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Abstract—Map matching algorithms are used to integrate an
initial estimated position with digital road network data f or
computing the vehicle position on a road map. In this paper,
a map matching algorithm based on belief function theory is
proposed. This method provides an accurate estimation of vehicle
position relative to a digital road map using belief function theory
and interval analysis. The core idea of the proposed algorithm is
to handle only interval knowledge acquired from sensors andto
use the multiple hypothesis technique. This technique proves to
be relevant to treat junction roads situations or parallel roads.
The results on simulated and real data show the usefulness of
the proposed method.
Keywords: Map matching, belief function theory, multi-
sensor fusion, interval analysis, multiple hypothesis tech-
nique.

I. I NTRODUCTION

Many research and industrial applications require accurate
localization and/or tracking of moving vehicles. Satellite-
based navigation systems like global position system (GPS)
are playing an important role in vehicle localization due
to the 24-hour, all weather, and free-of-charge availability.
However, GPS alone is not always the ideal solution. GPS
was originally designed with an inherent error of at least
10m for non-military applications. Also, GPS suffers from
line of sight (LOS) issues that make it less effective in urban
canyons. One possible solution for correcting GPS error is
the integration of GPS data with other sensor data, e.g, dead
reckoning (DR) using a data fusion algorithm. Often, classical
data fusion algorithms using stochastic filters like the extended
Kalman filter (EKF) are strongly affected by some types of
measurement errors like bias and drift, or even by partial or
total conflict between the sources of information [2] [3] [6].
Moreover, an accurate state space model and an accurate
statistical model of measurement noise should be used, which
is not an easy task in real applications. Sometimes, it may be
more convenient to use deterministic approaches by handling
only interval knowledge acquired from multiple sources. The
interval framework has been shown by several authors to
be a good methodology to deal with non-white and biased
measurements [1] [4] [15] [16]. The importance of interval
theory comes from the fact that this theory is used as a tool
for so-called validated computations, i.e, computations with
guaranteed accuracy taking into account all possible sources of

error, from imprecise data to rounding errors during computer
calculations.

Furthermore, the integrated GPS/DR system using a data
fusion algorithm fails to provide the actual vehicle position on
a given road segment. The availability of an accurate digital
road network makes it possible to find the vehicle position in
a road segment. This technique is called map matching (MM).
A formal definition of MM can be found in [5] [12] [24]. A
number of different algorithms have been proposed for map
matching in different applications. Most of the existing map
matching algorithms and their limitations are reviewed and
described in [10] [24] and references therein. The multiple
hypothesis technique (MHT) keeps track of several positions
of the vehicle simultaneously and selects eventually which
candidate is the best. In [17], an MHT for on-line map
matching with embarked GPS and dead reckoning device has
been proposed. In the MHT technique, probability theory is
used for identifying candidate roads and for selecting the best
one.

In this paper, we propose a map matching algorithm that
manages multiple hypothese using belief function theory.
Recently, belief theory, also known as Dempster-Shafer, or
Evidence theory, has emerged as an important tool to man-
age and handle uncertainty and imprecision or even lack of
information [25]. The use of belief theory steadily spreads
out, mostly because it is used to cope with large amounts
of uncertainties that are inherent of natural environments.
The main idea of the proposed method is to handle only
interval knowledge acquired from sensors and to select a set
of candidate roads in a rectangular region. The best candidate
road is eventually chosen using a decision rule of belief
function theory.

This paper is organized as follows. An overview of existing
map matching algorithms is given in Section II. In Sections III
and IV we present the background on interval analysis and
belief functions theory, respectively. A map matching method
based on belief function theory, is then introduced in Sec-
tion V. In Section VI, we show the results of the application of
the proposed method to dynamic vehicle localization. Finally,
in Section VII, we conclude and discuss the main contributions
of the paper.
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II. M AP MATCHING ALGORITHMS

Map matching algorithms can be classified into two cat-
egories. Algorithms in the first category consider only the
geometric relationships between the estimated position of
the vehicle and a digital map [22] [24]. Algorithms in the
second category consider also the topology of the road network
and historical data regarding the estimation position of the
vehicle [12].

In the map matching algorithms of the first type, several
criteria are used for choosing the best candidate road on
the map, such as: distance of point to curve, distance of
curve to curve and angle of curve to curve. Because these
algorithms use only geometric information, they are quite
unstable. Indeed, these algorithms are appropriate when one
pursues simplicity rather than accuracy [18].

In the second category of algorithms, the result of MM
at time stepk − 1 is used for selecting candidate roads at
time step k using the topology of the road network as a
constraint. Some algorithms of the second category used belief
function theory for choosing the best candidate road and for
computing the vehicle position [8] [9]. The main contribution
of these algorithms is the use of a road selection method based
on multi-criteria fusion under belief function theory. Often,
proximity or angular criteria are used in order to define a
belief function.

However, in the second category the determination of the
vehicle position is usually not robust. Indeed, if the result of
MM algorithm was wrong at time stepk−1, then the result at
time stepk is likely to be wrong. Recently, some works used
the multi-hypothesis technique in map matching algorithms
in order to solve the above problem [17]. In this paper, we
present a new map matching algorithm belonging to the second
category, which handles interval knowledge about available
information on sensors and uses belief function theory in
order to manage some situations of map matching problems
including multiple hypothesis scenarios.

III. I NTERVAL ANALYSIS

In this section we briefly introduce some notions of interval
analysis. A real interval, denoted[x], is defined as a closed and
connected subset ofR: [x] = [x, x] = {x ∈ R/x ≤ x ≤ x},
wherex andx are the lower and upper bound of[x]. A box
[x] of R

nx is defined as a Cartesian product ofnx intervals:
[x] = [x1] × [x2] · · · × [xnx

] = ×nx

i=1[xi]. All set-theoretic
relations, e.g.,⊂,⊃,∩, . . . and the four elementary arithmetic
operations{+,−, ∗, /} are extended to the interval context. In
general, the image of a box[x] ∈ R

n by a functionf is not a
box. An inclusion function[f ] defined as:

∀[x] ∈ R
n, f([x]) ⊂ [f ]([x]), (1)

computes a box containingf([x]). This function should be
calculated such that the box enclosingf([x]) is optimal.
Different algorithms exist in order to reduce the size of boxes
enclosingf([x]). For the fusion problem considered here, we
have chosen to use constraint propagation techniques [13] [14],
because of the great redundancy of data and equations.

A. The Constraints Satisfaction Problem (CSP)

Consider a system ofm relationsfj linking variablesxi of
a vectorx of R

nx by equations of the forms :

fj(x1, . . . , xnx
) = 0, j = 1 . . .m. (2)

This equation can be written as a constraint satisfaction
problem CSPH:

H : (f(x) = 0,x ∈ [x]0) (3)

wherex = (x1, x2, · · · , xnx
)T , f = (f1, f2, · · · , fm)T and

[x]0 is the prior domain ofx. A Constraint Satisfaction
Problem (CSP)H is a problem that gathers a vector of
variablesx from an initial domain[x]0 and a set of constraints
f linking the variablesxi of x. The CSP consists in finding
the values ofx which satisfy the equality constraints (3). The
solution set of the CSP will be defined as:

S = {x ∈ [x]0 | f{x} = 0}. (4)

Note that S is not necessary a box. Under the interval
framework, solving the CSP will be translated onfinding the
minimal box[x

′

] ⊂ [x]0 such thatS ⊂ [x
′

].
1) Waltz Contractors:A contractor is an operator applied

to the domain of the CSPH. It is used to solve the CSP, and
thus to eventually providea minimal box[x

′

] ⊂ [x]0 such that
S ⊂ [x

′

]. The Waltz contractor is based on the propagation of
primitive constraints for real variables. A primitive constraint
is a constraint involving a single operator (such as+,−, ∗ or \)
or a single function (such ascos, sin or sinh). This contractor
makes it possible to contract the domains of the CSPH :
(f(x) = 0,x ∈ [x]0) by taking into account any one of them
relations (constraints) in isolation, without any a prioriorder.
The use of this method appears to be specially efficient when
one has a redundancy of data and equations. Note that this
method is independent of the non-linearities and provides a
locally consistent contractor [13].

The principle of The Waltz contractor can be illustrated via
the following example. Let us consider the constraintz =
x. exp(y). At first, this constraint is decomposed into primitive
constraints: {

a = exp(y)
z = x.a

(5)

wherea is an auxiliary variable initialized by[a] = [0, +∞[.
Each equation of (5) has been obtained by isolating one of
the variables in the initial constraint. By using the inclusion
functions [exp] and [(exp)−1] = [ln], and the initial domain
of variables: [z] = [0, 3], [x] = [1, 7] and [y] = [0, 1],
the forward backward propagation algorithm (FBP) works as
follows:

Set [z] = [0, 3], [x] = [1, 7] and [y] = [0, 1],
repeat

Forward step:
F1: [a] = [a] ∩ [exp]([y]) = [1, e]
F2: [z] = [z] ∩ [x].[a] = [1, 3].
Backward step:
B3: [x] = [x] ∩ ([z]/[a]) = [1, 3]
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B4: [a] = [a] ∩ ([z]/[x]) = [1, e]
B5: [y] = [y] ∩ [ln]([a]) = [0, 1]

until The contractor becomes inefficient, e.g, there is no
contractions.

IV. B ELIEF FUNCTION THEORY

In this section, we introduce the main concepts of Belief
function theory. LetΩ denote a finite set of mutually exclusive
and exhaustive hypotheses, called the frame of discernment.
A belief structure(BS) is a mass functionm from 2Ω to [0, 1],
verifying:

∑

A⊆Ω m(A) = 1. Every subsetA of Ω such that
m(A) > 0 is called afocal elementof m. A BS m such that
m(∅) = 0 is said to be normal. Thebelief functioninduced
by m is the functionbel: 2Ω 7−→ [0, 1] verifying:

bel(A) =
∑

∅6=B⊆A

m(B) for all A ⊆ Ω. (6)

A categorical belief function is a belief function that satisfies:
m(A) = 1 for someA ⊂ Ω, A 6= Ω andm(B) = 0, ∀B ⊆
Ω, andB 6= A. The belief function onΩ which hawm(Ω) =
1 is the vacuous belief function.

The plausibility function, denotedpl, quantifies the maxi-
mum amount of potential specific support that could be given
to A ⊆ Ω. It is obtained by adding all the masses given to
focal elementsB that verify B ∩ A 6= ∅:

pl(A) =
∑

B∩A 6=∅

m(B) = bel(Ω) − bel(Ā). (7)

Two different, and independent BSsm1 andm2 defined on
the same frame of discernmentΩ can be combined by the
conjunctive rule[25] defined as:

∀A ⊆ Ω, m12(A) = m1 ∩ m2(A) =
∑

B∩C=A

m1(B)m2(C).

(8)
The conjunctive combination followed by a normalization step
is known asDempster’s ruleof combination [25]. It is denoted
by ⊕.

Let Ω andΘ be two frames of discernment. LetmΩ×Θ be
a BS defined on the cartesian productΩ × Θ. The marginal
BS, denotedmΩ×Θ↓Ω, is defined , for allA ⊆ Ω, as:

mΩ×Θ↓Ω(A) =
∑

{B⊆Ω×Θ/proj(B↓Ω)=A}

mΩ×Θ(B), (9)

where proj(B ↓ Ω) is the projection ofB on Ω, defined
as: proj(B ↓ Ω) = {w1 ∈ Ω/ ∃w2 ∈ Θ; (w1, w2) ∈ B}.
Conversely, letmΩ be a BS defined onΩ. Its Vacuous
extensionon Ω × Θ is defined by:

mΩ↑Ω×Θ(B) =

{

mΩ(A) if B = A × Θ
0 Otherwise

(10)

When a given hypothesish ⊆ Ω is ascertained, The BS onΘ
can be changed to reflect the new state of the knowledge. The
conditioning operation consist on combining conjunctively the
prior BS with a categorical BS supporting the hypothesish,

GPS

Multi sensor fusion

Sensor data

GIS correction

Overall state estimation

Figure 1. The basic steps of the BMM algorithm.

mΩ
h (h) = 1. Let mΘ[h] be the BS onΘ conditioning toh, it

is given by:

mΘ[h] = (mΘ×Ω ⊗ mΩ↑Θ×Ω
h ) ↓ Θ (11)

The pignistic transformation uses the mass function to
assign a pignistic probability to the subsets. Smets pignistic
transformation distributes the basic belief assignmentsm(AJ )
equally among on each singleton element ofAi ⊆ AJ , with
Ai ∈ Ω andAJ ⊆ 2Ω [20]. Then, the pignistic probability is
defined as:

Betp(Ai) =
∑

Ai∈AM

(
1

|AM |
)(

m(AM )

1 − m(∅)
), (12)

whereAM is a focal element ofΩ and |AM | is the width of
the interval based focal elementAM .

V. BELIEF MAP MATCHING METHOD

A. Introduction

In many application areas it is necessary to estimate the state
of a dynamic system, e.g, vehicle position, using a sequence
of noisy sensor measurements. Recent works use interval
framework in order to deal with measurements affected by
non-white noise or by significant bias, see for example [1] and
references therein. This gives raise to the so-calledbounded
errors methodsfor state estimation, where the resulting state
can be represented by a box which is equivalent to a Cartesian
product of intervals.

In this section we present a belief-function based Map
Matching method (BMM) using simultaneously, beside
bounded errorsestimation methods, geometrical and topolog-
ical frameworks in order to attribute a basic belief assignment
to a set of candidate roads (CR) extracted from an existing
local map, thereby providing a more accurate estimation of
the position.

Under the interval framework, and using a state space
model, sensor data will be integrated with GPS measurements
via a multi-sensor fusion algorithm in order to compute a state
estimation position. From the resulting position, a set of CR
will be computed by using a two dimensional geographical
information system (GIS-2D). By handling interval knowledge
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Figure 2. Rectangular roads constructed onr = (A0, A1, A2).

x

y

xk

yk M
θk

δθ,k

Figure 3. Definition of the frames.

of the state and rectangular representations of the roads, the
BMM method will be straightforwardly formulated. Figure 1
shows the basic steps of the BMM method. We will present
in section V-B the geometry of the available rectangular road
map. In section V-C we will introduce the state space model
to be used. The scenarios of the BMM method will be shown
in section V-D.

B. Road map representation

There are several ways to represent digital spatial road
network data. The planar model used in this paper is cur-
rently one of the most accepted models because of its high
efficiency and low complexity [19]. As suggested by the planar
model, a roadr is represented by a finite sequence of points
(A0, A1, · · · , AnA), where{Ai}nA

i=1 ∈ R
2. The pointsA0 and

AnA are the end points of roadr. These points are referred
to nodes while(A1, A2, · · · , AnA−1) are referred to vertices
or shape points. In the BMM method, rectangular roads will
be constructed from GIS data as shown in Figure 2. As it
can be seen, a roadr is characterized by two nodes(A0, A2)
and a shape pointA1. The associated rectangular roads can be
constructed using lateral and longitudinal imprecisionsδla and
δlo respectively, which are an a priori information depending
on the confidence of the available map.

xxxxxxxxxxxxxx
xxxxxxxxxxxxxx
xxxxxxxxxxxxxx
xxxxxxxxxxxxxx
xxxxxxxxxxxxxx
xxxxxxxxxxxxxx
xxxxxxxxxxxxxx
xxxxxxxxxxxxxx

xxxxxxxxxxxx
xxxxxxxxxxxx
xxxxxxxxxxxx
xxxxxxxxxxxx
xxxxxxxxxxxx
xxxxxxxxxxxx
xxxxxxxxxxxx
xxxxxxxxxxxx
xxxxxxxxxxxx
xxxxxxxxxxxx
xxxxxxxxxxxx
xxxxxxxxxxxx

[xk]

[ri]

[rj ]

[xj
k]

[xi
k]

GPS position

Figure 4. State update using[xk] and two rectangular roads[ri] and [rj].

C. Dynamic state space model

Consider a car-like vehicle with front-wheel drive. The
vehicle position is represented by the Cartesian coordinates
(xk, yk) of the point M attached to the center of the rear axle
as shown in Figure 3. The heading angle is denotedθk. The
statexk = (xk, yk, θk)T is calculated at each time stepk
thanks to the following discrete representation:







xk+1 = xk + δS,k cos(θk +
δθ,k

2 )

yk+1 = yk + δS,k sin(θk +
δθ,k

2 )
θk+1 = θk + δθ,k

(13)

where δS,k is the elementary linear displacement andδθ,k

is the measure of the elementary rotation given by an ABS
sensor and a gyrometer, respectively. The observation of the
position at time stepk, which is zk = (xGPS , yGPS), is
given by a Global Position System (GPS). Thelongitude,
latitude estimated point of the GPS is converted to a Carte-
sian local frame and the error boundary of the position is
obtained thanks to the weavesGST NMEA[11]. Using interval
framework, one will be able to handle interval quantities and
to give a box representation of the state position as done
in [11]. This will be a part of the BMM method. Note
that, one can build a box aroundδS,k and δθ,k using σs

and σθ which are estimated thanks to specific static tests:
[δS,k] = [δS,k − 3 · σs, δS,k + 3 · σs] and [δθ,k] = [δθ,k −
3 · σθ, δθ,k + 3 · σθ]. In the same manner, one can build a box
around GPS measurementzk: [zk] = ([xk,GPS ], [yk,GPS ])T

where [xk,GPS ] = [xk,GPS − 3 · σx, xk,GPS + 3 · σx] and
[yk+1,GPS ] = [yk,GPS − 3 · σy, yk+1,GPS + 3 · σy ].

D. Sketch of the BMM method

1) Road map mass functions:Given a state box[xk] and a
rectangular road map, a setRk of CR can be selected where
any rectangular road [r] inRk should verify:[xk] ∩ [r] 6= φ.
The associated mass function at time stepk, mRk , can be
computed using topology and similarity criteria.

From the map topology, a mass functionmRk

1 which repre-
sents our belief given to the hypothesis that the vehicle is on
each road included inRk can be computed.

From the similarity between the rectangular roads inRk

and the state box[xk], a mass functionmRk

2 on Rk can be
calculated. This similarity is characterized by the width of the
intersection between[xk] and the rectangular roads, and for
geometrical convenience is calculated as the width of the min-
imal box englobing this intersection. LetLi =

|[xi
k]|

|[xk]| , where
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1) Initialization
a) Setk = 0 and from the GPS measurement create a state box

[xk].
b) From each roadri including in the local map, construct the

associated rectangular road[ri].
c) From all rectangular roads[ri] and [xk], construct a setRk

of CR by using similarity criterion. LetnRk
be the number of

roads including inRk.
d) State update: By using[xi

k
] = [xk] ∩ [ri], i = 1, · · ·nRk

.
e) Constructed a categorical mass functionm

Rk
1

on Rk.
f) Construct a mass functionmRk

2
using (14) and (15) onRk .

g) ComputemRk using (16)

2) SetRk+1 = Rk andm
Rk+1

1
= mRk .

3) For i = 1 : nRk

4) Prediction:
• Input boxes:[δS,k] = [δS,k − 3 ·σs, δS,k − 3 ·σs] and [δθ,k] =

[δθ,k − 3 ∗ σθ , δθ,k − 3 ∗ σθ ].
• Calculate[xi

k+1
] using [δS,k], [δθ,k] and (13).

5) GPS correction:
a) From GPS measurement build a measurement box:[zk+1] =

([xk+1,GPS ], [yk+1,GPS ])′, [xk+1,GPS ] = [xk+1,GPS −3 ·
σx, xk+1,GPS + 3 · σx] and [yk+1,GPS ] = [yk+1,GPS − 3 ·
σy, yk+1,GPS + 3 · σy ].

b) The innovation is given by:[Ii] = [xi
k+1

] ∩ [zk+1].
c) Contract [xi

k+1
] using [Ii] and by applying Waltz algorithm

according to system (13).
6) GIS correction:

a) UpdateRk+1 andm
Rk+1

1
:

• IF the distance between the center of[xi
k
] and a node or a

shape point of the roadri is less thenδS,k , then:

– Let S(ri) be the set of all roads directly linked tori

including ri. Let ns be the number of roads including in
S(ri).

– Initialize Si = φ
– For j = 1 : ns

– if [rj ] ∩ [xi
k
] is not empty thenSi = Si ∪ {rj}.

– [xj

k+1
] = [xi

k+1
] ∩ [rj ].

– ENDFORj

– Rk+1 = Rk+1 ∪ Si.

– m
Rk+1

1
= M.m

Rk+1

1
, where M is the transition matrix

computed in such way thatm
Rk+1

1
({ri}) is transferred

to m
Rk+1

1
(Si).

• ELSE Rk+1 andm
Rk+1

1
remain unchanged and:

– [xi
k+1

] = [xi
k+1

] ∩ [ri].
• ENDIF

b) Construct a mass functionm
Rk+1

2
using (14) and (15) onRk+1.

7) ENDFORi

8) ComputemRk+1 = m
Rk+1

1
⊕ m

Rk+1

2

9) Overall estimation:
a) The best road is that corresponding to the highest plausibility

function computed frommRk+1 .
b) The state estimate is the center of[xi

k+1
] on the best road.

10) k = k + 1 go to 2 untilk = kend.

Figure 5. Belief map matching algorithm.

[xi
k] is the minimal box englobing the intersection between

the rectangular road[ri] and [xk] as shown in Figure 4.Li

can be seen as a geometrical likelihood of the road given a
state box[xk]. UsingLi, a mass functionmi can be computed

using [23]:






mi({ri}) = 0

mi({ri}) = αi(1 − a · Li)
mi(Rk) = 1 − αi(1 − a · Li)

(14)

where {ri} is the complement of{ri}, αi is a weakening
coefficient associated with the roadri anda is a normalization
coefficient. The mass functionmRk

2 is the combination of all
mi using Dempster rule of combination [25]:

mRk

2 = ⊕imi. (15)

The mass functionsmRk

1 andmRk

2 can be combined in order
to computemRk as:

mRk = mRk

1 ∩ mRk

2 , (16)

wheremRk({ri}) represents the final part of belief given to
the hypothesis that the vehicle is on roadri and mRk(φ)
represents the part of belief given to the hypothesis that the
vehicle is moving on a road not included in the database of
the map.

2) Initialization: At time step k = 0, a state box can
be constructed using the GPS measurement and the standard
deviationsσx and σy estimated in real time by the GPS
receiver: [xk] = [xk,GPS − 3 · σx, xk,GPS + 3 · σx] and
[yk] = [yk,GPS − 3 · σy, yk,GPS + 3 · σy]. Note that the
heading angleθ is not directly observed, and is initialized
as [θ0] = [0, +2π]. From [xk] and the rectangular road map,
a setRk of CR is selected as explained in section V-D1. At
time stepk = 0, there is no prior information on the vehicle
position and thusmRk

1 should be initialized as a vacuous mass
function on Rk. The mass functionmRk

2 can be calculated
using (14) and (15). The final mass functionmRk is thus the
result of the combination ofmRk

1 andmRk

2 according to (16).
Note that from the fact that the vehicle should be on a road,
[xk] is substituted by{[xi

k]}
nRk

i=1 .
3) Prediction: The state boxes{[xi

k]}
nRk

i=1 can be updated
using [δS,k], [δθ,k] and the evolution equation (13) thanks to
the intervals tools [13]. Note here that, as inclusion functions
are used, one may obtainnon-optimizedpredicted state boxes,
{[xi

k+1]}
nRk

i=1 .
4) GPS correction: The GPS measurement box[zk+1]

can be used in order to adjust state boxes. The intersection
between a state position box([xi

k+1], [y
i
k+1])

T and the GPS
box [zk+1] characterize the proximity between the prediction
and the measurement. This intersection is used to contract
[xi

k+1] using theWaltz algorithmaccording to the constraints
of system (13) [1] [13].

5) GIS correction: Regarding junctions situations, two
cases should be considered as shown in Figure 6:

• If the distance between the center of[xi
k] and a node or

a shape point of the roadri is less then the elementary
movementδS,k given by the rear wheels ABS sensors,
then it is possible that the vehicle leaves roadri. For
this reason, the setRk of CR must be changed to a set
Rk+1. This is done as follows. LetSi be the set of all
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[x1
k]

[x2
k]

[x1
k+1]

[x2
k+1]

[x3
k+1]

[r1]

[r1]

r2

r2

[r3]

[r3]

Time stepk

Time stepk + 1

Figure 6. Possible scenarios when managing the multiple hypotheses case
due to junctions. The black boxes represent the state after GIS correction.

roads directly linked tori (ri ∈ Si) and which has an
intersection with[xi

k]. The setRk+1 is then updated by:
Rk+1=Rk ∪ Si.

• If the distance between the center of the state box[xi
k]

and all nodes and shape points of the roadri is higher
thanδS,k, thenRk+1 = Rk.

The mass functionmRk+1

1 should be calculated usingmRk

and the relation betweenRk andRk+1. This is accomplished
using conditional belief functions as introducing in section IV.
This is explained by the follow example.

Consider the case of Figure 6, whereRk = {r1, r2}. The
state boxes representing the vehicle position at time stepk are
[x1

k] and [x2
k]. At time stepk + 1, three possible positions of

the vehicle may occur, namelyx1
k+1,x

2
k+1 andx

3
k+1 and thus

Rk+1 = {r1, r2, r3}. From the fact thatr2 is linked tor3 and
r1 is not linked tor2 and r3, the relation betweenmRk and
m

Rk+1

1 is given by:

m
Rk+1

1 = M · mRk , (17)

WhereM is a transition matrix defined as:

M =

























1 0 0 0
0 1 0 0
0 0 0 0
0 0 0 0
0 0 0 0
0 0 0 0
0 0 1 0
0 0 0 1

























,

and mRk is the known mass function with focal
elements {φ, {r1}, {r2}, {r1, r2}} and m

Rk+1

1 is the
mass function to be calculated with focal elements
{φ, {r1}, {r2}, {r1, r2}, {r3}, {r1, r3}, {r2, r3}, {r1, r2, r3}}.
This matrix is computed using the following relations under
a conditional belief functions interpretation:

mRk+1 [{r2}]({r2, r3}) = 1,

mRk+1 [{r1}]({r1}) = 1.
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Figure 7. Quadratical error of the vehicle position; GPS error on dashed line
and BMM error on black solid line.

This transformation means that

• mRk(φ) is transferred tomRk+1

1 (φ);
• mRk({r1}) is transferred tomRk+1

1 ({r1});
• mRk({r2}) is transferred tomRk+1

1 ({r2, r3}) as r2 is
linked to r3: r2 implies {r2, r3};

• mRk({r1, r2}) is transferred tomRk+1

1 ({r1, r2, r3}) as
r1 or r2 implies {r1, r2, r3}.

The mass functionmRk+1

2 can be calculated using (14)
and (15).

By combiningm
Rk+1

1 andm
Rk+1

2 using (16), the final mass
function mRk+1 can be computed.

Note that if there is no intersection between state boxes
and all roads including inRk+1, then the resulting state boxes
{[xi

k+1]}
nRk

i=1 should be kept, e.g, the vehicle is moving on
a road not included in map data. On the other hand, each
available box[xi

k+1] should be substituted by[xj
k+1], which

is the minimal box englobing the intersection between[xi
k+1]

and the rectangular road[rj ].
6) Overall estimation:The overall estimate of the vehicle

position should be computed using all state boxes andmRk+1 .
Thus, the best candidate road should be selected. Under
the belief functions theory, several decision criteria such as
the maximum of belief, the maximum of plausibility or the
pignistic probability, can be chosen [7]. The estimate of the
vehicle position can be chosen as the center of the box
corresponding to the best candidate road. The confidence in
this estimation is the width of the box.

The BMM algorithm is presented in Figure 5.

VI. A PPLICATION

A. Simulated Results

In this Section, we present the results of applying the
BMM algorithm on simulated Data. The vehicle position, the
heading, the elementary movement and the elementary rotation
were generated using the Matlab simulink toolbox. The GPS
measurement noise was supposed to be white withσx = 7
m and σy = 9 m. The noise in the input data (elementary
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Figure 8. Simulated road map.
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Figure 9. BMM results. GPS positions are represented by(∗), estimated
positions are represented by(o).

movement and elementary rotation) was supposed to be white
with σs = 1/4 m andσθ = 0.002 degrees. In this application,
we assumed thatδlo = 1 m and δla = l + 1, where l = 6
m is the width of the road. Figure 7 displays the quadratic
error of the BMM method compared to that of GPS. Figure 8
shows the simulated trajectory. Figure 9 shows the GPS in(∗)
points and the estimated positions in(o) points. Although the
BMM method can provide an estimate of the position on each
CR, only the overall estimation positions are plotted usingthe
maximum of plausibility criterion.

Figure 10 shows how several hypotheses are managed with
the BMM method in order to handle junction situations. The
estimated positions corresponding to all CR are represented by
(△) points. The GPS positions are represented by(∗) points
and the overall estimate positions are represented(o) points.
At time stepk − 1, there is only one possible position. At
time stepk, even if there is three possible positions caused
by junction situation, the BMM method is able to choose

x

y

Time stepk − 1

Time stepkTime stepk + 1

Figure 10. Multi-hypothesis managed with the BMM method in the case
of junction situation. GPS positions are represented by(∗), overall estimate
positions are represented by(o) and BMM possible positions are represented
by (△).

a position and to save all the other positions for eventual
correction. As can be seen, only two positions are kept at
time stepk + 1.

B. Results on real data

In this section, the BMM method was applied to real data.
The test trajectory was carried out in Compiègne, France with
the experimental vehicle of the laboratory. The measurement
of the position(xGPS , yGPS) was given by a GPS. The ele-
mentary rotation and displacement between two samples were
obtained withgood precisionusing a fiber optic gyrometer
and two rears wheels ABS sensors. In this application, we
assumed thatδlo = 1m andδla = l + 1, wherel = 6 m is the
width of the roads. Figure 11 shows the test trajectory. The
zoomed part of the trajectory shows the GPS positions in(∗)
points and estimated positions in(o) points. Note here that
the BMM method may provide an estimate of the positions
on each CR; however, only the overall estimation positions
are plotted using the maximum of plausibility criterion. Itis
obvious that the resulting estimate is more adequate than the
GPS position which is not on the road map.

VII. C ONCLUSION

In this paper, a new method for map matching and state
estimate has been presented. This method manages the output
of existing bounded error estimation methods under the belief
function framework by combining interval data with a rectan-
gular road map. This method seems to be adequate to deal with
some crucial situations of the map matching problem like multi
hypothesis scenarios on junctions. Also, the implementation
of this method is quite simple using geometrical propertiesof
boxes and rectangular roads map. Results on simulated and
real data have demonstrated the effectiveness of this method.

REFERENCES

[1] Abdallah F., Gning A. and Bonnifait ph.Box Particle Filtering for non
Linear State Estimation using Interval Analysis. Automatica, volume 44,
pp. 807-815, 2008.

1001



x

x

y y

Figure 11. Experimental results. The estimation positionsare represented by(o) points and GPS positions are represented by(∗) points.

[2] M.S. Arulampalam, S. Maskell, N. Gordon, and T. Clapp.A tutorial
on particle filters for online nonlinear/non-Gaussian Bayesian tracking.
IEEE Trans. on Signal Processing, Vol.50, No.2, pp 174-188,2002.

[3] Ali Asadian, Behzad Moshiri and Ali Khaki Sedigh.A Novel Data
Fusion Approach in an Integrated GPS/INS System Using Adaptive
Fuzzy Particle Filter. 5th International Conference on Technology and
Automation (ICTA), Sponsored by IEEE and EURASIP, 15-16 October
2005, Thessaloniki, Greece.

[4] Immanuel Ashokaraj, Antonios Tsourdos, Peter Silson and Brian White.
Sensor Based Robot Localisation and Navigation: Using Interval
Analysis and Extended Kalman Filter. 5th Asian Control Conference
(ASCC),2004.

[5] Bernstein D., Kornhauser A.An introduction to map matching for
personal navigation assistants. New jersy TIDE Center, 1996.

[6] Wen-Shiang Chen.Bayesian estimation by sequential Monte Carlo sam-
pling. Dissertation, The Ohio State University, 2004.

[7] Denoeux T. Analysis of evidence-theoretic decision rules for pattern
classification. Pattern Recognition, 30(7):1095-1107, 1997

[8] El Najjar M. E. and PH. Bonnifait.Multi-Criteria Fusion for the Selection
of Roads of ana accurate Map. 15th IFAC World Congress, Barcelona,
2002.

[9] El Najjar M. E. and PH. Bonnifait.A road matching method for precise
vehicle localization using belief theory and Kalman filtering, Autonomous
Robots 19, pp.173-191, 2005.

[10] Gattein S. and Vannoorenberghe P.A comparative analysis of two
approaches using the road network for tracking ground targets, Seventh
International Conference on Information Fusion, pp.62-69, 2004.

[11] A. Gning and Ph. Bonnifait.Dynamic Vehicle Localization using Con-
straints Propagation Techniques on Intervals. A comparison with Kalman
Filtering. IEEE International Conference on Robotics and Automation
(ICRA 05). Barcelona, April 2005.

[12] Greenfeld Y.S.Matching GPS observations to localizations on a digital
map. Proceeding of the 81th annual Meeting of the Transportation Board,
Washington D.C, 2002.

[13] Jaulin L., M. Kieffer, O. Didrit and E. Walter.Applied Interval Analysis.
Springer-Verlag, 2001.

[14] Jaulin L., M. Kieffer, O. Didrit and E. Walter.Guaranteed nonlinear
estimation using constraint propagation on sets. International Journal of
Control. volume 74, no 18, 1772-1782, 2001.

[15] L. Jaulin. Nonlinear bounded-error state estimation of continuous-time
systems. Auto-matica, 38, 1079-1082, 2002.

[16] L. Jaulin. Bayesian estimation using interval analysis. Franco-Japanese
Workshop on Constraint Programming, Tokyo, Japan, October25-27,
2004.

[17] Pyo J.S., Shin D. H. and Sung T. K.Development of a map matching
method using the multiple hypothesis technique. IEEE Intelligent Trans-
portation Systems Conference Proceedings, PP 23-27, 2001.

[18] Quddus M.A., Washington Y., Zhao L. and Robert N.A general map
matching algorithm for transport telematics applications. Journal of
Intelligent Transportation Systems, Volume 7, Issue 3, pages 157-167,
September 2003.

[19] Quddus M.A., Robert N. and Washington Y.A High Accuracy Fuzzy
Logic Based Map Matching Algorithm for Road Transport. in GPS
Solutions, Volume 10, No. 3, pages 103 - 115, September 2006.

[20] Smets Ph. and Kennes R.The transferable belief model. Artificial Intel-
ligence, vol.66, pp. 191-234, 1994.

[21] Syed S. and Cannon M.E.A Fuzzy Logic-Based Map Matching Algo-
rithm for Vehicle Navigation Systems in Urban Canyons. the National
Technical Meeting of The Institute of Navigation, San Diego, California,
January 25-28, pp. 982-993, 2004.

[22] Taylor G., Blewitt G., Steup D., Corbett S. and Car A.Road reduction
filtering for GPS-GIS navigation. Proc. of 3 AGILE conference on
Geographic Information Science, Helsinki, Finland, pp. 114-120, 2001.

[23] Vannoorenberghe P.Un état de l’art sur les fonctions de croyance
appliquées au traitement de l’information, Information interaction intel-
ligence, vol. 3, pp.9-45, 2003.

[24] White C.E. Bernstein D., A.L.some map matching algorithms for
personal navigation assistants. Transportation Research Part C8,91-108,
2000.

[25] H. Xu, Y-T. Hsia and Ph. Smets.Transferable Belief Model for Decision
Making in Valuation-Based Systems. IEEE Transactions on Systems, Man
and Cybernetics, 26A:698-707, 1996.

1002


