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Abstract—In this paper, a localization system for a mobile
robot is proposed, using a top-down multi-sensorial approach
and exploiting a map of the environment. Nowadays the wide
development of maps make relevant localization approachesable
to use such maps. A crucial point of all localization systems is
the way of the data provided by different sensors are fused. The
proposed approach is based on a bayesian network able to select
the best feature to detect in the map with the best sensor in order
to reach both precision and integrity of the robot localization. This
process is working in real time and was validated in simulated
and real environments.

I. INTRODUCTION

With the development of robotics, more and more complex
tasks are delegated to robots. To achieve those tasks properly,
the robot needs some awareness of its environment and an
accurate localization in this one. In most applications the robot
has to be able to reach any goal from its starting point. For
this reason, Simultaneous Localization and Mapping received
a large attention in the last decade. This approach is based on
the assumption that the robot has no idea about its environment
and the key idea is to use a map to perform localization
while the robot position is needed to build the map. Most
SLAM approaches are based on range finder or vision sensor.
The obtained map contains most of the time a large amount
of features. In the localization step, the robot performs in
fact a bottom-up approach to deal with this large amount of
information which can be ambiguous, noisy, and of which only
a few is relevant. This challenge is well studied in the literature
[3], [11].

The second approach is based on the assumption that the
robot will perform its tasks in a well or partially known
environment. Two map representations are usually used, topo-
logical [9] and metric [7]. The main difference between the
two is that the metric map contains not only the representation
of objects (landmarks) but also their accurate location in the
environment. In the localization step, the robot estimates its
position knowing the position of the surrounding mapped
landmarks. This estimation can be combined with the evidence
from observations to enhance the localization [6] or can even
allowing updating of the map landmarks position. The big
advantage of this method is that it becomes possible to use
existent maps such as OpenStreetMap maps since the robot
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has sensors and the associated algorithms (detectors) to detect
and localize the landmarks given in the map.

In this framework, a top-down approach can be relevant.
Indeed to obtain a satisfactory accuracy of localization while,
reducing the computational cost, the challenge is to find the
most relevant landmark to use in order to reach both precision
and integrity of the localization. Once the best landmark is
selected but not yet detected, it will remain to know how this
one will be detected andwhich sensor and algorithm are the
most relevant to achieve this task. For instance a road light pole
can be detected with both range finder and a video camera with
a semicircle detector with the first sensor and a vertical line
detector with the second one. One method can be more relevant
than the other depending on some conditions like the distance
between the landmark and the robot and sensor constraints for
example.

This article proposes a such top-down method using a
Kalman Filter for data fusion but data are preselected with
a discrete Bayesian Network. This method also has an a priori
on the integrity of localization estimation, that’s important in
each application where a decision has to be made [4]. A priori
information on sensors, detectors, and landmarks via a known
map of environment are used to preselect the feature/sensors
at a given time. In such a way features are detected and the
corresponding data are used in the fusion step in a sequential
way according the need the system has at a given time. This
process avoids the classical data/feature association problem.
Bayesian Networks are very well adapted to this task since it
can infer both reliability of a given feature at a given time but
also allowing hypothesis pruning after a lack of detection for
instance. Indeed they offer a model for integrating different
informations, taking into account new events [8] and then are
very relevant to the field of robotics ( [1], [5]).

Here, sensors, detectors and landmarks are selected based
on their relevance and contribution in terms of accuracy and/or
integrity. This selection also allows to focus detection the
detection in dynamic and optimal sensor ROI improveing
consequently the SNR.

II. TOP-DOWN APPROACH PROPOSED

The problem is general and can be formulated here as
follows: ”How best to manage all the resources available to
reach the objective?” The process implemented here is a top-
down process similar to the one introduced in [2] in another
context (recognition of objects in an image). The overall
process is represented by the diagram in figure 1.



In our application, the goal is specified as follows: the
system must estimate the robot position with a given precision
(eg 10cm) and confidence (eg, 90 %). In order to achieve this
goal, the system has a particular environment map listing vari-
ous location-based landmarks (walls, roads, etc.). The problem
is the following: in a given configuration, what landmark the
vehicle should attempt to detect to best achieve the objective?
With which sensor? With which detector? Once the detection
has been achieved, how should we update the localization, its
uncertainty and the confidence we have on it?

It’s possible to draw a parallel with the following situation:
let’s a people wants to help an other people to know where
he is. For that, he describes his environment like a green
mailbox, then the gray building. He selects the more relevant
informations and does’nt describe every element around him
as a process exclusively bottom-up would act. That’s exaclty
the behavior of our process.

At each instant t, a position estimation of the vehicle with a
given uncertainty and a given confidence is available. For this
position, the process must determine whether it is useful to
perceive in the environment and if so what is the best available
perceptive triplet (a landmark, a sensor and a detector, see
III). Once the triplet to detect is selected, the system uses the
corresponding sensor and starts the detection process. As soon
as this is done, an update of the position and its confidence1

is performed. In doing this, data fusion is easier and reduces
risks of false associations or no detections.

In the context of this article, we focus on the choice of
the perceptive triplet and the bayesian modeling since it is
the heart of our system. We assume that our vehicle has a
georeferenced map of its environment.

III. THE PERCEPTIVE TRIPLET

A. Definition and usefulness of triplet

The notion of perceptive triplet is used here as defined in
[10]. A perceptive triplet consists of a landmark, a detector
and a sensor. The perceptive triplet therefore includes much
more information than only a landmark. To carefully select
the best perceptive triplet to use, a goal in terms of accuracy
and confidence in our estimation is defined. This first step
aims at choosing the triplet leading the more efficiently to
the objective. Some triplets are unattractive because they do
not improve our estimation or because landmark is difficult to
observe with this sensor. For all these reasons, a first selection
phase is performed. Figure 2, shows an illustration of this
principle. A vehicle is positioned at point O with a position
uncertainty represented by the red ellipse, various landmarks
(points A, B, C, D and E) are also arranged. The vehicle
is oriented to the right and has a sensor allowing to have a
sight angle from -90 to 90 degrees (then it ”sees” anything
that is in front of it). For this example and for clarity, the
vehicle has only one sensor and one detector, so perceptive
triplets can be reduced to the only landmarks. Each landmark
has different properties for updating that influence the choice.
Point A is never visible, it is not an appropriate choice. B,
C or D points are those which are most readily observable.

1Confidence: Probability that the true position of the vehicle is within the
range given by the uncertainty of the estimated position
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Fig. 1. The observation process at a given time.

Fig. 2. Example Scenario. The ellipse around point O represents the estimated
position of vehicle. Landmarks are positionned to points A, B, C, D and E.

By the orientation of the ellipse of uncertainty points C and
D are those that enhance the least accuracy. Point E is the
one that best improves the accuracy of the vehicle, but it has
little chance of being observable. Finally, landmark B is one
that offers the best compromise and must be chosen by the
system.

B. Selection criterion

To select the most relevant triplet, that is to say that we
offer the best compromise regarding our objectives, namely
precision and integrity, a selection criterion is defined for each
possible triplet. So the triplet with the best criterion is chosen.

Criterion choice is defined with respect to several con-
straints:

• A triplet providing no new information is not selected;



• A triplet that has very little chance of being detected
will have a low criterion;

• Between two triplets, if the only difference is value
of accuracy, triplet with the higher value has to be
selected.

The criterion used here mixes accuracy Pp given by the
triplet, the probability of detecting the landmark P (db) and
the probability of new information (P (CIk)). It can be said
that a triplet has totally new information when observation is
not correlated with previous observations.

Finally, equation with respect to previous constraints used
is the following:

C = Pp× P (db)× P (CIk) (1)

C. Criterion expression

1) Pp: defines the precision objective. It can be general-
ized for all dimensions. In this paper, we use an Extended
Kalman Filter, so robot position is modeled by a state vector
Xk and a covariance matrix Ck. Criterion Pp is computed
with equation 2.

Pp =

∫
I

N (X̂+
k ,C

+
k )dX (2)

Indeed, let’s consider figure 3. Pp represents area under
the gaussian curve in the interval I , it is the wished objective
uncertainty. Pp can be seen like the probability to respect the
objective accuracy knowing what accuracy we will have if
detection succeeds. For this example, we only consider a one
dimension space but it can be generalized for N dimensions.
For example, the target accuracy can be 1 cm on x, 2 cm on
y and 1 degree on θ.
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Fig. 3. Computation of Pp in 1D. I is the interval of the wished accuracy,
gaussian curve represents probability distribution of state vector.

It is difficult to compute Pp directly with this formula. So
it is necessary to do some approximations. Several steps are
used:

1) Determine value of covariance matrix C+
k after de-

tection and update of Kalman filter.
2) Compute probability for the state of belonging to

interval I centred on X̂+
k

Pp =

∫ X̂+
k
+
I

2

X̂+
k
−
I

2

N (X̂+
k ,C

+
k )dX (3)

The computation of integral is not simple. To avoid
this problem, I is approximated as a gaussian interval:

I = exp(−
1

2
(X − X̂+

k )C
−1
I (X − X̂+

k )
T )

Consequently:

Pp =

∫ ∞
−∞

exp(−
1

2
(X − X̂+

k )C
−1
I (X − X̂+

k )
T )

N (X+
k ,C

+
k )dX

=

∫ ∞
−∞

exp(−
1

2
XC−1I XT )N (0,C+

k )dX

=

∫ ∞
−∞

exp(−
1

2
XC−1I XT )

1√
(2π)n|C+

k |

exp(−
1

2
XC+−1

k XT )dX

=

∫ ∞
−∞

K√
(2π)n|C|

exp(−
1

2
XC−1XT )dX = K

(4)

where:

K√
(2π)n|C|

=
1√

(2π)n|C+
k |

C−1 = C+−1
k + C−1I

So: K =

√
|C|
|C+
k |

Finally: Pp =
1

|C−1I C+
k + In×n|

(5)

On figure 7, it is possible to see different values of Pp
according to each perceptive triplet.

2) P (CIk): In [12], this problem of information correla-
tion is equally taken into account. In this paper, computation
of this information is very simplified in comparison and just
based on total distance travelled since last detection of this
triplet. The greater is the distance, the greater the information
is new. The equation used is the following:

P (CIk) = exp−γ×D (6)

with:
• D: distance traveled since the last detection of this

triplet
• γ = 0.71 determined empirically.

3) P (db): it is obtained using the Bayesian network pre-
sented in the next section.

IV. BAYESIAN MODELING

Bayesian Networks are used to formalize the knowledge in
an uncertain environment and are therefore quite appropriate
in this case.



A. Event take into account

Events modeled in this bayesian network are:
• O−k : Confidence of localization before update due to

detection of landmark
• z: Observability of landmark with selected sensor and

detector
• Az: there is at least a landmark in the zone observed
• dk: a landmark has been detected
• db: a landmark has been detected and data association

is true
• CIk: system already tried to detect this landmark
• dp: landmark has previously been detected with this

sensor and this detector
• O+

k : Confidence of localization after localization up-
date due to detection or no detection of the searched
landmark

With all the events, it is possible to construct a great
bayesian network which can take into account the detectors
performances, the occlusion of landmarks, the ambiguity be-
tween landmark, the size of search area like we will see in the
next subsections.

B. Network design

O−k zo Az

db dk

CIkO+
k

dp

Fig. 4. Final Bayesian Network . Yeloow nodes are entries (their probability
is known). Green nodes indicates probabilities that we are looking for.

This Bayesian Network allows to represent links between
our different events. This will be described in the next sub-
section but we can already note the structure of our bayesian
network is fixed and it is the same for each triplet.

C. Probability table

Probabilities are computed for each triplet because their
values are depending on triplet. For all tables, φ can take the
value 0 or 1.

1) zo:
O−k zo
0 0
1 obs

The first line represents the hypothesis

that if the vehicle is not in the range of its estimated position
and covariance, the landmark cannot be seen. In the second
line, obs is the probability the landmark can be seen if the
vehicle estimation is good. In the example given for the
criterion explaination, for B,C and D, obs = 1 because they
are in front of the vehicle thus detectable by the sensor for
every position of the vehicle in the red ellipse. At the contratry
obs = 0 for A because it is always behind the vehicule. For E,
obs = 0.5 because it is visible only if the vehicle is in the right
half of the red ellipse. obs can be calculated for all triplet.

2) Az:
zo Az
0 γ
1 1

The second line just tells that if the

landmark is observable, it means it is in zone so there is at
least one landmark in the zone. The first line shows that even if
the estimation is bad, it is possible to detect something because
there are others landmarks of the same type. For example, if
the vehicle is in a forest and want to detect a tree in a big
zone, γ ≈ 1 because everywhere there is tree. If vehicle is in
a desert γ ≈ 0 because it is the only tree in the map. γ can
be calculated knowing the density of landmark.

3) dk:

CIk dp z Az d
0 φ 0 0 β
0 φ 0 1 1− αAverageNbLandmark
0 φ 1 φ 1− αAverageNbLandmark
1 0 φ φ 0
1 1 φ φ 1

The two last line represent the fact that if the infomation is
completely correlated, it means that nothing has change so the
result of the detector will be exactly the same (Note that the
information can be correlated only if the triplet has already
been used before). In the first line, β is the probability that our
detector returns a result wheras there is nothing to see. In the
two next lines, α is the probability that the detector don’t see a
landmark whereas it is present. So each landmark present (and
there is AverageNbLandmark) in the zone has a probability
α to not be seen, so the probability the detector don’t see any
landmark is αAverageNbLandmark. Thus the probability the
detector find something is 1− αAverageNbLandmark.

4) db:

zo d db
0 φ 0
1 0 0
1 1 1

nbNeighbor

The first line represents

the fact that if the landmark is not observable, even if we
have make a detection it will not be the landmark we are
searching for. The second line is obvious : if detection failed,
it is impossible the detector has returned the good landmark.
The third line represents the fact that maybe we will not do
the good association: we are searching for a landmark but
because it has some neighbors, the detector can return another
landmark.

5) O+
k :

Ok− d db O+
k

0 φ φ 0
1 0 φ 1
1 1 0 0
1 1 1 1

The first line simply

means that if the estimation wasn’t good, it is impossible it
becomes good with the update. The second line represents the
fact that if the detector has not find anything, the estimation of
position will not be updated so if it was good, it remains good.
The last line says that if the detection successes, the estimation
after update is good only if we have make the good association
so only if db is true.

V. UPDATE

A. Detection of landmark

Once the most relevant triplet is selected, the detection step
begins. Given the uncertainty of the estimated vehicle position
and the position of the landmark searched (given by the map),
the vehicle knows which zone it has to watch. It will therefore



Fig. 5. At the left side: vehicle is located at the intersection of axes, its
uncertainty is modeled by ellipse, each wall is described by one number. Here
system tries to detect the wall 7. At the right side: we have vision of the laser
range finder, systems projects vehicle uncertainty on the position of the center
of the wall 7, this uncertainty is represented by red ellipse, to detect the wall
this ellipse is dilated with dimensions of wall and then represented by green
ellipse. So, the system tries detect a segment with data in green ellipse.

be able to focus on this area. This is illustrated in Figure 5.
This increases the performance of the detector by improving
the signal noise to ratio. Each detection increases futures de-
tector perfomances because the position of the robot becomes
accurate, therefore the focusing area becomes smaller and the
probability to detect outliers will be drastically reduced.

B. Update confidence and position

If the detection succeeds, the robot state (position and
orientation) is updated using an Extended Kalman Filter,
otherwise not (in this case: X+

k = X−k ). Moreover after each
detection, the probability of actually being in the uncertainty
of the estimated position area (ie P (O+

k )) is updated. This
update is performed using the Bayesian network. Indeed, at
this step the event dk is known, this allows us to integrate the
corresponding result in the network (ie P (dk) = 1 if something
is detected, 0 otherwise).

VI. RESULTS

A. Evolution of the criterion in a static case

Accuracy P(db ) P(Clk ) Criterion
Wall 1 0.24 1 0 0.24
Wall 2 0.24 0 0 0
Wall 3 0.24 0.23 0 0055
Wall 4 0.24 0.5 0 0.12
Wall 5 0.24 0.09 0 0.02
Wall 6 0.24 0 0 0
Wall 7 0.24 0.37 0 0088
Wall 8 0.24 0 0 0

Fig. 6. Evolution of criterion: Step 1. The system tries to select the best
triplet, for each triplet it computes each element of equation 5.

Accuracy P(db) P(Clk) Criterion
Wall 1 0.27 0.99 0.99 0.0026
Wall 2 0.67 0 0 0
Wall 3 0.27 0.59 0 0159
Wall 4 0.67 0.49 0 0328
Wall 5 0.56 0 0 0
Wall 6 0.27 0 0 0
Wall 7 0.67 0.48 0 0321
Wall 8 0.27 0 0 0

Fig. 7. Evolution of criterion: Step 2. After the first detection, position and
confidence are more precise so the criterion evoluates, another triplet becomes
more interesting.

We will see a simple case (figure 6 and 7) changes the
criterion and therefore the selection of the triplet that emerges.
A vehicle is positioned at coordinates (0, 0) and position
uncertainty is represented by an ellipse. The environment is
composed of walls, here numbered 1 to 8. Initially (figure 6),
the uncertainty ellipse is a circle, the sensor is the same for
all, the goal does not favor any direction, each triplet thus has
the same input accuracy. No landmark has been detected yet,
so they all potientially bring a totally new information. The
triplet that will be selected will be the one who has the best
chance of being detected, this probability is calculated taking
into account the occlusion by another landmark (the wall 2 is
occluded by the wall 1), the possible confusion with another
landmark (wall 4 can be confused with the wall 7). Thus it is
the wall 1 that is selected. In step 2 (figure 7), the uncertainty
is not isotropic, as all triplets will not improve the position
of the same. The wall 1 has already been detected, it brings
almost no further information. In contrast, the probability of
correct detection of other landmarks were identified. Finally,
landmark 4 is selected and the process iterates.
B. In real environment

Fig. 8. A the left side: real environment named Pavin modeling an urban
area and an open area for experiments. At the right side: An electrical vehicle
named VipaLab that can be equipped with several sensors like range finder,
GPS, Camera, etc.

This method has been tested in real environment named



Pavin presented on the figure 8. It is an experimental site,
composed of two areas, an urban area and an open area, for
a total ground surface of approximately 5.000m2. The total
street length is 350m with 230m of additionnal ground track.
The urban area is composed of scaled street with several
road junction type, road markings and functional traffic lights.
Painted walls, buildings vegetation and street furnitures are set
to bring to a whole scene. In addition, the whole area is covered
by a DGPS base station. The used vehicle is a VipaLab,
presented on the figure 8. This vehicle is a platform dedicated
to autonomous vehicle development. Its small dimensions
(length 1.96m, width 1.30m, height 2.11m. ) are appropriate
to urban environments.

For the experiment, used sensors are the following:
• Odometry that gives us the relative movement of

wheels, framerate of 50Hz
• Laser range finder, SICK LMS151-10100, Range data

in [0;30m], angle in [-45;225] deg, resolution of 0.25
degrees, framerate of 50Hz

• RTK GPS, (only used for evaluation of results)
A georeferenced map of environment is known and is inte-

grated as a database accessible with pgsql requests. The used
landmarks are walls, fences, and posts, associated detectors
have been developped. The estimated trajectory (figure 9) has
an average gap of 11 cm betwwen the trajectory provided
by our algorithm and the trajectory provided by the RTK
GPS (figure 10). In green is shown the Mahalanobis distance
between the estimated position and the real position, if the
distance is less than 2.29 then we can consider that the
estimated position with its uncertainty is true, it is actually
always the case. On the figure 10, confidence is generally
above 0.9, in some cases this confidence is lower. That is due
to no detections of researched landmarks, particulary this is
caused by presence of no-georeferenced object like bushes so
landmark is occulted. This algorithm is running in real time.

Fig. 9. Vehicle localization in real environment. Blue: landmarks used (walls
and pots), Green: estimated position of vehicle, Gray: real position provided
by RTK GPS, THe first position is represented by the black circle.

VII. CONCLUSION

The results of this method are very promising and demon-
strate the relevance of a top-down approach to the application
of the vehicle localization. The system reacts efficiently ac-
cording to its objectives. With this architecture, it would be
easy to add another sensor, indeed adding a sensor is equivalent
to add a triplet, so it’s transparent for the system. Bayesian
network structure allows for flexibility on the parameters and
the easy addition of a new event as a disconnection sensor
for example. The environment may be taken into account finer
way to integrate other events such as the landmark presence
not georeferenced, a faulty sensor, a listed but not detectable
landmark. . .

Fig. 10. Results in real environment. Red: estimated confidence, Blue:
euclidian distance between the estimated position and the real position, Green:
Mahalanobis distance between estimated position and the real position with
the associated uncertainty. In our case, we are in 3-Dimension so Mahalanobis
distance has to be lower to 2.29.
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