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Abstract

The unsupervised selection and posterior recognition
of visual landmarks is a highly valuable perceptual capa-
bility for a mobile robot. Recently, in [6], we propose
a system that aims to achieve this capability by combin-
ing a bottom-up data driven approach with top-down feed-
back provided by high level semantic representations. The
bottom-up approach is based on three main mechanisms:
visual attention, area segmentation, and landmark charac-
terization. The top-down feedback is based on two infor-
mation sources: i) An estimation of the robot position that
reduces the searching scope for potential matches with pre-
viously selected landmarks, ii) A set of weights that, accord-
ing to the results of previous recognitions, controls the influ-
ence of different segmentation algorithms in the recognition
of each landmark. In this paper we explore the benefits of
extending our previous work by including a visual track-
ing step for each of the selected landmarks. Our intuition
is that the inclusion of a tracking step can help to improve
the model of each landmark by associating and selecting
information from its most significant views. Furthermore, it
can also help to avoid problems related to the selection of
spurious landmarks. Our results confirm these intuitions by
showing that the inclusion of the tracking step produces a
significant increase in the recall rate for landmark recogni-
tion.

1. Introduction

Autonomous point to point navigation is a key require-
ment for most practical applications of mobile robots in nat-
ural environments. In this context, the problems of auto-
matic construction of maps of the environment and accurate
estimation of the position of the robot within a map, tasks
known as mapping and localization, have been a long time
aspiration for the Robotics community. Particularly, map-
ping and localization are highly relevant issues for the case

of indoor environments, where globally accurate position-
ing systems, such as GPS, are not available.

At present, the state of the art solutions to indoor map-
ping and localization problems are mainly based on using
2D laser range finders and metric map representations, such
as evidence-grids [5]. Although, this type of approaches has
shown a high degree of success when operating in real time
in natural environments [18], they still suffer from some
limitations. For example, the usual structural symmetries
of indoor building produce data association problems that
are hard to solve with the 2D view of a laser range finder.
Furthermore, problems such as modifications of the envi-
ronment due to changes in the position of furniture, uncer-
tainties due to the state of doors, or partial occlusions due
to people walking around, also diminish the robustness of
solutions based on 2D laser range finders.

Recently, advances in the area of computer vision [21]
[11] have increased the interest in including vision as one of
the main sensor modalities to support the perceptual needs
of autonomous navigation. In this respect, the robustness
and flexibility exhibited by the navigation systems of most
seeing beings is a clear proof of the advantages of counting
with a suitable visual perception system.

In the case of mobile robots, the unsupervised selection
and posterior recognition of relevant visual landmarks is a
highly valuable perceptual capability to successfully deal
with the complexity of an unstructured natural environment.
In this respect, in a previous approach [6], we developed an
unsupervised method for the automatic selection and subse-
quent recognition of suitable visual landmarks using images
acquired by a mobile robot. To achieve this goal, we com-
bine bottom-up visual features based on color, intensity, and
depth cues, with top-down feedback given by spatial rela-
tions and memories of the most successful predicting fea-
tures of previously recognized landmarks. In this way, the
resulting system is able to select interesting, meaningful,
and useful landmarks that can be used by a mobile robot to
achieve indoor autonomous navigation.

The bottom-up approach for the selection of candidate
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Figure 1. Schematic operation of our previous approach. This
method integrates attention, segmentation, and characterization
mechanisms in addition to top-down feedback for unsupervised
recognition of relevant visual landmarks.

landmarks is based on the integration of three main mech-
anisms: visual attention, area segmentation, and landmark
characterization. Visual attention provides the ability to fo-
cus the processing resources on the most salient parts of
the input image. This eliminates the recognition of irrele-
vant landmarks and significantly reduces the computational
cost. Area segmentation provides the ability to delimit the
spanning area of each salient region. This spanning area
defines the scope of each relevant landmark. Finally, land-
mark characterization provides a fingerprint for each land-
mark given by a set of specific features. These features al-
low the system to recognize and distinguish each landmark
from others in subsequent images.

The bottom-up landmark selection approach is comple-
mented with two modalities of top-down feedback that in-
crease the efficiency and robustness of our approach. First,
to increase efficiency, an estimation of the robot position is
used to reduce the searching scope for a potential match
with a previously selected landmark. The estimation of
the robot position is based on traditional Sequential Monte-
Carlo Localization methods [18] using a metric map repre-
sentation augmented with topological information. Second,
to increase robustness, a record of the previous successful
recognitions of each landmark is kept. This information is
used to bias the influence that each bottom-up segmenta-
tion plays in the recognition, by adaptively updating a set
of weights that control the relevance of each segmentation
in the recognition of each landmark. A diagram that shows
how the described system works can be seen in figure 1

In this paper, we extend our previous approach by in-
cluding a visual tracking step that keeps track of each se-
lected landmark in consecutive image frames. Using this
step, we are able to associate different views of a single
landmark. Our intuition is that the inclusion of a tracking
step can help to improve the model stored by the system for
each landmark by selecting information from its most sig-

nificant views. Furthermore, it can also help to avoid prob-
lems related to the selection of spurious landmarks. Our
results confirm these intuitions by showing that the inclu-
sion of the tracking step produces a significant increase in
the recall rate for landmark recognition.

This document is organized as follows. Section 2 pro-
vides background information and describes related previ-
ous work. Section 3 presents a deeper description of our
previous approach. Section 4 provides full details of the
addition of the new tracking step. Section 5 presents our
empirical results. Finally, Section 6 presents the main con-
clusions of this work and future avenues of research.

2. Related Work
In the computer vision literature, there is an extensive

list of works that, individually, target the problems of at-
tention, segmentation, characterization and visual tracking.
We briefly review some relevant works in each area. We
also review some relevant works concerning selection and
recognition of visual landmarks and visual object tracking
in the context of robot navigation, particularly the mapping
and localization problems.

Attention is the process of selecting visual information
from an image based on a measure of saliency. The saliency
is influenced by the concrete relevance of a part of the im-
age, such as strong color contrast. In computational terms,
saliency is usually employed to focus the processing re-
sources in key parts of an image, in order to improve ef-
ficiency, performance, or both. Previous work in the area
includes several models of visual attention. Tsotsos et al.
[20] selectively tuned neuron models at the salient location
with top-down mechanisms and winner-take-all networks.
Itti et al. [9] introduced a model for selecting locations from
a saliency map according to decreasing saliency. Sun and
Fisher [16] proposed a hierarchical object-based attention
framework that integrates visual saliency from bottom-up
groupings with top-down object-based selectivity mecha-
nisms. The same authors [17] also extended Duncan’s In-
tegrated Competition Hypothesis [4] with a framework for
location-based and object-based attention using grouping.

Segmentation is the process of partitioning an image in
non-overlapping regions according to relevant visual prop-
erties and metric distances. As such, there are many ways
in which an image can be segmented. In the computer vi-
sion literature, a great number of segmentation techniques
have been proposed [7], however, it is not possible to find
a single general purpose segmentation algorithm that is ef-
fective in all situations. As a consequence, there has been
an increasing interest in combining the results of multiple
segmentations algorithms. As an example, in the context
of object recognition, independent works by Roth and Om-
mer [14], Rabinovich et al. [13], and, recently, Malisiewicz
and Efros [19], have empirically shown the advantages of



combining multiple segmentations algorithms over using a
single one.

Characterization is the process of finding a set of descrip-
tors, or fingerprint, that provides a simple and ideally unam-
biguous way to identify each particular landmark. One of
the most relevant trends in this area looks for the presence
of stable features in the input image. These features must
be stable, even under slight variations on the input image,
such as changes in lighting conditions, field of view, or par-
tial occlusions. This approach became very popular after
Harris and Stephens [8] presented their corner detector. Re-
cently, Lowe [11] presented a refinement of this idea, called
the Scale Invariant Feature Transform (SIFT), which gained
great popularity due to its success in several applications.

Visual tracking is the process of estimating the position
of an object that follows a certain trajectory in a sequence of
images. A great number of tracking techniques have been
developed for this purpose, such as Mean Shift based tech-
niques [3][26] and Particle Filter based techniques [2][12].
These techniques use different features extracted from the
target object, such as color or shape features.

There is also related work in the area of simultaneous lo-
calization and mapping (SLAM) using visual sensors. Here,
most current works [10], [25] consider the complete input
image as the relevant area where a feature detector is ap-
plied. As an example, Karlsson et al. [10] presented a
solution for the robot localization problem based on SIFT
features extracted from the complete input images. Al-
though the high redundancy in the feature vector extracted
from the complete image is a good fingerprint for recog-
nition, a problem arises with the scaling properties of the
approach, as the number of relevant views of the environ-
ment increases. Furthermore, the performance of these ap-
proaches presents a high degradation with changes in the
lighting conditions.

Among approaches related to robot navigation that use
visual attention mechanisms, Walther et al. [22] used a
bottom-up approach to detect moving objects using a re-
motely operated underwater vehicle. In their work, Walther
et al. also demonstrate the influence of visual saliency in
recognition. Recently, Siagian and Itti [15] present prelimi-
nary results about a system that combines gist and attention
mechanisms to achieve outdoor robot localization.

Among visual tracking techniques applied to robot nav-
igation, Wang et al. introduced the concept of Simulta-
neous localization, mapping and moving object tracking
(SLAMMOT), that involves both, simultaneous localization
and mapping (SLAM) in dynamic environments, and de-
tecting and tracking these dynamic objects [24][23]. These
approach focus in tracking of moving objects in dynamic
environments, but do not address tracking of static natural
visual landmarks for mobile robot localization.

3. Our Previous Approach
In this section, we provide a general overview of our

previous approach to select and detect relevant visual land-
marks, for further detail see [6]. The system is based on two
main parts: i) A bottom-up approach to select and recognize
landmarks. This approach integrates visual attention, area
segmentation, and landmark characterization mechanisms.
ii) A top-down mechanisms added to improve robustness
and efficiency to the system.

3.1. Bottom-Up Approach

Figure 1 shows an schematic view of the 3 main steps of
the bottom-up part of the approach. It integrates attention,
segmentation, and characterization mechanisms.

3.1.1 Attention

The bottom-up saliency map of Itti et al. [9] is used to ex-
tract salient locations from an input image. The original
algorithm is slightly modified by introducing an adaptive
scheme that dynamically selects an appropriate number of
relevant salient locations.

3.1.2 Segmentation

Although a large amount of research has been made on seg-
mentation, there is not yet a complete solution to this prob-
lem. Every segmentation algorithm copes with certain situ-
ations but fail to produce adequate results in others. Since,
in general, the conditions of each input image can not be
predicted a priori, a multiple segmentation algorithm is used
to increase the adaptability and robustness of the landmark
recognition algorithm.

Three different existing segmentation algorithms are
used based on color, saliency maps, and depth information,
to find the area defined by the underlying landmarks. Each
of the algorithms relies on highly independent visual infor-
mation, therefore, their behaviors differ depending on the
input conditions.

3.1.3 Characterization

For the characterization of the segmented patches, the SIFT
feature extraction algorithm is used[11]. This algorithm
provides highly discriminative features that, to some extent,
are robust to the presence of affine distortion, noise, changes
of viewpoint, and changes in illumination.

Using SIFT, each landmark is characterized by a group
of redundant individual SIFT descriptors. Given this re-
dundancy, a landmark can be recognized even when only
a subset of the original features presents a correct match.
This produces a certain degree of robustness under occlu-
sion problems.



3.1.4 Integration

To obtain an unsupervised selection and subsequent recog-
nition of landmarks, an integration of the three steps de-
scribed above is needed. The integration procedure is as
follows.

An input image is received and then its saliency map is
computed by the attention algorithm. The first salient loca-
tion is extracted, and the three segmentation algorithms are
used to extract landmark candidates. Inhibition of return is
calculated from the shape of the segmented landmarks and
applied to the saliency map. This avoids selecting the same
location in posterior iterations. The previous steps are re-
peated until the time to evolve the WTA network indicates
that there are no more relevant salient regions to consider.
At the end of this process, a list of candidate landmarks
corresponding to the resulting segmented areas around the
selected saliency regions is obtained.

Once obtained the candidate landmarks, SIFT features
for each available segmentation of each landmark in the list
are extracted. These features are then compared to the fea-
tures of the landmarks in the database, that, at the begin-
ning of the process is empty. To estimate if a candidate
landmark matches the SIFT description of any of the land-
marks included in the database, a similarity score based on
a nearest-neighbors technique, as described in [11], is used.
Given that, for each landmark, 3 possible descriptions cor-
responding to each of the available segmentations are kept,
the respective similarity scores are combined using a set
of importance weights. Section 3.2.2 provides the details
of the method used to set the values of these importance
weights, that define the final score Pmatch, in eq. 2, used to
verify the recognition of a candidate landmark.

If a candidate landmark matches one of the landmarks
in the database, the match is reported and the record of the
number of times the landmark has been successfully rec-
ognized by the different segmentations is modified. This
information is used later to update the importance weights
associated to the influence that plays each segmentation in
the recognition of each landmark.

If a candidate landmark does not match any of the
landmarks in the database, this landmark is added to the
database provided that certain constraints are satisfied. The
premise is to keep in the database only landmarks that are
highly distinctive and easy to detect. According to this, only
landmarks that present SIFT features with an strength about
a fixed threshold are included in the database. Furthermore,
the number of relevant SIFT features for each landmark in
the database must be greater than 12 SIFT features to in-
clude it in the database. Developed experiments indicate
that landmarks with fewer features usually do not produce
enough matches to trigger a robust recognition.

3.2. Top-Down Feedback

As pointed in [6], a pure bottom-up approach does not
scale properly with the size of the environment and does not
learn which segmentations are most useful to detect each
landmark. Next, the top-down mechanisms that are use to
alleviate these problems are described.

3.2.1 Use of an estimate of robot position

One of the more computationally expensive parts of the
bottom-up approach is database operation, particularly, in-
sertion and searching for a landmark match. This is espe-
cially critical when the database contains a great number of
stored landmarks, that must be compared to each new can-
didate.

To improve efficiency, the database is divided into sev-
eral smaller databases. Each of these databases stores a
group of landmarks that belongs to a significant part of the
environment, such as a corridor or a room. Using an esti-
mation of the position of the robot at the time each image
is taken, the location of the potential visible landmarks is
obtained by using the distance information available from
the stereo-based segmentation. This procedure results in a
much faster execution, as new landmark candidates are only
compared to a reduced set of local landmarks.

To divide the environment in a set of local relevant
places, the metric map representation is augmented with
topological information. Each node of the topological map
covers one part of the metric map that might correspond to
a hall, a room, a corridor, or an intersection in the environ-
ment. The topological map is labeled manually.

One landmark database is associated to each node in the
topological map. Furthermore, each node in the topological
map stores information about the cells of the grid map that
are contained in it. In this way, when searching for a land-
mark match, the search is restricted to the databases corre-
sponding to topological nodes associated to grid cells with
high likelihood under the current estimation of the robot po-
sition.

3.2.2 Biased integration of segmentations

In order to integrate the three available segmentations, an
importance weight is associated to each segmentation for
each landmark. This importance weight controls the influ-
ence of each segmentation algorithm in the recognition of
each landmark. The idea is to adaptively assign the im-
portance weights according to the historic performance of
the respective segmentation in the recognition of each land-
mark.

Initially, when a new landmark is accepted in a database,
the corresponding importance weights are estimated based
on the number of SIFT points detected in each segmentation



of the landmark. As an example, let wi
c be the importance

weight for the color-based segmentation for landmark i, and
let Si

c, Si
s, Si

t be the corresponding number of SIFT points
calculated over the regions obtained by the color, saliency,
and stereo-based segmentations, respectively. The initial
value for wi

c is calculated by:

wi
c = Si

c/(S
i
c + Si

s + Si
t). (1)

The initial values for the importance weights wi
s and

wi
t of the saliency and the stereo-based segmentations are

initialized in a similar way. This initialization scheme as-
signs a greater weight to segmentations that have more SIFT
points. To simplify the notation from now on, we drop the
superindex i.

As mentioned before, to achieve the recognition of a
candidate landmark, the similarity score between SIFT de-
scriptions of objects proposed in [11] is used. Using this
score and the importance weights for each segmentation, a
recognition probability (Pmatch) is calculated. Let Mc, Ms

and Mt be the similarity scores for the SIFT descriptions of
the color, saliency, and stereo-based segmentations, respec-
tively. The recognition probability for a candidate landmark
is calculated as:

Pmatch = wc ×Mc + ws ×Ms + wt ×Mt. (2)

Finally, every time a landmark is recognized, the results
of the recognition is used to update its importance weights.
The update is performed by considering the new match-
ing scores associated to each of the segmentations. As an
example, for the color-based segmentation, the importance
weight wc is updated as follows:

wc = α× wc + (1− α)× M̂c, (3)

where M̂c is a normalized version of the similarity score
Mc calculated with respect to the similarity scores of the 3
segmentations, and α ∈ [0, 1] is a constant that controls the
influence of the result of the last recognition in the updating
ofwc. In this work we set the value of α to 0.2. The weights
ws and wt are updated in a similar way, using the same
constant value α, but considering the respective normalized
scores M̂s and M̂t.

4. Extended Approach
In this section we present a variant to the previously de-

scribed approach that uses visual landmark tracking to com-
plement the landmark selection and recognition system of
the original implementation. The tracking algorithm works
in the following way. When a new landmark is selected,
a particle filter based tracker is applied to the following
frames to track each selected landmark. The particles filter

Figure 2. Views selection. From the eight different views available
for the same object, only three are selected to be stored.

uses a likelihood function that is based on a color similarity
measure in RGB space and a propagation function that im-
plements a stationary gaussian function around the previous
object location, with a variance of 25 pixels. The tracking
result determines the center location of each landmark in
each of the frames.

Using the tracking results, we apply each of the avail-
able segmentations algorithms around the area of the new
location. The result of these segmentations is considered a
new view of the corresponding landmark, and not a new
landmark. Additionally, the area of the new view is not
considered for new landmark selections in the correspond-
ing frame, in order to avoid storing repeated landmark se-
quences. In this way, we build a sequence of views that
represent a single landmark, which is a natural way to rep-
resent objects that can be seen from different points of view.

As many of the views of the object can be very similar,
we only store in the database SIFT point descriptions from
views that are substantially different. The selection of these
views is performed in the following way. The first view, that
corresponds to the original landmark selection, is always
kept. Subsequent views are only kept if the SIFT points
similarity between successive views exceeds the threshold
used for landmark recognition in the original implementa-
tion (see [6]). Figure 2 shows an example where there are
eight views of a particular landmark, but the system decides
to keep in the database just the SIFT points of three of these
views.

To decide if a new candidate landmark corresponds to
an existing one, we use the new landmark representation
to compare the new candidate with the sequence of views
of the existing landmarks. In order to build a comparison
metric between a new potential landmark and the sequence
of views of a previously stored landmark, we built a train-
ing set using stored landmark sequences and new views of
potential landmarks. We then performed a cross validation
routine to determine the optimal number of neighbors and
the optimal detection threshold used to specify a new recog-
nition.



Figure 3. Map representations of our Computer Science Depart-
ment. a) Metric map. b) Topological map superimposed over the
metric map.

5. Results

In order to test the impact of adding the tracking method
to the original implementation, we now compare the results
of our system with the results obtained with the original
implementation.

To perform our experiments, we use a dataset that con-
sists of 10 video sequences, with an average number of 1500
image-pairs per sequence, captured by a stereo vision sys-
tem in an indoor office environment using a resolution of
320x240 pixels. The images were automatically obtained
by a mobile robot navigating inside our Computer Science
Department (DCC), a typical office building environment.
Figure 3-a shows the metric map representation of our Com-
puter Science Department (DCC). This map was automat-
ically built by our robot using the SLAM algorithm pre-
sented in [1]. Figure 3-b shows the corresponding topologi-
cal map, superimposed over the metric map. Each sequence
corresponds to the trip of the robot crossing the long cor-
ridor displayed in the map of figure 3. The images of this
dataset do not feature relevant illumination changes, and do
not correspond to any of the datasets used in the original
implementation.

Comparison results show that our method gives similar
results to the original approach for most of the existing land-
marks, however, it does present an increase in the recall rate
of landmarks that, despite of being distinctive features in the
environment, are not consistently recognized as such by the
visual attention mechanism. This is the case of objects that
are seen from several side views, instead of frontal views,
making the visual attention mechanism to recognize it only
under certain angles. Using the tracking method, we can
estimate the object position in all subsequent frames and
represent the object in a better way. An example of an ob-
ject with two different selected views can be seen in figure
4. This object presents a poor recall rate of 30% in the orig-
inal implementation. Using the tracking method and the se-

Figure 4. Example of a landmark with two selected views.

Table 1. Average Recall Performance of the Original Approach vs
the Proposed Approach

Dataset Original Proposed Ideal recall
Office 7.2 8.6 10

quence of views, the recall rate for the same object increases
to 60%.

Overall results show an increase in performance using
our method when compared to the original implementation.
Given that in each sequence the robot visits each place only
once, we can state that the ideal average recall is 10. Ta-
ble 1 shows the average recall performance of the proposed
system with the tracking method and the original system
without the tracking method.

In terms of the number of stored landmarks, the tracking
method allows the overall system to store a fewer number of
landmarks. This is because in the original implementation,
if a landmark recently selected is not recognized in a poste-
rior frame, it is stored as a new landmark. Using tracking,
the object is more robustly detected in posterior frames so
it is not stored repeatedly as a different landmark, but only
as a different view. Despite of this, the amount of stored
data is similar in both implementations, as in our approach
each landmark stores more information than in the original
implementation.

In terms of search efficiency, our method is also simi-
lar in terms of computational cost when compared with the
original implementation. This is because our method re-
duces the number of comparisons by storing fewer land-
marks, but increases the cost of each comparison by includ-
ing several views and a nearest neighbor method.

In terms of selection efficiency, our method adds com-
plexity to the method, as it incorporates the tracking routine,
that has a computational cost of O(Np ∗ No ∗ Is), where
Np is the number of samples in the particle filter algorithm,
No is the number of objects currently being tracked, and Is
is the average size of the images representing the objects.



6. Conclusions and Future Work
In this work, we extend our previous work on visual

landmark selection and recognition by adding a visual
tracking step for new selected landmarks. Our results in-
dicate that we achieved two main goals. First, we obtained
an improved landmark representation by storing a sequence
of views of each selected landmark, which is a natural way
of representing objects that can be seen from different posi-
tions. Second, we significantly improved the recall rate of
landmark recognition, which is an important fact for mobile
robot navigation tasks.

As a future work, an important issue will be to delete cer-
tain landmarks in the databases, if they are not recognized
for a long time. This will help to discard certain spurious
landmarks that can be associated to wrong segmentations
or dynamic objects. In this sense, motion cues can also be
included to filter-out non stable image regions as candidate
landmarks, such as a human walking close to the robot. The
tracking process can also be used to help in this task, as we
can discard objects that are originally selected, but can not
be tracked, considering that these objects may correspond
to noisy or moving objects.
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