Aligning methods for visual landmark-based maps
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Abstract: When having a multi-robot system in and the maps represent the localization of a set of dis-
which each robot contructs its own local map, it can tinctive points from the environment with respect to a
be necessary to perform the fusion of these local mapgglobal reference frame [3, 4]. These distinctive points are
into a global one. The Map Fusion problem involves landmarks accompanied generally by a visual descriptor,
the consecution of two different tasks: Map Align- which encodes the visual appearance of these landmarks.
ment and Map Merging. The Map Alignment consists
in computing the transformation, if existent, between
the local maps. In this way, all the observations will
be referenced to a common global frame. In the Map
Merging stage, a global map is constructed from the
local maps by integrating their information. This pa-
per is focussed on the first step: Map Alignment. Par-
ticularly, a collection of aligning algorithms is eval-

The process of SLAM can be performed by a single
robot, but it will be more efficient if a team of robots
cooperate in the solution of this task. This approach
is denoted as multi-robot SLAM. In a multi-robot sys-
tem, the robots explore simultaneously the environment
and perform observations of it in such a way that a suit-
able map can be built collaboratively. Many solutions to
: , the multi-robot SLAM problem have emerged [5, 6] so
uated in °rd,er to select the method that opt_ams the far. These solutions cgn be classified intogtwo[diffgrent
best r_esults in terms of accuracy an(_j stability. The groups. On the one hand, there are solutions in which
_exper'lments are performed in a multi-robot system, the estimate of the trajectories and map building is per-
in which each robot constructs I'FS own local map in- formed jointly [2, 7, 8] SO that a unique map is built. In
dependently. These m'aps are V|§ual Iandmark-basedthis case, robots have a global notion of the environment
and the mapping algorithm used is FastSLAM. and thus the exploration can be performed efficiently.
However, the computational cost is higher and the ini-
tial pose of robots should be known, which is something
that may not be possible in practice. On the other hand,
1 there are solutions in which each robot builds its own

INTRODUCTION local map independently [9]. The robots maintain their

A real autonomous robot must have the ability to exploll%Cal maps until the fusion of the maps is required. Ac-

an environment and build a map of it. As a consequerfccgdmg t0[10], one of the main advantages of using inde-

the problem ofSimultaneous Localization and Mappingzndent local maps is that the data association problem is

(SLAM) has received great attention. Regarding to t ade easier. I_n this'ca'\se, new observations shogld only
sensors used, many approaches use range sensor Sl}():ﬁ tched with a limited number of landmarks in _the
SONAR [1] or LASER [2]. However, there is an increa ocal maps. Moreover, the fusion of the local maps |'ntc')
ing interest in using cameras as sensors in SLAM. TI"i"is.QIObaI Oneé Increases the robu;tness of the ass_omat_lon
is due to the fact that cameras obtain a higher amounPbfcess: Besides, it can be considered the case in which
information and are less expensive than lasers. Besi&gg,m't'al poses of the robots are unknown.
3D information can be provided when stereo cameras ardlap fusion has received attention since the last few
used. years. This is a challenging approach since many impor-
Most visual SLAM approaches are landmark-bas&mht issues must be faced. For instance, the moment in
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which the map fusion should be performed. Some ais Corner detector [16] and described by U-SURF [17].
thors propose &endezvoustrategy [6, 9, 11], in which The combination of this detector and descriptor was se-
the robots try to meet each other in a location and thiested as the most suitable feature extractor under our re-
merge their maps by means of the shared data. In [Idijjrements in a previous work [18, 19]. In this case, two
the meeting point is estimated with a particle filter apebots explore an indoor environment in the first floor
proach and afterwards the robots arrange to meet in thiabur building. The appearance of this environment is
location. that of a typical office building in which the most com-
The fusion of local maps is performed in two maimon elements are doors, posters in the walls, windows,
steps. The first one consists in computing the transfete. The robots initially start from different positions and
mation, if existent, between the local maps. This is ddéen continue navigating and building their maps inde-
noted as Map Alignment. Then, once the transformpendently, i.e., each robot has no knowledge about the
tion between maps is known, the second step is to mepgsition of the other robot and its observations. The lo-
the maps (Map Merging). The problem is to decide haval maps built by the robots consist of the coordinates
to integrate the information from each local map intocf the Harris points detected and their correspondent de-
unique global map. scriptor U-SURF. Each map is referred to the local ref-
This paper is focussed on the first step, i.e., M&pence frame of each robot, which is located in its initial
Alignment. In order to solve the transformation betwedtarting position.
local maps, some approaches try to compute the relative
poses of the robots. As soon as the relative poses are 3 ALIGNING METHODS
known, the alignment of the maps is immediate. In that
sense, the easiest case can be seen in [2], where the helthis section, several methods for map alignment are
tive pose of the robots is considered known. A more chakesented. These methods are suitable for aligning maps
lenging approach is presented in [6, 9]. As mentioneghich are landmark-based. Particularly, in this case these
above, in these strategies a meeting point is arrangeci®ps consist of tha D coordinates of significant points
the robots in order to share information of their maps asgtracted from the environment (Harris points) and their
compute their relative poses. More difficult would beorrespondent descriptor (U-SURF). All these methods
the approaches in which the robots determinate whettrgrto establish correspondences between the detected
any alignment exists or not without the need of meetingpints in both maps by means of their descriptor sim-
just by sharing the information of their maps. Some ailarity. Then, different techniques are used in order to
thors present feature-based techniques in order to aligmpute the alignment of these maps from these corre-
maps [12, 13, 14]. The basis of these techniques is to fsgbndences.
matches between the landmarks of the local maps and
then to obtain the transformation between them. Our pa- 3.1 RANSAC
per focusses on the latter approach. Particularly, our aim
is to analyze the performance of some methods that corhis technique has been already applied to map align-
pute the transformation between a paiB@ landmark- ment in [12]. The steps of this algorithm are described
based maps. The experiments are performed with realow.

data using the FastSLAM algorithm. ) _ _ _ _
1. First, a list of possible correspondences is obtained.

Two points are considered as correspondences if the
2 MAP BUILDING Euclidean distance between them is the minimum

and it is below the thresholth,. The coordinates
The mobile robots used in these experiments are Pio- ;, — (z; 4, z) are the landmarks of one of the
neer P3-AT, provided witha LASER and a STH-MDCS2  maps, andn’ = (), ., 2}) their correspondences
stereo head from Videre Design. The mapping and nav- in the other map.
igation algorithm used is the FastSlam algorithm intro-
duced in [15]. The robots construct progressively visual. In a second step, two pairs of correspondences are
landmark-based maps of the environment by using exclu- selected at random from the previous list. These
sively the stereo camera and the odometry information. pairs should satisfy the following geometric con-
The visual landmarks, extracted from images of the en- straint:

vironment, consist of Harris points detected by the Har- A2+ C%?~ B?+ D? (3.1)



whereA = (z;—z}), B = (y;—v;),C = (z;—x;) B is computed as shown in Algorithm 1 of this sec-
andD = (y; — y;). The geometric constraint istion. In order to construct this list of correspon-
satisfied if (424 C?) — (B%+ D?)| < thy. Thetwo dences % andm’), the first step of the RANSAC al-

pairs of correspondences are used to compute gfogithm (3.1) is performed. Then, the geometric con-

alignment parameters,(t,, 6) with the following straint of Equation 3.1 is also evaluated. The internal

equations: parameters are equal to those specified in Section 3.1.
ty = x; — x;cosf — ylsin@ (3.2) Data: m andm/’
Result Computation of matrixB
ty =yi —y,cos0 + xsinf (3.3) [u, d, v] = svd(m);
z=u-m;
6 = arctan BC - AD (3.4) sv = diag(d); , ,
AC + BD z1 = z(1 : n); Il nis the number of eigenvalues (not

equal to0) in sv.
3. The third step consists in looking for possible corre- , — », /sy;

spondences that support the computed transformag — 4 4

tion (tz,ty, ), setting the thresholth,. Finally, the  Agqrithm 1: Computation of the transformation ma-
second and third step are repeatédimes. The fi- iy with SVD.

nal solution will be the one with the highest number

of supports. 3.3 ICP

In our experiments, we have selected these values forTine Iterated Closed Point (ICP) technique was intro-
thresholds mentioned abov&i, = 2m, th; = 2m and duced in [22, 23] and applied to the task of point reg-
the = 2m. Furthermore, a parameterin = 20 estab- istration. The ICP algorithm iterates two steps:

lishes the minimum number of supports in order to vali-
date a solution and/ = 70 is the number of times that
steps2 and3 are repeated. These are considered as in-
ternal parameters of the algorithm and their values have
been experimentally selected .

1. Compute correspondencés:, m’). Given an ini-
tial estimateB, a set of correspondencés:, m’)

is computed so that it supports the initial parame-
ters of By. By is the transformation matrix between
both maps indicated in expression 3.6.

3.2 SVD 2. Update transformatio®. The previous set of cor-
respondences is used to update the transformation
One of the applications of the Singular Value Decompo- B, The newB,; will minimize the expression:
sition (SVD) is the registration afD point sets [20, 21]. lm — m’ - Byy1||, which is analogous to the ex-
This concept means obtaining a common reference frame pression 3.5. For this reason, we have solved this
by estimating the transformations between the data sets. step with the SVD algorithm (Algorithnt in Sec-
In this paper the SVD has been applied for the computa- tjon 3.2).
tion of the alignment between two maps.
Given a list of possible correspondences, our aim is toT he algorithm stops when the set of correspondences

minimize the following expression: does not change in the first step, and therefBgg; is
equal toB in the second step.
lm'B — m| (3.5 This technique needs a quite good initial estimation of

the transformation parameters so that it converges prop-
wherem’ andm are sets of correspondences betweeny. For that reason, in order to obtain an appropriate ini-
both maps. NextB is the transformation matrix betweettial estimate we perform the two first steps in RANSAC
both coordinate systems: algorithm (3.1).

cos —sinf

3.4 ImpICP
sinf cosf

o= OO
— o O O

B= 0 0 (3.6) The improved ICP (ImpICP) method is a modification of
t ty the previous algorithm of Section 3.3, which has been



performedad hoc In the previous subsection the im-

portance of having a good initial estimate was explained. 2

Besides, our method to compute this initial estimate was | . | o
described. However, the accuracy of the results obtained - Lo | .%g“p 891
is highly dependent on the goodness of the initial esti- b *@#ﬁm - _}%g"’e %
mate. For that reason, in this new version of the ICP o R /@
algorithm, we have increased the probability of obtain- Tos i N o

ing a desirable result. Particularly, we obtain three dif- e , o

ferent initial estimates instead of only one. This is per-

formed by selecting three different pairs of correspon- S
dences each case in the second step of the RANSAC al-

gorithm (Sec. 3.1), leading to three initial estimates. For (2)

each initial estimate, the algorithm runs as in Section 3.3. 6

Finally, the solution selected is the transformation that is st o ! ~*
supported by the highest number of correspondences. o L ‘?% "
% ¥ o
s BT Beiesad O
4  EXPERIMENTS o e 8®
or 2 # ;P e 3 %
The purpose of these experiments is to compare the per- e, O.@

formance of the methods described in Section 3 as a tool AW = o s 1 2

for aligning visual landmark-based maps. The initial sit-

uation is that the robots begin the construction of their (®)

Iocgl_maps |ndepeqdently and do not know their rela‘uﬁgUlre 1: Map alignment (2D view). Fig. 1(a) shows

positions. In practice, we want to evaluate the behav- . .

ior of the aligning methods at different steps of the ma wo local maps before the al.lgnment' Fig. 1(b) shows

. o . %‘e same maps after the alignment.

ping process. At the beginning, the maps built by eac

robot have sparse landmarks resulting in a extremely re-

duced number of correspondent landmarks between bwthting the relative position between the robots when be-

maps. As a consequence, the alignment of these miagsboth in their initial positions. These initial positions

will surely fail. However, this situation improves as thare the origin of the local reference frame of each robot.

size of both maps increases in such a way that there Bne error of the alignment parameters regarding to the

more coincident landmarks between both maps. In tliisound Truth is measured in meters.

second situation, the map alignment is expected to b&he FastSlam algorithm is performed in several iter-

performed successfully. ations corresponding to the total number of movements
In order to carry out our experiments, the most properformed by the robot. In the experimehts an index

able map of each robot is used to compute the transfinat denotes the order of the iteration. In our case, the to-

mation between both maps. This process is repeatetiimumber of iterations is8 = 1410 and the final sizes of

several iterations of the FastSlam algorithm. The mdke maps arenap; = 263 landmarks andnaps = 346

probable map is the map of the most probable particlel@fidmarks. These maps have a dimensiosbof 15 me-

the filter in each particular moment. The aligning metkers approximately. In Fig. 1(a) we can observe the local

ods described above compute the alignment parameteaps constructed by each robot and referred to its local

tz, t, andd. These parameters allow us to transform ofr@me. In this figuremap, is represented by stars and

of the maps into the reference frame of the other one, tin@s 181 landmarks. On the other handhap, is repre-

performing the map alignment stage. The accuracy of gented by circles and its size is 7 landmarks. Then,

aligning methods is evaluated by means of the error in fhig. 1(b) shows the result after aligning both maps. This

estimation of the alignment parameters. In our case, tei@ample corresponds to the iteratiora= 810.

error is computed as the Euclidean distance between thEig. 2 illustrates the comparison of the aligning meth-

alignment parameters;, ¢, and6 and the real relative ods we want to evaluate. For each method, the error val-

position between both robots. This real relative positioes { axis) vs. the k-iteration of the algorithmz(axis)

is what we callGround Truth and was obtained by cali-are represented. Logically, as the number of iterations



12 y . . . T T T 250
—6— RANSAC
—%— SVD

IcP |
—%— ImpICP

101

# supports

Error
o

o L N g b
B e

1 | f !
60 110 210 410 810 1210 1409 0 2
K-iteration

Figure 2: Evaluation of aligning methods. 14

increases, the size of the maps constructed will be higher o
and therefore it will be more probable to find a solution
close to theGround Truth. For this reason, it is ex- 0zl

. . . . A'/\L A A
pected to obtain small error values as the k-iteration in- ° T
K-iteration

creases. In Fig. 2 we can observe that the worst results

are obtained withSV D. For instance SV D has a er- Figure 3: Results obtained with RANSAC algo-

ror of 4m with  — zte.ra,tzon = 1409, I'e".at the .end rithm. Fig. 3(a) shows the number of supports ob-
of the FastSlam algorithm. Next, ICP obtains similar re-. ; .
. . : fained. Fig. 3(b) shows error in each component of

sults. However, it achieves better results in some Cases. alignment parameters
For example, wittk —iteration = 810 the error is lower p ’
than1m. Then, the ImpICP algorithm outperforms these
previous methods, since it achieves really small error vgbrithm. As a result, the RANSAC algorithm has proved
ues. Nevertheless, RANSAC is the method that obtatosbe the most suitable tool in order to align this kind
better results. Despite the fact that it gives no solutioh maps. The results presented by this algorithm have
with k£ —iteration = 60 (probably because the maps arshown small error values and a stable behavior along dif-
still too sparse in this iteration), the algorithm obtains tlierent number of landmarks in the maps.
smallest error values. In fact, froln— iteration = 410 As future work, our aim is to study the next stage
on the error is no higher than5m. in map fusion, which isMap merging This is a quite

Finally, Fig. 3 focusses on the RANSAC algorithm rezhallenging problem since maps built by different robots
sults. Fig. 3(a) shows the number of correspondenggsuld be merged into a single one.
that support the estimate of the alignment parameters ob-
tained, i.e., the number of supports. The number of sup-
ports increases with the— interation values as can be
observed in Fig. 3(a). On the other hand, Fig. 3(b) shows
the decomposition of the error in its three componentdlis work has been supported by the Spanish Gov-
i.e., the error in the estimate of each one of the alignm&ffment under project 'Sistemas de Perc@pcvisual

parameters,, t, andd. Fig. 3(b) leads to the deductiorMovil y Cooperativo como Soporte para la Realizaci
that the estimate of thg, parameter is the most critical. & Tareas con Redes de Robots’ CICYT DPI2007-

61107 and by the Generalitat Valenciana under grant
BFP1/2007/096.
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