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1. Introduction

The autonomous navigation of a mobile robot
requires having a representation of the environ-
ment in which the robot has to move. Obtaining a
high quality representation is a complicated task
[12,21,29]. On one hand, the sensors used to per-
ceive an environment have a limited range, which
forces the robot to move to build up a complete
representation, introducing odometric errors into
the measurements. On the other hand, these sen-
sors usually have a high level of noise, which gives
rise to an inadequate and even erroneous percep-
tion of the environment. Furthermore, the envi-
ronment may have dynamic characteristics, and
the robot must deal with its representation in real
time.

This representation can be drawn up by identi-
fying certain elements from the environment, re-
ferred to in the bibliography as landmarks or bea-
cons. Any relevant object in the environment that
can be recognized in a robust and reliable manner
can be considered to be a landmark. A landmark-
based representation of the environment incorpo-
rates an abstraction operation over the perceived
information, allowing the representation to be sim-
plified and structured; it projects the informa-
tion in symbolic terms, which simplifies the res-
olution of high-level tasks, such as planning or
communication with humans. In the bibliography,
two types of landmarks can be distinguished: on
one hand, some authors define landmarks with a
low semantic content, but which are easily iden-
tifiable (e.g., flat surfaces, edges, cylinders, etc
[7,15,27,28,33]), while others use landmarks with
a greater semantic content, but which are more
difficult to identify (e.g., doors, corners, corridors,
etc. [2,14,16,18,26]). In general, the latter are the
most useful, as their higher semantic content aids
in defining and reasoning about the topological
structure of the environment. Another factor to
be taken into consideration for evaluating the use-
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fulness of a landmark is whether it is common to
a large number of environments, since the more
environments have this landmark the more gen-
eral the navigation system upon which it is based
will be. In indoor environments, corridors, which
contain information that is essential for naviga-
tion, and doors, which connect the different places
of the environment, are probably the most useful
landmarks, as besides bearing valuable topologi-
cal information, they are common to almost all in-
door environments. Doors have an additional char-
acteristic that makes them even more interesting:
in the majority of indoor environments they are
the most common landmark, and thus can be very
helpful for localizing mobile robots. For example,
a short trajectory in a given corridor may be suf-
ficient for door-based localization, while corridor-
based localization may require the robot to travel
a considerable distance through a number of cor-
ridors.

The bibliography shows the use of different
types of sensors for landmark detection: sonar,
laser [20,32], and video camera [5,9]. The most
frequently-used sensors in mobile robotics are
sonar belts [4,10], where each sensor measures the
distance to an obstacle in the environment. The
widespread use of these sensors is due principally
to their low cost, simplicity and low energy con-
sumption; nevertheless, their measurements are
greatly affected by noise, and are highly imprecise,
which severely hampers their use in recognition
tasks. It is possible to obtain more precise mea-
surements of the environment, with less noise, us-
ing laser sensors; the downside is their high cost,
which makes them unadvisable if a low-cost robot
is aimed for, and their high energy consumption,
which can severely curtail the robot’s autonomy.
Video cameras allow large quantities of informa-
tion to be extracted from the environment, but
making use of all this information implies a high
computational load.

In this work we use the Multivariable Fuzzy
Temporal Profile model (MFTP), a new model
that is based on the Constraint Satisfaction Prob-
lem (CSP) formalism [8], and on the Fuzzy Set
Theory [35], to detect landmarks over the sensors
of mobile robots. We have applied this model to
the recognition of landmarks over sonar sensors,
to show the model’s capability of handling noisy
signals. The MFTP model makes it possible to de-
scribe the patterns produced by landmarks on the

sensor signals, and to project them into a com-
putable representation, which is used to identify
the pattern, and thus the landmark, over the sen-
sor readings. We have developed a tool that per-
mits the description and validation of the pattern
over the sensor readings, and a software applica-
tion that works as a client of the robot, enabling
real-time identification of landmarks.

This paper is structured as follows: in the next
section the problem of sonar landmark detection
is described, and the most relevant approaches
from the bibliography are appraised. Section 3 ex-
plains the MFTP model, the matching process and
how MFTP is capable of modelling patterns cor-
responding to different landmarks that are com-
mon in indoor environments. Section 4 shows the
experimental results obtained for the Nomad 200
and Pioneer AT robots in different environments,
and these results are discussed in section 5. Finally,
in section 6 the most relevant conclusions of this
work are presented, along with its possible future
extension.

2. US based landmark-detection: related work

The operation of US sensors is based on the mea-
surement of the time elapsed from the emission of
a sound pulse, of a range of frequencies, until its re-
flection off objects ahead of the sensor is detected
[19]. Based on the speed of sound, the distance to
the reflecting objects can be calculated. These sen-
sors are inexpensive, simple to install, relatively
precise, light, and energy efficient. Nevertheless,
they do have limitations, the most important pos-
sibly being their low angular resolution, since the
pulses are emitted forming a conical beam of ap-
proximately 10°. Moreover, very smooth surfaces
or highly oblique angles of incidence may give rise
to specular reflections and hinder the detection of
the object. On occasion, the reflected beam col-
lides with another new object, giving rise to a dis-
tance that is greater than the true one. An addi-
tional problem is crosstalking: a beam emitted by
one sensor may be received by another one. This
can be minimized by following certain sensor trig-
ger patterns.

All these problems result in sonar readings hav-
ing high levels of noise and imprecision, the re-
sult of which is that there are few successful
works in the literature where they have been ap-
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plied to landmark detection. Achieving good de-
tection is even harder when landmarks produce
non-distinctive patterns over sensors, such as door
frames, as these patterns can be distorted or falsi-
fied by the noise and imprecision of the readings.
This has resulted in more expensive and complex,
but also more precise, sensorial devices (e.g., laser
[20] or vision [9]) being preferred in the literature
to locate doors, and other landmarks which pro-
duce subtle patterns.

One approach to overcoming the limitations of
imprecision and noise in US sensors is to con-
struct sensors with various emitters and receivers
[1,6,13,25,31]. In order to do so, they measure the
changes over time in the echoes received by the
different receivers, and on the basis of this infor-
mation it is determined which type of landmark is
returning the US. The main drawbacks for these
types of sensors are that they are more complex
than standard ones (which simply measure the
time of flight of the US pulse) and, as far as the
authors are aware, their lack of commercial use. In
any case these sensors have only been used suc-
cessfully in the detection of three simple types of
landmarks: flat surfaces, corners and edges.

The detection of doors, one of the most impor-
tant landmarks in indoor environments, is much
harder when the system aims to distinguish be-
tween open and closed doors. For example, in [9] a
sonar sensor is employed for locating open doors,
whilst a vision system is used for detecting closed
ones, due to the lack of salient characteristics in
the patterns produced by the latter over US sen-
Sors.

In [16] an expert system is built that attempts
to reproduce the modus operandi of a set of hu-
mans locating doors visually over US signals. De-
tecting each new landmark requires studying how
humans solve the problem, as well as finding and
implementing a different ad hoc detection proce-
dure. In this article a single test case is shown,
where 9 out of 10 doors are correctly detected, but
no real validation is provided.

In [18] fuzzy temporal rules are used to identify
patterns over the temporal evolution of the US sen-
sor signals. Fuzzy rule-based pattern description is
not intuitive, and it does not allow a clear sepa-
ration between the knowledge base employed and
the detection algorithms that use this knowledge.
This means that adding landmarks to the system
requires implementing new matching algorithms,

which is not the case with our proposal. In this
work a validation of the proposal is presented, the
results of which are improved upon in the present
study.

Landmarks, extracted from US signals, are used
in [33] to localize a mobile robot. Candidate land-
marks are extracted by means of triangulation,
and a voting scheme selects the best of them.
This method only finds point landmarks (vertical
edges), such as door-frames, that cannot be in-
tegrated into higher abstraction level landmarks,
such as doors, and is more oriented to detect-
ing landmarks which produce strong patterns over
sonar signals in non-symmetrical environments,
such as furniture in rooms.

In [26] the authors build a set of templates for
several landmarks, and employ them to search
for landmarks over US sensors. The templates are
built under the assumption that sonar sensors will
provide a precise outline of the landmark, and they
depend both on the type of landmark, and on the
orientation from which it is observed. This ap-
proach cannot be applied to door frames, as they
have concave surfaces and, as the authors state,
their method cannot be applied due to the sonar
reflections they produce.

Saphira [14], a commercial closed system, is able
to detect doors employing US sensors, but only
when they are located inside corridors; doors lo-
cated on corners or in the intersection of corridors
are outside its scope. The lack of documentation on
the procedure employed for this commercial sys-
tem for detecting doors, or its performance, pre-
cludes any comparison. Even so, in ours tests the
use of our model has always given superior detec-
tion results.

3. Our approach for landmark detection: MFTP
model

The different landmarks in an environment pro-
duce characteristic patterns over the temporal evo-
lution of some of the robot’s sensors. Some of these
patterns may be easily described by knowing how
the temporal evolution of the sensor will be af-
fected by the landmark, and this description can
be verified by the visual inspection of the sensor
signals.

With the aim of clearly introducing the different
concepts of the model, we use the door-detection
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Fig. 1. Robot passing parallel a closed and open door, and
their characteristic signal pattern on US signal.

problem. We now go on to analyze what happens
to US readings when a mobile robot equipped with
a belt of US sensors passes by a door. Before reach-
ing the door, the signals of the sensors pointing
to the wall 45° forwards and backwards with re-
spect to the displacement direction (sensors 2 and
6 in Fig. 1a) are approximately constant, as they
measure the distance to the wall. Doors have flat,
smooth surfaces which reflect the USs, thus when
the sensor pointing 45° forwards is directed at a
closed door, the US beam does not reflect off it,
rather off the furthest side of the door frame (F2).
This phenomenon produces a sharp rise in this sen-
sor (sensor 2 in Fig. 1a). If the door is open no ob-
ject reflects the beam back to the US, which also
gives rise to a sharp increase in the signal of this
sensor (Fig. 1b).

Later on the sensor pointing 45° backwards is
the one that is directed at the door, and the beam
reflects off the first door-frame (F1). As long as
the robot moves away from this frame the sen-
sor value increases gradually, until this sensor once
again is pointed at the wall; at this juncture there
is a pronounced fall in the sensor value (Fig. la).
The same fall occurs if the door is open, due to the
reflection of the US beam on the wall beyond the
door (Fig. 1b).

With the Multivariable Fuzzy Temporal Profile
model (MFTP) it is possible to identify a pattern
M, described by a human being, over the temporal
evolution of a set of parameters P = {P*, ..., P"}.
In the landmark detection problem, each of the pa-
rameters P7 corresponds with a robot sensor read-
ing, PI = {vfm}, m € N}, tfm] being the time in-

stant corresponding to the sample m. The pattern
M consists of a series of findings and relations be-
tween them; each one of these findings can in turn
be represented by another MFTP that acts as a
sub-MFTP of the main pattern.

The MFTP model is based on the formalism of
Constraint Satisfaction Problems (CSP) [30], and
on the Fuzzy Set Theory [34]. The CSP formal-
ism supplies a support for pattern representation,
as well as for the development of recognition algo-
rithms. Using the Fuzzy Set Theory enables it to
adequately model and handle the imprecision and
uncertainty that are characteristic of the problem.

The MFTP model [23] extends the Fuzzy Tem-
poral Profile model (FTP) [11], the latter allow-
ing findings described as a particular morphology
over the temporal evolution of a single parameter
to be represented and recognized. The fact of be-
ing able to relate the occurrence of different find-
ings amongst parameters is of great importance:
a sharp increase in the readings of a sensor may
be brought about by many causes (noise, a col-
umn, a turn by the robot itself, etc.). We will see
how the integration of information from a number
of sensors makes it possible to eliminate the high
number of false positives that could be expected
of the detection of such a simple pattern over such
a noisy signal.

3.1. Fuzzy concepts

Given as discourse universe the set of real num-
bers R, a fuzzy number A is a normal (3 v € R,
pa(v) =1) and convex (Y, v',v" € R, v' € [v,0"],
pa() > min pa(v),pa(v”)}) fuzzy subset of
R. We obtain a fuzzy number A from a flexi-
ble constraint given by a possibility distribution
w4, which defines a mapping from R, to the real
interval [0,1]. Given a precise number v € R,
wa(v) € [0,1] represents the possibility of A be-
ing precisely v. Although the validity of MFTP
model is not restricted to a specific representa-
tion of possibility distributions, in practice it will
suffice to work with a trapezoidal representation
A = (a,f,7,0), where [3,7] represents the core,
core(A) = {v € Rjra(v) = 1}, and ]e, d[ repre-
sents the support, supp(A) = {v € R|ra(v) > 0}
(See Fig. 2).

We introduce the concept of fuzzy increment
with the aim of representing quantities, such as
the difference between two numbers, fuzzy or not.
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The fuzzy increment between pair of fuzzy num-
bers A and B is given, following Zadeh’s extension
principle [34], by D such:

mp(i) = mgjﬁm {ma(t),m5(s)}

3.2. The MFTP Model

A MFTP [23] is made up of a set of especially
relevant points, defined over the temporal evolu-
tion of the sensors readings, and a set of flexi-
ble constraints delimiting the evolution that is ex-
pected in the presence of a landmark. These con-
straints are represented by fuzzy numbers, allow-
ing a pattern to be modelled as a flexible set of
possible evolutions of the parameters.

Definition 1 We define significant point on a pa-
rameter P7, Xij =< Vij,Tij >, as the pair formed
by a variable from the domain V;j and a temporal
variable TZJ In the absence of constraints the vari-
ables V7 and T! may take any precise value Ufm]

and t{m] , Tespectively.

We denote by A} =< v/, t] > the abbignment of
precise values to the 81gn1ﬁcant point X7, ) it
means that V/ = o) = v[ | and T =t :t]

A general fuzzy constraint is defined between a
set of significant points, providing a computable
support to soft descriptions about the evolution of
a parameter.

Definition 2 A fuzzy constraint R between a set of
significant points ng‘,...,ng is defined by means
of a fuzzy relation C' = C(Xffl7...7ng’“), C is
defined by means of a membership function uc,
which associates a degree of satisfaction of R to
each assignment of precise values to the significant
points X1, ..., X]".

With the aim of making a compact but suffi-
ciently expressive description of a signal pattern,
we use a reduced set of constraints, which carry
out a fuzzy linear approximation to the desired
pattern. In order to do so we define three types of
fuzzy constraints between each pair of significant
points, which limit: the duration between points,
the increase in value between them, and the slope
of the imaginary straight line that joins them.

Fuzzy duration. We define a constraint L7'72

1112
between significant points Xgll and Xf; on pa-
rameters P and P72 (L], if ji=jo=j), by
means of a normal, convex possibility distribution
e L (le ,X”) N (h), that limits the

1112
ivin
temporal extension between these two significant
points. The assignments 77" = ¢! and T} = t]2
are possible if 77}1]11;2 (t? — t“) > 0. In Fig 3 the
constraint L, allows the hngulstlc description “a
little after” to be modelled.

Fuzzy increase. We also define a constraint D772

2122
between significant points Xfll and Xf; on com-

mensurable parameters PJ* and P72 (Df”2 if

j1=j2=j), by means of a normal, convex possibi-
lity distribution Hoopiiiz (Xgll,ng) = P (d),
that limits the fuzzy increment between these sig-
nificant points. The assignments V7' = v/ and
V;Jf = vfz are possible if WEZ;JZ (vfj - vfll) > 0. In
Fig 3 the constraint D%, allows modelling the lin-
guistic description “increase on the sensor’s read-
ing”. _ _

Fuzzy slope. For significant points X] and X7,
corresponding the same parameter PI . it is useful
to define a constraint M? by means of a normal,

21 l )
convex possibility distribution z,_ ey (X IoxIy =

917 12

oM’ (m), that limits the slope of the line be-

2112

tween these points. The assignments VJ = vfl,
Vj = v}, Tj tJ and Tij2 = t{z are possible
if 7r1”2((vf-2 — v )/(tj —t])) > 0. In Fig 3 the
constraint M, models the linguistic description
“sharpness in the increase of the sensor’s read-
ings”, where “sharpness” is modelled by a high
slope value.

Definition 3 We define a Multivariable Fuzzy Tem-
poral Profile (MFTP) M =< WM XM RM >

as a finite set of MFTPs WM = { MM, ..., MM},
a finite set of significant points XM = {le X

717 197
Xgl X]z
BEC

710"

.} and a finite set of fuzzy con-
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straints RM = {Ry, ..., R.} amongst the points of
WM and XM,

The recursive structure of the MFTP model
is based on the manner in which humans carry
out abstraction operations, by integrating multi-
ple items of information at different levels: often a
finding is defined as a complex pattern that arises
from the aggregation of a set of findings over differ-
ent parameters. Each of these findings may also be
a pattern. At the same time, any finding may form
part of different patterns describing more com-
plex findings. The structure described by a certain
pattern can be interpreted as an expression that
may be formed by a set of non terminal symbols
(each one of the MFTPs M =< WM, XM RM >
where WM # @) and a set of terminal symbols
(each one of the MFTPs M =< WM XM RM >,
where WM = @). Terminal symbols correspond to
findings defined as a set of significant points and
a set of constraints between them. The aggrega-
tion of findings is carried out by means of new con-
straints that link the different findings by means
of their significant points.

Definition 3 is designed to make the model as
general as possible. Nevertheless, in a good num-
ber of applications, door detection among them, a
pattern to be detected is defined by a specific tem-
poral layout between the findings, and each one
of these findings is defined as a particular mor-
phology of the evolution of a parameter. Thus a
pattern of findings is given by a MFTP M =<
WM, @, RM > where each finding Mﬁ/l e WM
is defined over a single parameter, and takes the
form MM =< @,)(/V‘{lw,R/\/‘{lvl >.

A MFTP can be represented by a hypergraph in
which nodes correspond to significant points, and
arcs correspond to constraints. Figure 3 shows the
hypergraph of the METP used to recognize doors.
This graph agrees geometrically with the morphol-
ogy of the profile that it represents, which makes
it a visual metaphor that helps in pattern editing.
Thus, along with the MFTP model, the Tool foR
anAlising and disCovering pattErns (TRACE) has
been developed [24]. This is graphical tool for visu-
ally editing patterns. TRACE incorporates a set of
utilities for handling the model’s fuzzy constraints,
aiding in the landmark definition task.

X D
YR\ M5

2 2 2
<L,,. D, M}, > sensor 2

sensor 6

MD

Fig. 3. Graph corresponding to the pattern that models
a generic door, regardless of whether it is open or closed,
drawn over a real occurrence of a door pattern.

3.3. Landmark recognition

The ultimate aim of the MFTP model in its ap-
plication to landmark recognition is to identify the
occurrence of a landmark M over the evolution of
the sensor readings P of the robot. From the CSP
formalism, the recognition task is formally equiv-
alent to the search for solutions M in P.

Definition 4 We define a solution of M as a set
of assignments A = {A}, ..., AL, .. AT, L AT}
to all the significant points of M that satisfies the
set of constraints that make up M, with a degree
greater than zero. The degree of satisfaction of a
solution A is given by:

™M(A) = min{ min{rM" (AM)}
MMewM

min{m ™ (AR*)}}, (1)

RkGRM

where AM?” is the projection of A over the set of
significant points involved in M1, and AR* is the
projection of A over the set of significant points
involved in Ry. 7+ is the degree of satisfaction of
Rir € RM and M s the degree of satisfaction
of MM € WM. 7M(A) represents the degree of
similarity between a fragment of the evolution P
with the landmark described by M.

We have conceived a search tree-based assign-
ment procedure with the aim of discarding fu-
tile assignments by following an ordered method.
The search for solutions is performed by Forward
Checking algorithm [3]. This algorithm maintains



A. Otero et al. / Fuzzy Constraint Satisfaction Approach for Landmark Recognition in Mobile Robotics 7

arc consistency between those constraints that in-
volve the current variable and one future variable
each time that a value is assigned to a variable. In
this way there will always be at least one value in
the domain of the following variable that is com-
patible with the current assignment. This search
algorithm is the most suitable backtracking algo-
rithm for our problem [22].

The recognition procedure that has been de-
veloped orders the search following the bottom-
up tree structure of the MFTP. Firstly solutions
are sought for those MFTPs that contain no sub-
MFTPs: those that directly model a morphology
over one of the parameters. This allows a history
of occurrences for each sub-MFTP to be obtained.
Amongst these occurrences, we then search for the
one that best satisfies the constraints that permit
this sub-MFTP to be integrated into the MFTP
that contains it. And this is repeated until M is
found, following the expression 1.

The door pattern represented in Figure 2 is
a very simple example of modelling by means
of an MFTP Mp containing two sub-MFTPs:
MP =< {MP MP}, @, L35 >, where ML rep-
resents a sharp increase in sensor 2, and M{? rep-
resents a sharp decrease in sensor 6. MZ can
be easily described by M¥P =< @ {X? X2},
{L3,,D?,,M%} >. In a similar manner, M
can be described by MP =< o, {X¥ X$§},
{L$,, DS,, M$,} >. Matching is carried out in two
stages: first of all, ML and MY are detected over
signal readings acquired on sensors 2 and 6, re-
spectively. The expression for M2, where AM2 =
(A2, A2), is written below, and an analogue expres-
sion applies for ME:

oM (.AM’?) = min{ﬂLi? (t2 —t3),

P72 (03 — v2)), M2 (03 — v2) /(83 — 13))}2)

where each one of the assignments A? (respec-
tively, A%) comes from the readings of the US sen-
sor 2 (respectively, sensor 6).

The matching algorithm searches the sensor sig-
nals for sets of assignments that are compatible
with the constraints of MZ: {A{ME, . 1/7\45 s by

D MP MP .
and Mg {A77°, ..., A7 °,...}. In the following
stage MP is searched for over the sets of previous
assignments, the constraints that limit both sets
being checked, in this case L3S:

M (A) = min{a M (A7), 2 ME (A7),

Tl (15— 13} (3)

where AM? ¢ A and AV C A.

The recursive structure of the representation im-
proves the efficiency of the recognition task, since
when we break the pattern down, we are effectively
dividing the original problem into simpler prob-
lems. If we also add certain heuristics to the recog-
nition [22], such as the initial search for the most
salient features of the different patterns, highly
satisfactory results can be obtained, as will be seen
in the results section.

The solutions obtained by 3 are filtered by a sim-
ple rule that checks whether the different door pat-
terns found overlap each other (they correspond to
a single door) or not (they correspond to different
doors).

The landmark recognition algorithms have been
implemented in TRACE (See Fig. 6). TRACE
makes it possible to validate described patterns,
and to adjust the parameters of the matching pro-
cedures to optimize its running; e.g., the degree
of compatibility over which a landmark is consid-
ered to be correctly identified must be indicated.
As a result of the execution of the recognition al-
gorithms over the readings of each sensor, the tool
colours in those signal fragments that show a de-
gree of compatibility with the corresponding find-
ing, and makes a set of icons representing the oc-
currences of the landmark appear (doors in Fig.
6).
Patterns defined with TRACE are stored in
XML format. Using TRACE, adding or modifying
a landmark is simply a case of editing, employ-
ing an intuitive graphical user interface, a file in
this format. In the MFTP model, the knowledge
and the recognition algorithms are kept apart,
which significantly simplifies its practical use, as
no knowledge of its implementation is required.

3.4. More on doors and other landmarks

The pattern described by means of the MFTP
model makes it possible to identify both open and
closed doors. Moreover, those doors that are in
the opposite outline produce a similar pattern over
sensors pointing 45° forwards and backwards on
this direction (sensors 10 and 14 in Fig. 1), which
allows the doors to be located simultaneously in
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Fig. 4. The graph corresponding to the pattern that models
a column, drawn over a real column pattern.

both outlines. It is also possible to define a distinc-
tive pattern for open or closed doors, by simply in-
tegrating the behaviour of the sensor of the robot
that is perpendicular to the wall (sensor 4 in Fig.
1) into the definition of the pattern, in order to
verify whether the door sends back the ultrasound
beam or not.

The manner in which the MFTP model is ap-
plied to door recognition is also applicable to the
recognition of other landmarks of interest, such as
corners, ends of corridors and columns (see Fig. 4),
which are common to a large number of indoor en-
vironments. All these respond to a simple descrip-
tion over the signals captured by the sensors, and
thus, can be represented by means of the MFTP
model. In Section 4 a number of results relating to
their detection are shown.

4. Experimental results

In order to validate our proposal we have car-
ried out a series of tests on two different mobile
robots: Nomad 200 and Pioneer AT. Both have a
belt consisting of 16 US sensors which allows the
application of the recognition pattern described in
the previous section. The same pattern could be
applied to any other machine with the same char-
acteristics. All tests with the Nomad, and some of
the tests with the Pioneer, were carried out in the
environment shown in Fig. 5, in the Department of
Electronics and Computer Science of the Univer-
sity of Santiago de Compostela. In order to verify
the generality of our proposal, some of the tests
carried out with the Pioneer robot took place in
two other different environments: the Science Fac-
ulty of the University of Santiago de Compostela,
and the Department of Electronics and Systems of
the University of A Coruna.

Four different types of landmarks were detected
in the tests: doors, ends of corridors, corners and
columns. In the experimental work special empha-
sis was placed on door detection, due to this land-
mark being difficult to detect, and of great rele-
vance due to the topological information they con-
tain. A software application acting as a client of
the robot was implemented, in which the recog-
nition algorithms were executed. The robot sends
the sensor reading via a wireless network to the
client, which in turn informs the robot about the
landmarks detected. The computational load of
the algorithms does allow them to be integrated
into the robot itself, but this manner was more
beneficial for carrying out the experimental stud-
ies and the validation of both the patterns defined
and the algorithm.

All tests were carried out under a wall follow-
ing behaviour [17]. This behaviour keeps the robot
closer to the wall that is being followed than the
opposite one, and is clearly beneficial for door de-
tections, since the robot remains close to wall that
it is following, and follows a path that is relatively
parallel to it. In all other respects, our aim was
for the test to be as representative as possible of
the different situations in which a robot may op-
erate: the robot’s velocity differed from some tests
to others, and in the particular case of the Nomad
200, its operation was considered with the turret
set with the base, or in free movement, guided by
a different behaviour from the base. With regard
to door, some were closed, while some were open
or ajar. Tests were also carried out with obstacles
in the corridors and with people walking in them.

4.1. Door detection with the Nomad 200

A total of eight different tests were carried
out with the Nomad robot in the environment
shown in Fig 5. The results of the detection over
the reference wall and over the opposite one are
shown in Tables 1 and 2, respectively. Each of the
tests corresponds to following a different trajec-
tory through the passageways of the environment.
Tests A-F were carried out with the turret fixed
to the base of the robot, modifying the mean ve-
locity of the robot, and the degree of openness of
the different doors in the corridor, from completely
closed to completely open. Tests G and H were car-
ried out with the turret moving freely with respect
to the base, which required the reordering of the
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Fig. 5. Environment of the Department of Electronics and Computer Science of the University of Santiago de Compostela.
A number of the trajectories followed by the robots are indicated. The other two environments have similar characteristics.

sensor readings in order to select the signal from
the sensor closest to the direction of interest (45°
to the right and to the left, forwards and back-
wards) at each instant. By way of example, Figure
6 shows the result of the door detection from Test
A, shown in Tables 1 and 2.

Table 1
Door detection. Nomad robot: reference wall.
[Test [T [ D [CD[FP [| %CD [ %FP |
A 16 15 15 0 94 0
B 17 19 17 2 100 11
C 17 20 17 3 100 15
D 22 24 20 4 91 16
E 11 12 10 2 91 17
F 11 12 9 3 82 25
G 10 11 9 2 90 18
H 10 11 9 2 90 18
| Total || 114 [ 124 [ 106 [ 18 [[93 [15 |
T: Total; D: Detected; CD: Correct Detections; FP: False

Positives

Tables 3 and 4 show the results of door detection
over the reference wall and on the opposite one,
in diverse situations in which there were different
obstacles in the environment, and in which people
were allowed to walk freely. It should be mentioned
that a smooth cardboard panel simulating a door
was placed on one of the walls.. The tests carried
out differed in the number and placement of ob-
stacles, and in the number of people (up to ten)
moving in the environment. The obstacles forced
the robot to modify its behaviour, and on occa-

Table 2
Door detection. Nomad robot: opposite wall.
[Test [T [ D [cD[FP [ %CD [ %FP |
A 11 12 10 2 91 17
B 18 20 15 5 83 25
C 18 20 16 4 89 20
D 18 17 14 3 78 18
E 11 11 8 3 73 27
F 11 10 8 2 73 20
G 9 12 6 6 67 50
H 9 12 8 4 89 33
[ Total [ 105 [ 114 [ 85 [ 29 [[81 [25 |
T: Total; D: Detected; CD: Correct Detections; FP: False

Positives

sion, they were placed in order to hinder the cor-
rect perception of doors. By way of example, Fig-
ure 7 shows the results of door detection in Test
D shown in Tables 7 and 4.

4.1.1. Comments on the results

The results of the tests carried out are satisfac-
tory. As was to be expected, detection in notably
higher for the wall followed by the robot than in
the opposite one, due to the loss of angular resolu-
tion in the US sensors resulting from the increase
in distance. The principal cause of unsatisfactory
recognition lies in the turns that the robot may
make while in motion: the more erratic its behav-
iour, the worse the results of the door recognition
algorithms are. However, when the robot follows
a uniform trajectory, the results are excellent. On
the other hand, the movement of the turret with
regard to the base of the robot has a noticeable
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detected are labelled. The undetected door (ND) was missed due to a sharp turn by the robot, resulting in a distorted signal

reading.

Table 3

Door detection with obstacles. Nomad robot: reference wall.

[Test [T [D [CD[FP [ %CD [ %FP |
A 01210 [2 100 | 17
B 0118 |3 80 27
C 0139 [a 90 31
D 10138 5 80 38
E 0138 |4 80 31
F 10]13]8 5 80 38
G 10129 3 90 25
[ Total [ 70 [ 8760 [26 [[87 [30 |

T: Total; D: Detected; CD: Correct Detections; FP: False
Positives

effect on the distortion of sensor readings; this es-
pecially limits the detection of the wall opposite
the one being followed. The reason for this is to
be found in the dynamic reordering of the sensors
that is needed to extract the information necessary
to detect the pattern. Furthermore, there is not
always a sensor pointing in the desired direction,
which means choosing the one that is closest, with
the consequent distortion in the signal acquired.
The presence of obstacles hinders the obten-
tion of satisfactory detection results, as the ro-
bot is forced to follow a winding route, amplify-
ing the distortion in the sensor readings. Further-

Table 4

Door detection with obstacles. Nomad robot: opposite wall.

[Test [T [D [CD[FP [ %CD [ %FP |
A 9 [11[s [3 89 27
B 9 [12]6 |6 67 50
C 9 (o [6 |3 67 33
D 9 (106 |4 67 40
E 9 118 |3 89 27
F 9 (117 [4 78 36
G 9 [15]9 |6 100 | 40
[ Total [ 63 [ 79 [50 [20 [79 [37 |

T: Total; D: Detected; CD: Correct Detections; FP: False
Positives

more, some obstacles were placed in order to hin-
der the correct perception of doors, cancelling out
their characteristic pattern. However, the move-
ment of people did not significantly affect the re-
sults; even though they gave rise to distortion in
the sensor readings, their rapid movement with re-
spect to the robot did not hinder accurate recog-
nition. The panel that was placed in order to sim-
ulate a door systematically gave rise to false pos-
itives. It should also be pointed out that the in-
tegration of information from various sensors has
been fundamental for robust detection.
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4.2. Door detection with the Pioneer

Due to its size and robustness, the Pioneer robot
is easier to transport with guaranteed security, and
it was used in a total of 11 tests in different envi-
ronments. The results of the detection over the ref-
erence wall and over the opposite one are shown in
Tables 5 and 6, respectively. Tests A-C correspond
with the Department of Electronics and Compu-
tation, D-G with the Faculty of Sciences, and H-K
with the Department of Electronics and Systems.
Similarly as for the Nomad, the tests were carried
out under a wide range of situations, considering
that the Pioneer is single-bodied.

4.2.1. Comments on the results

Once again, the results of the tests carried out
are satisfactory. Similarly as for the Nomad, the
undetected doors and false positives are primar-
ily due to turns made by the robot. Once again
the detection is worse on the opposite wall, due to
greater imprecision in the US sensors as the dis-
tance to the obstacle increases. On the other hand,
there are no significant differences between the re-
sults of the detections in different environments,
except in the experiments H-K, which give an in-
crease in false positives. This is due to the fact that
this environment contains a set of elements (radi-
ators and plants) that act as obstacles and hinder
the recognition of landmarks.

Table 5
Door detection. Pioneer robot: reference wall.

Test | T [D [cD[FP [ %CD [ %FP |

A 10 11 10 1 100 9

B 11 11 10 1 91 9

C 8 8 8 0 100 0

D 11 12 11 1 100 8

E 11 11 11 0 100 0

F 11 11 10 1 91 9

G 12 16 12 4 100 25

H 9 10 8 2 89 20

I 11 13 11 2 100 15

J 11 13 10 3 91 23

K 11 13 11 2 100 15

[ Total [ 116 [ 120 [ 112 [ 17 [[o7  [13 |
T: Total; D: Detected; CD: Correct Detections; FP: False

Positives
Table 6

Door detection. Pioneer robot: opposite wall.

Landmark [ T [ D [ CD | FP [[ %CD | %FP |

A 9 1 ]9 2 100 | 18
B 12 |13 |10 |3 83 23
C 8 |9 8 1 100 | 11
D 11 |12 [11 [1 100 |8
E 10 |8 7 1 70 13
F 11 |12 |8 |4 73 33
G 12 |12 |9 |3 75 33
H 11 |13 |9 |4 82 25
I 11 |13 |10 |3 91 23
J 11 |12 |8 |4 73 33
K 10 |12 |9 |3 90 25

| Total [ 116 [128 [9s |20 [[84 [23 |

T: Total; D: Detected; CD: Correct Detections; FP: False
Positives

4.8. Other landmarks

In this section we give the results of the detec-
tion of corners, ends of corridors and columns. In
the environments that we work with, these land-
marks appear less frequently than doors, due to
which we only give global results, and not for each
individual test. The results of the detection with
the Nomad are shown in Table 7, and with the
Pioneer in Table 8. The corners and ends of pas-
sages of the Pioneer are from three different envi-
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ronments in which the tests were carried out, while
the columns, and all the landmarks for the Nomad,
are from the environment in Figure 5.

Table 7

Corner, Column and end of corridor detection. Nomad
robot.

Landmark [T [D]cD | FP [ %CD | %FP |
Corner 9 8 8 0 89 0
End of corridor 10 | 9 9 0 90 0
Column 6 6 6 0 100 0
T: Total; D: Detected; CD: Correct Detections; FP: False
Positives
Table 8

Corner, Column and end of corridor detection. Pioneer
robot.

Landmark [T [p [cp|Fp [ %D | %FP |
Corner 5 [5 |5 0 100 |o
End of corridor 16 | 16 | 15 1 94 6
Column 2 [ 2 |2 0 100 |0

T: Total; D: Detected; CD: Correct Detections; FP: False
Positives

In general it can be seen that there are hardly
any false positives, due to these topological el-
ements producing highly distinctive morphologi-
cal patterns. The three undetected topological el-
ements are due to the robot coming to a standstill
or hesitating excessively when turning at a corner
or end of corridor, which distorts the temporal evo-
lution of the pattern, hindering its detection. Gen-
erally, it seems that errors in the detection of ends
of corridors and corners are brought about by the
excessive hesitation of the robot while it searches
for a new wall to follow.

5. Discussion

Our proposal for landmark detection has been
tested with two different robots in three distinct
environments, always operating with wall follow-
ing behaviour, under which the results obtained
(95% correct detections and less than 15% false
positives) are satisfactory on the wall followed by
the robot; and although somewhat worse on the

opposite wall (over 80% correct detections and
less than 25% false positives), the increased im-
precision of the problem enables us to be satis-
fied. When there are obstacles and people moving
around in the environment the detection deterio-
rates in that they force the robot to deviate from
a straight line. Although the detection rates (86%
and 79% in the followed and opposite walls, re-
spectively) are acceptable, there is an increase in
false positives (30% for the wall followed and 37%
for the opposite one).

As was to be expected, the global results ob-
tained with the Nomad 200 are slightly poorer
than those for the Pioneer. The reason is to be
found in those tests carried out with the Nomad in
which the turret was allowed to move freely with
respect to the base of the robot, and the prob-
lems this gives rise to in the detection. In all other
respects, the main determining factor in the de-
tection stems from the turns the robot may make
when in motion. The are no significant differences
in the test regarding the environments tested or in
changes in velocity during the trajectory.

It is common knowledge that false positives in-
troduce an added difficulty into the handling of
the information that enables us to represent an
environment, since their use in localization tasks
may place the robot in an erroneous position with
respect to its own internal representation of the
environment. In this sense, it is preferable to lose
some of the characteristics or landmarks in the en-
vironment. The tests carried out show a slightly
high number of false positives, which could be im-
proved in various ways: through the fusion of ad-
ditional sensorial information, by integrating pat-
tern recognition over new sensors; and by means of
including landmark recognition into a more com-
plex task of drawing up a map of the environment.
A task like this one allows the introduction of
information-gathering and acquired information-
reinforcement strategies.

One key perceptive problem is that of recog-
nizing the same landmark from different perspec-
tives. In this sense, for our method accurate per-
ception depends on the robot operating under a
wall-following or similar type of behaviour. Thus,
if for example a robot is in a dynamic environment,
operating with an avoid mobile objects type of be-
haviour, it is unlikely that our proposal would yield
any valid results. In general, landmark recognition
should be activated and deactivated according to
the behaviour being followed by the robot.
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In spite of the theoretical computational com-
plexity of the MFTP model algorithms, the com-
putational requirements of the procedures pre-
sented herein are low for patterns studied in real
applications, and in particular for those studied in
mobile robotics landmark recognition, where real-
time performance has been achieved. By way of
example, over a trajectory lasting approximately
30 minutes, door detection can be carried, on both
walls, in under 5 seconds on a Pentium IIT running
at 800 MHz. Regarding memory use, the knowl-
edge base need only store a small number of trape-
zoidal possibility distributions; furthermore, the
algorithm stores a small signal fragment, corre-
sponding to the time that it takes the robot to find
and go past the landmark. These low CPU and
memory requirements make it possible to install
our approach in low-cost robots with limited com-
putational resources, which usually only have US
and infrared sensors.

6. Conclusions and future work

In this work we supply a solution based on the
Multivariable Fuzzy Temporal Profile model for
landmark recognition in mobile robotics. This pro-
posal places special emphasis on the handling of
imprecision and uncertainty of information and on
the fusion of information from multiple sensors. In
particular, we have applied it to landmark detec-
tion using US sensors, due to their low cost, their
habitual use in a large number of mobile robots,
and due to the problems of imprecision caused by
the measurements obtained. This does not pre-
clude its application in other types of sensors; e.g.
laser.

The tests carried out in the detection of doors,
corners, columns and ends of corridors gave highly
satisfactory results, both from the point of view of
correct decisions, and of the performance of the al-
gorithms developed. In this sense, the low compu-
tational requirements of the recognition algorithm
allow it to be run in real time, and makes it ap-
propriate for low-cost robots, with limited compu-
tational capacities.

The proposal presented in this work allows the
signal patterns that define each landmark to be
handled easily, and supplies visual tools that make
it simpler to edit them intuitively. It should be
pointed out that these patterns are stored sepa-

rately from the recognition algorithms, making it
possible to re-use the latter when new patterns are
incorporated.

On the other hand, the solution proposed sup-
plies a set of landmarks with great semantic rich-
ness, and which are clearly useful in carrying out
high-level tasks, such as map building, planning, or
communication with humans. With regard to fu-
ture work, we aim to define an environment repre-
sentation model that naturally integrates the land-
mark recognition that has been proposed here.We
are searching for a representation of the environ-
ment that handles imprecision in spatial relations
between landmarks, and which can organize this
representation into various levels of abstraction,
according to the level of detail that is required for
the execution of different tasks.
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