes.

with a 94◦ field of view (FOV) and a resolution
of 1920x1080p. With a standard drone camera,
the maximum detection distance for ArUco is 4.4
m (close-range) and for Whycon 13.181 m (long-
range) [6]. The third result is obtained considering
that there is no limitation on R, i.e., if there is no
obstruction to the line of sight between the drone
camera and the marker then the marker is detected
independently of the distance between the two.

As Figures 6 and 7 show the objective function
has many local maxima, which makes it difficult to
find the global maximum. As the number of mark-
ers M increases the convergence to a global maxi-
mum coverage area is slow, because the number of
local maximum increases so the chances of the algo-
rithm being trapped in a non-global maximum also
increases. Thus, a Monte Carlo method is proposed
to solve the optimization problem.

Figure 6: ROOM 1: Percentage of the total num-
ber of possible vehicle poses covered by one visual
marker (M = 1).

The optimization results are obtained using the
using the Simulated Annealing (SA) algorithm as
described by D. Bertsimas and J. Tsitsiklis (1993)
[12]. Having the possibility of evolving to worst so-
lutions, the algorithm avoids local maximums. SA
algorithm is also simple to implement and compu-
tationally efficient.

For each M, the SA algorithm runs ten times and
the best result obtained in these runs is assumed to
be the optimal.
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Figure 7: ROOM 2: Percentage of the total num-
ber of possible vehicle poses covered by one visual
marker (M = 1).

From Figures 8 and 9 it is possible to note that
the total area covered increases with M (number
of visual markers), but the gain, i.e., the difference
between the results obtained for M and M + 1, de-
creases. This can justify the choice of M .

Figure 8: ROOM 1: Coverage graph per number of
visual markers.

Figure 9: ROOM 2: Coverage graph per number of
visual markers.

Since the objective function neglects the redun-
dancy, the results only show that redundancy tend
to increase with the coverage and with the number
of visual markers.

4.2. Vehicle Localization
The localization method is tested in the two indoor
scenarios proposed. Five different vehicle trajec-
tories were defined for each scenario prior to the

optimization step. This is so because, had the tra-
jectories been defined after the optimization step,
i.e., after the optimal location of the markers in the
scenarios is known, bias could have been involun-
tarily introduced by fitting the trajectories to that
particular disposition of visual markers.

The visual markers placements resulted from the
optimization process for M = 10 in Room 1 and
M = 20 in Room 2. As one can see from Figures
8-9 from a certain number of visual markers onward
the incremental gain, i.e., the difference between the
coverage obtained for M and for M + 1 decreases,
which means that coverage tends to stabilize at a
given value. Adding more visual markers to the sys-
tem is only increasing the overall system’s cost and
complexity without increasing coverage. Indeed, us-
ing a large enough number of visual markers would
guarantee a coverage of 100%, instead of the 80%
obtained in Room 1 for M = 10 and in Room 2 for
M = 20 and using a large number of visual markers
would render the optimization of their position in
the scenario and the analysis made in this Chapter
irrelevant. However, an infinite number of visual
markers is not realistic, due to the overall systems
cost and capability to process all the obtained mea-
surements. The reason to choose these M values is
the trade-off between coverage and the number of
visual markers used. Thus, Figures 10 and 11 show
simultaneously the five different trajectories and the
visual markers disposition in the scenarios. In the
figures on the left, the localization system is tested
after the optimization process, i.e., with an opti-
mized set of visual markers (represented by green
rectangles) scattered around the scenario. In the
figures on the right, the localization system is tested
before the optimization process took place, i.e., with
a random set of visual markers (represented by red
rectangles) scattered around the scenario. It should
be noted that the blue arrows represent the orienta-
tion of the vehicle’s camera and not the direction of
the vehicle’s movement. The localization algorithm
gives the position and orientation of the vehicle’s
camera.

Figure 10: ROOM 1: Trajectories considered with
optimized (on the left) and random (on the right)
markers placement.
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Figure 11: ROOM 2: Trajectories considered with
optimized (on the left) and random (on the right)
markers placement.

The default values considered for the Extended
Kalman Filter parameters are as follow: Rk is a di-
agonal matrix with diagonal elements of 1 (in pixels
square), P0 is a 6 x 6 diagonal matrix of the form
diag[0.04 0.04 0.02 0.02 1 0.25] (in meters square, in
(meters per second) square, in degrees, in (degrees
per second) square). The sampling period is ∆t =
1 s. To evaluate the accuracy of estimation, the
error in position and orientation, for each iteration
is considered. The error in position is given by the
distance from real pose to estimated pose and the
error in orientation by the difference between esti-
mated yaw angle and real yaw angle. The results
for both case scenarios in Figures 12 and 13 show
the mean estimation error and variance along the
five trajectories considered.

Figure 12: ROOM 1: Mean estimation errors and
variance for xWC , yWC and ψ.

Figure 13: ROOM 2: Mean estimation errors and
variance for xWC , yWC and ψ.

The results show that with an optimized set of
visual markers in the scenario the mean error along
the trajectories is lower. Initially, since the move-
ment of the vehicle starts in an area where it detects
at least one visual marker the mean error is practi-
cally zero in both cases. However, as expected, in
the scenario where the markers placement is not op-
timized the areas where the vehicle does not detect
any visual marker are in greater number. When
this happens, there are no available sensor mea-
surements and the estimation of the vehicle’s pose
is based exclusively on the prediction step of the
EKF, which only takes into account the constant
velocity state-transition model. In this situation,
the pose estimation deteriorates with each iteration
and consequently, the filter loses track of the vehicle
and is not able to recover from this loss.

5. Conclusions

The results obtained show that it is possible to pre-
dict the position and orientation of a mobile vehicle
in an indoor environment using visual markers as
navigation aids. However, the success of this navi-
gation method depends on several factors.

The results from the optimization process show
that coverage increases with M (number of visual
markers), so ideally an infinite number of visual
markers guarantees complete coverage and infinite
redundancy. However, an infinite number of visual
markers is not realistic, due to the overall system’s
cost and capability to process all the obtained mea-
surements. Also, the results show that, despite the
increase in coverage with M , the incremental gain,
i.e., the difference between the coverage obtained
for M and M + 1, decreases. When it reaches zero,
this corresponds to saturation on M and can be one
of the factors that justify the use of a given num-
ber of visual markers in a given scenario. Increasing
the number of visual marker from this point onward
only increases redundancy to the system. That be-
ing said, a trade-off between coverage and the num-
ber of visual markers used is of crucial importance
to the system performance. Also, by optimizing
their position the number of visual markers might
be reduced which might present financial savings in
the implementation of real systems.

5.1. Future Work

Several aspects of this thesis are still an open is-
sue. A future work should include the realization of
a better optimization algorithm with an objective
function that does not neglect variables, like redun-
dancy or areas of interest. The redundancy can be
measured by the area covered by two or more sen-
sors and the areas of interest can be included by
weighting the covered areas.

The placement of the visual markers in the sce-
nario also only considers occlusions due to obstacles
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and construction, neglecting occlusions caused by
other moving agents, like other vehicles. The ob-
jective function should also include several config-
urations of markers, this is so because the markers
can have different shapes and sizes, they can either
be in colors or in black and white, they could have
reflective properties or not, etc., so that in the same
scenario one could have different configurations of
markers to suit each scenario characteristics.

Regarding the localization method, it estimates
the UAV pose with respect to a fixed-world coordi-
nate frame using only image information from aerial
images. As stated before, vision-based tracking sys-
tems are severely prone to problems of occlusions
and lack robustness against fast motion dynamics,
which may lead to loss of visual features. The in-
tegration with another type of measurements, for
example, fusing visual and inertial measurements
from an Inertial Measurement Unit (IMU) rigidly
connected to the UAV can therefore yield, in prin-
ciple, a more robust and accurate tracking system
for pose estimation. The aim of inertial and vision
sensor integration is to overcome some fundamen-
tal limitations of vision-only tracking and IMU-only
tracking systems using their complementary prop-
erties. IMUs incorporate accelerometers and gyro-
scopes for measuring translational accelerations and
angular velocities of the objects they are affixed to
with high sampling rates; this feature makes them
ideally suited to track fast and abrupt movements.
Also, being internally referenced and immune to
shadowing, illumination and visual occlusions, in-
ertial sensors can track body motion, in principle,
without restrictions in space.

Finally, since the program is still only working
in simulation environment, a practical implementa-
tion to validate and evaluate the program is missing.
The marker matching is not a relevant problem in a
simulation stage, however it will become indispens-
able in a prototyping stage. A future work will need
to address this issue.
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