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Abstract

We propose an algorithm in order to evaluate the similarity
between two space-time distributions. One is obtained by
experiment, the other is estimated by a numerical calculus.
These informations are heterogeneous; their location so
as their density and their reliability are various.
We have developed a first method which is right when nu-
merical and experimental informations are closely linked.
Nevertheless in real world problems, the initial conditions
which induce the numerical information are vague. For
the non linearity of the studied phenomena, the similarity
degree of both informations are deeply degraded.
Our approach is robust relatively to this noise. It is a part
of an identification process of a coronary stenosis.
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Introduction

A coronary stenosis is the shrinkage of the diameter of a
coronary artery. A stenosis is characterized by the main
parameters : the degree of reduction of the diameter, the
degree of display, the degree of symmetry etc.
Several quantification technics exist, the main of them are
presented in [15]. The angiography [4] is one of the most
currently used. This technic consists in photographing
the artery when a contrast product is crossing through the
artery. Then, methods of edges detection [1, 17] are ap-
plied on the resulting image. These methods estimate the
above mentioned parameters.
Besides many advantages, the angiography remains per-
fectible, in particular when the stenosis presents a geom-
etry with discontinuous edges. In this current situation,
the medical diagnosis is essentially based on the degree of
reduction of the diameter and the degree of display of the
stenosis.
From an angiographic image, it is difficult to value the
influence of a geometric discontinuity on the hemody-
namical flow. This situation generates a variability of the
diagnoses inter and extra practitioners [22].
Our approach consists in studying the contribution of a

mechanical fluid information to quantify the influence of
these dicontinuities on the hemodynamical flow . This in-
formation will be brought by two hemodynamical means :

� the velocimeter Doppler : tool of experimental diag-
nosis of the cardiac unrests based on the ultrasonic
analysis of the hemodynamical flow;

� the software of numerical fluid mechanics : tool of
theoretical and functional diagnosis of the cardiac
unrests based on the numerical simulation of the
hemodynamical flow.

The recent developments of these tools [7, 10, 3, 22, 14]
permit us to consider their use in a cooperative way in
order to identify a stenosis.
In our approach (see Figure 1), the Doppler and the soft-
ware are considered as independent observers (opinion of
experts), observing the same process (the hemodynamical
flow) in their respective space (experimental / theoretical).
Theirs observations are velocity space-time distributions.
V. Deplano in [16] and M. Rosenfeld in [9] shows the
importance of the velocity variable to characterize a flow
downstream a stenosis. The estimated velocity (simula-
tion) and measured velocity (Doppler) are heterogeneous,
theirs spatial places and theirs density differ. Therefore,
the comparison of these velocities cannot be direct. The
main difficulty is how to express these informations on
the same place with a particular density. Afterwards the
fusion operation can be realised.
A first method has been developed according to this idea
[6]. It seems oriented provided that the numerical simula-
tion of the hemodynamical flow remains faithful enough.
However, the numerical simulation of hemodynamical
flow constitutes a problem at initial value. It means that a
wrong initialization of the numerical mathematical model
can entail a simulated flow moved away of the real flow.

In this article, we propose a method able to merge
heterogeneous informations. Besides, it must be robust
among the inaccuracy affecting the initialization of the
mathematical model (simulation), and among the inaccu-
racy affecting the measured velocity (Doppler noise). This
inaccuracies and uncertainties will be modelized in the
framework of the Possibility theory. In this paper, we con-
sider the estimated (simulation) and measured (Doppler)
information either as scalar (velocity), but as distributions



of possibility.
This article is presented of the following way.

In the first section, we present the architecture that we
designed and the procedure which allows to generate
the estimated velocity (simulation) and measured veloc-
ity (Doppler).

In the section 2, we emphasize the heterogeneous char-
acter of these velocity.

The section 3 shows the inaccuracy that affect the esti-
mated velocity (error of initialization of the mathematical
model) and the measured velocity (Doppler noise). These
inaccuracies are modelized by distributions of possibility,
so are the estimated and measured informations. For the
heterogeneity of these informations (place and different
density), the direct fusion is not allowable.

In the section 4, we present our fusion approach . A
first step consists in reconstructing the numerical data on
the place (spatial) where is located the measured data
(Doppler). This reconstruction uses the method of the
nearest neighbor, the reconstruction takes place with a
density integrating the notion of granularity proposed by
D. Dubois and H. Prades in [11, 12, 13] and used by
O. Strauss in [18].
The following stage consists in merging the rebuild nu-
merical data with the spatially nearest measured data. We
value their agreement while defining a similarity measure.
This similarity measure reflects the degree of conjunction
between these informations (consensus). We insert the
fusion method within the designed architecture in which
we use this similarity measure as a factor of selection of a
geometric model of stenosis.

In the section 5, we value our fusion approach through
two experiences. An in vitro experimentation is ongoing
in the C.H.R.U. of Poitiers.

1 Quantification of the stenosis : co-
operative approach

In this section we describe the architecture we propose and
the stages leading to the generation of estimated (simula-
tion) and measured (Doppler) velocity.
In the experimental space, we have (see Figure 1) :

� a stenosis artery to be quantified.

� space - time distributions of measured velocity by
ultrasonic Doppler analysis.

In the theoretical space, we have :

� a data base of geometric models of stenosis.

� space - time distributions of estimated velocity by
numerical simulation.

Practicaly, an electromechanical pump injects within the
stenosis artery, a fluid that have the properties of blood,
following an incoming flow similar to the one generated
by the heart [22, 14].
Two sources bring information on the flow :

� the Doppler : it allows an ultrasonic exploration
of this flow, upstream or downstream of the steno-
sis, following a segment [P1P2]. This analysis seg-
ment [P1P2] is spatially sampled (regularly) in 32Po

points (electronics gates). The mathematical treat-
ment of the echoes (Doppler effect) in every Po and
in every time of analysis to provide us one (average)
velocity distribution M(Po; to). This space-time
distribution M(Po; to) is called the measured ob-
servations.

� the software of numerical fluid mechanics : it does a
numerical simulation of the flow crossing the artery
in each of the geometric stenosis models Sk. Ev-
ery stenosis model Sk is spatially sampled (irregu-
larly) in G meshes, and temporally sampled in to
at the same rhythm that the Doppler analysis. Ev-
ery Sk model provide us one (modulus) velocity
distributionEk(G; to). This space-time distribution
Ek(G; to) is called the estimated observations.

Then, we merge their observations (M(Po; to) /
Ek(G; to)), in order to select the geometric stenosis model
Sk that presents a hemodynamical behavior closest to the
hemodynamical behavior of the stenosis artery.

Figure 1: Cooperative Approach.

2 Heterogeneity of the observations

The Doppler and the software of fluid mechanics are the
observers evolving in their own space (experimental / theo-
retical). Therefore they generate observations of different
natures (see Figure 2).
The measured distributions M(Po; to) and estimated dis-
tributions Ek(G; to) are heterogeneous.
For one stenosis given model Sk and one ultrasonic anal-
ysis given segment [P1P2], one notes that :

� their place differs : the estimated velocity e that
forms Ek(G; to) occupy the whole Sk domain, in
an irregular way (non regular meshes). They are
localized at the level of the centers of the G meshes.
The measured velocity m that forms M(Po; to) are
situated, of a regular manner on the [P1P2] segment.

� their density differs : the length of [P1P2] varies ac-
cording to the angle of chosen ultrasonic exploration
(see Figure 2). However, whatever is this length, 32
velocity measures m regularly distributed are ac-
quired. If we virtualy plunge [P1P2] in a stenosis



model Sk, it will intersect a number of L meshes
lower than 32. L varies according to the Sk chosen
model (k = 1; 2; ::; 11) butL remains lower than 32,
because we choose a density of the estimated veloc-
ity L in order to minimize the numerical computer
time.

Figure 2: Heterogeneity of the observations.

3 Inaccuracy of the observations

Both the Doppler and the fluid mechanics software observe
the flow crossing the stenosis artery. Both the measured
velocitymbelongingM(Po; to)and the estimated velocity
e belonging Ek(G; to) are uncertain and imprecise.
It is necessary to modelize these imperfections in order to
merge M(Po; to) and Ek(G; to).

3.1 Measured velocity : modelling inaccu-
racy

Since a couple of years, a lot of progress have been made
in the electronic data processing system of the Doppler
echoes [7, 10, 3]. Among all, the spatial positioning about
explorations range and the reliability of the measures of
velocity have been significantly improved.
New types of devices have been developped as the Multi-
gate Pulsed Velocimetry Doppler [10]. However accord-
ing to [7, 10], inaccuracies subsist again on the level of the
measured velocity m.
These imprecisions would be bound to the noise which
mark the receipt of the Doppler echoes.
The chosen model is an additive Gaussian noise, B1(t),
centered, of a noise

signal
= 10% ratio.

We modelize inaccuracies induced by B1(t) by the def-
inition of a (trapezoidal and normalized) distribution of
possibility �(m) associated with each velocity measured
m, see Figure 3.
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Sup(�) and Noy(�) are respectively the support and the
kernel of �(m).

Figure 3: Measured velocity : modelling inaccuracy.

3.2 Estimated velocity : modelling inaccu-
racy

The process to simulate is the flow crossing the stenosis
artery. U.B. Metha in [2] and X. He in [22] give a set of
advices to guarantee the adequacy : simulated process /
real process.

In the first subsection, we present the numerical model
of hemodynamical flow and show it sensitivity at initial
conditions.

Then, one is interested in the way of which the numer-
ical model is initialized. In practice, the initial conditions
are measured by a sensor, so they are imprecises. As a
consequence, the calculated velocity, solution of the nu-
merical model, risk to be far from the flow crossing the
stenosis artery. In order to modelize this potential artifact,
a distribution of possibility is associated at each estimated
velocity (numerical solution).

3.2.1 flow numerical model and initial conditions

A pump injects in the stenosis artery, a fluid having the
properties of blood, following an incoming flow injection
similar to the one generated by the heart. The fluid me-
chanics software must numerically reproduce this flow in
each of the stenosis modelsSk. Under the usual hypothesis
[22, 14, 8, 9] :

� blood is estimated like a homogeneous, incompress-
ible and Newtonian fluid.

� the artery is estimated like rigid (according to [22,
19] the elastic effects can be disregarded because the
coronary artery is, in the arterial system, an artery
of an important diameter (4mm) having a muscular
morphological structure.)

� the flow Dexp(t) injected by the pump in the artery
is pulsatile what implies a non stationary flow.



Under these hypothesis, the flow numerical model is con-
stituted by :

� the scalar equation of Continuity,

� the vectorial equation of Navier-Stokes.

This flow numerical model is applied to each stenosis mod-
els Sk.
The solutions of the numerical model are velocity (mod-
ulus) distributions : Ek(G; to), and the pressure distribu-
tions Pk(G; to).
Our interest concerns the velocity distributions :
Ek(G; to). The initial conditions of the numerical model,
called Dnum(t), correspond to the flow injected by the
pump Dexp(t) inside the stenosis artery.
The interpretation of the Continuity equation done in
[20, 5] shows that the numerical model is by definition
sensitive to the errors on the initial conditions.
Two cases can appear :

� Dnum(t) = Dexp(t), the numerical model is per-
fectly initialized, then, the flow numerical simula-
tion crossing the stenosis artery is reliable.

� Dnum(t) 6= Dexp(t), the initial conditions are er-
roneous, the numerical model is not well initial-
ized, then, the flow numerical simulation crossing
the stenosis artery diverges.

In order to minimize these errors on the initial conditions
we integrate a sensor to estimate precisely theDexp(t)flow
injected in the artery. Objectively, the evaluations sensors,
called Dsensor(t), risk to be affected by inaccuracies and
uncertainties dragging :

Dnum(t) = Dsensor(t) 6= Dexp(t) (3)

We modelize the errors on the initial conditions while
introducing an additive noise B2(t).

Dnum(t) = Dsensor(t) = Dexp(t) +B2(t) (4)

B2(t) is a Gaussian noise, centered, of a standard deviation
�2 = 0:015 calculated to assure a noise

signal
= 5% ratio (see

Figure 4).
The errors of initialization of the numerical flow model,

imply that the estimated velocity e, solution of the numer-
ical model, risks to be distant of the velocity that charac-
terize the real flow crossing the stenosis artery. We mod-
elize this possible divergence while associating at each
estimated velocity e (numerical solution) a distribution of
possibility �(e), see Figure 5.
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We introduce a confidence degree !2 which permits to
define a distribution of possibility conform to the estimated
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Figure 4: Error on the initial conditions.

Figure 5: Estimated velocity : modelling inaccuracy.

4 Measured and estimated observa-
tion fusion

In order to explain clearly our work, we only discuss on the
observations without taking into account the time variable.
Let’s say that a time serie is computed by the succession
of the stages that will be discribed.

In this section, we present our approach of fusion of the
measured and estimated observations.
Previously, we have modelized imprecisions affecting
these observations (Doppler noise / error of initialization
of the flow numerical model). That involves us to manage
distributions of possibility in place of velocities. How-
ever, the measured and estimated observations are hetero-
geneous. The distributions of possibility inherited this
heterogeneous character of the velocities. The measured
�(m) and estimated �(e) distributions of possibility are
located in different areas and are represented with differ-
ent densities. As a consequence, we think that the direct
aggregation of �(m) with �(e) is not allowable. The diffi-
culty is to find the "right space" in which the measured and
estimated observations could be merged. This space must
integrate the constraints of heterogeneities of the observa-
tions. Practically, we propose to rebuild the measured and
estimated information, in an area in which density satisfies



these constraints.
The following stage consists in merging the rebuilt numer-
ical information and rebuilt measured information. Two
similarity measures are defined to evaluate this fusion.
These similarity measures reflect the degree of conjunc-
tion (agreement) between these informations.

4.1 Reconstruction of the information for
the fusion : integration of the constraints
of heterogeneities

V. Deplano in [16] and M. Rosenfeld in [9] have studied
the hemodynamicalal flow downstream a stenosis.
Their studies shows that the velocity variable is influenced
by the geometry of the stenosis only in a narrow post-
stenotic area. Therefore, we can conclude that the veloc-
ity information, useful to differentiate one stenosis from
another is spatially acute, that justify the use of a method
like "nearest neighbor" for the reconstruction. A recon-
struction by one interpolation method would introduce a
risk of smoothing information, that would induce to the
loss of the useful information for the discrimination of a
stenosis.

We must now define the place of reconstruction and the
density of reconstruction, i.e to define the space in which
the fusion becomes applicable.

4.1.1 Place of reconstruction

Classically, one would have tendency to rebuild the nu-
merical information on each of the Po points, place of the
measured information, but this solution does not take into
account the difference of information wealth (density) that
exists between the measured and estimated information.
We propose to rebuild the numerical information on the
direction of analysis ultrasonic [P1P2] but not necessarily
in each of the Po points. The idea is to identify the points
situated on [P1P2] where the reconstruction of the numeri-
cal information would be the most reliable. In a first time,
we map the segment of analysis ultrasonic [P1P2] in a ge-
ometric model of Sk stenosis (see Figure 6). Each points
belonging to [P1P2] is weighted according to their distance
with the nearest estimated information, in order to priv-
ilege the points very close to the estimated information.
This provide us a definition of a reliability distribution for
the place of reconstruction. This distribution of reliability
f(P ) is defined on formula :

<2 �! [0; 1]
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4.1.2 Density of reconstruction

The mesh of the model of stenosis Sk is fixed and it is
irregular (see Figure 6). It has a double significance in
our problem. For a given [P1P2] segment and for a given
model of stenosis Sk :

� [P1P2] intersects a finite number of meshes so, the
spatial resolution of the numerical information on
[P1P2] is finite.

Figure 6: Doppler world in the numerical world.

� [P1P2] intersects meshes of various resolutions so,
the spatial resolution of the numerical information
on [P1P2] is not homogeneous.

We propose to select on [P1P2] the points not only reliable
for the numerical reconstruction, but also those for which
number (density) would integrate the constraints of gran-
ularity (limit in resolution) discussed above.
W. Pawlack in [21] approaches this notion of granularity.
D. Dubois and H. Prades in [11, 12, 13] transpose this no-
tion of granularity in the framework of Possibility theory.
O. Strauss in [18], supposes that information available in
a particular granular level can decide by the approximate
decomposition of a possibility distribution.
We decompose the reliability distribution f(P ) on a fuzzy
partition (triangular basis of fuzzy subsets) size of which
is adapted to the resolution of the estimated information is-
sued on [P1P2]. This fuzzy partition of the [P1P2] universe
is composed by N fuzzy subsets (ai)i2[1;N ] of triangular
shapes which are defined as [18] to be a partition. This
triangular partition is the most commonly used because it
is, on the one hand easy to compute, and according to [18]
the most neutral way to represent a sparse knowledge. So,
the decomposition of f(P ) on the triangular partition (see
Figure 7) is an approximate decomposition characterized
by two attributes [12, 18] :

� a relative possibility measure :

Πi(f) = Πi(fjai) = supP2[P1P2]fmin(f(P); ai(P))g

� a relative necessity measure :

Ni(f) = Ni(fjai) = infP2[P1P2]fmax(f(P); 1 � ai(P))g

We use these two measures as a selection criterion of the
points, situated on [P1P2], adapted for the reconstruction
of the numerical information. Practically, on every support
of ai(P ), two points P i

p and P i
n are selected according to

the criterias :

f(P i
p) = Πi(f) f(P i

n) = Ni(f) (8)

We rebuild, in these points, the numerical information by
the method of the nearest neighbor. Let �ip(e) and �in(e)
be the distributions of possibility which are obtained by
the nearest neighbors of the points P i

p and P i
n.



Figure 7: Approximative Decomposition Concept.

The measured information (distribution of possibility) is
rebuilt on these selected points too. Then the nearest
neighbor method is applied again on the measured infor-
mation. So, let �ip(m) and �in(m) be the distributions of
possibility which are obtained by the nearest neighbors of
the points P i

p and P i
n.

The following stage consists in the definition of the fusion
of the numerical and the measured rebuilt informations.

4.2 Measured and estimated observation
Fusion : similarity measures

We value the adequacy between the measured observa-
tions (Doppler) and estimated (simulation) while defin-
ing two similarity measures. These similarity measures
reveal the existing conjunction degree between the re-
built information. Practically, the degree of conjunction,
between the distributions of distributions of possibility
(�ip(e); �

i
n(e))i2[1;N ] and (�ip(m); �in(m))i2[1;N ] is esti-

mated by :

Sp =
NX

i=1

S(minf�ip(e); �
i
p(m)g) (9)

Sn =
NX

i=1

S(minf�in(e); �
i
n(m)g) (10)

with S() function computing the surface of the resulting
possibility distribution of the conjunctive fusion. There-
after, we use the measures of similarity Sp and Sn as a
selection criterion of a geometric model of stenosis.

5 Assessment of the method : experi-
ences

We present the application of the method of fusion de-
scribed in section 4, within the architecture described in
the first section.
We use the measures of similarity (Sp; Sn) as selection
criterion of the "best" geometric model of stenosis.

Our objective is to show that the method of fusion is capa-
ble to aggregate heterogeneous and imprecise information.
We value these capacities through two experiences.
First, we present the selection criterion and make a brief re-
call of the approach. Then, we present the two experiences
and analyze the obtained results.

5.1 Selection of the "best" model of stenosis :
criteria

Our approach of fusion is about the instantaneous mea-
sured and estimated observations. When the observations
are temporal, we reiterate the procedure of fusion at each
new instant of observation.

The flow crossing the stenotic artery is observed at ev-
ery instant to :

� by the Doppler : we get the distribution of velocity
M(Po; to);

� by the software of fluid mechanics : the flow cross-
ing the artery is numericaly simulated in each of the
models of stenosis Sk with k = 1; 2; ::; 11. We get
11 distributions of velocity Ek(G; to).

We merge the M(Po; to) observation with each of the
Ek(G; to) observations for k = 1; 2; ::; 11. We get 11
pairs of similarity measures (Sp; Sn)kto.
The couple (Sp; Sn)kto measures the degree of conjunction
between M(Po; to) and Ek(G; to) at the instant to. At
each instant to, we classify every model of stenosis Sk
according to the degree of conjunction of its Ek(G; to)
observation with M(Po; to). This order relation is done
according to the criteria :

MAXfmoy(Sp; Sn)1
to ; ::;moy(Sp; Sn)k

to ; ::;moy(Sp; Sn)11
to g
(11)

with moy(; ) average operateur.
After the instants of observation to, the models Sk to be
assigned to the experimental arterial stenosis is finally
elected by majority vote. We apply this decision mak-
ing in two experiences.

5.2 Framework of the experiences

We value the capacities of the method of fusion to manipu-
late heterogeneous and imprecise information through two
experiences.
In the futur, the acquisition of the velocity ultrasonic
M(Po; to) will be realized with a Multigate Pulsed Ve-
locimetry Doppler. In this paper, the fusion method is
evaluated on synthetic informations. This enables us to
rigorously evaluate the fusion in several configurations.
An in vitro experimentation is ongoing of realization in
the C.H.R.U. of Poitiers.

5.3 Identification of the geometric model
50% : results

According to the criteria (11), the experience consists in
selecting the stenosis modelSk whose hemodynamical be-
havior is the nearest of the hemodynamical behavior of the
artery stenosis. The experimental artery has got a stenosis



of severity 50%.
Concretely, an electromecanical pump injects within the
artery stenosis, a fluid having the properties of blood, fol-
lowing the debit of Dexp(t) injection defined in Figure 4.

We do a Doppler shooting, downstream of the steno-
sis, following the segment of analyis [P1P2]. We get the
M(Po; to) distribution. To represent the imprecisions that
really affect M(Po; to) we noise M(Po; to) whith B1(t)
(see subsection 3.1).
We modelize the imprecisions generated by B1(t) while
associating at every velocity measured m 2 M(Po; to)
a distribution of possibility �(m). �(m) adjusts to the
B1(t) noise level thanks to the empirical confidence de-
gree !1 = 0:05.

The software of fluid mechanics reproduces numeri-
cally the flow crossing the artery stenosis in each of the
11 models of Sk stenosis. The flow numerical model is
voluntarily ill initialized. We introduce a B2(t) noise in
the initialization of the flow numerical model (see subsec-
tion 3.2). As a consequence, the artery stenosis is stim-
ulated by Dexp(t) whereas the Sk models are stimulated
by Dnum(t) (see Figure 4). We modelize the divergence
between estimated velocity (solution of the flow numer-
ical model) and real velocity, while associating to every
estimated velocity e 2 Ek(G; to) a distribution of possi-
bility �(e). �(e) adjusts to the error of initialization B2(t)
thanks to the empirical confidence degree !2 = 0:05. The
ultrasonic instants of analysis are synchronized on the in-
stants of numerical simulation.
At each instant
to = f0:1s; 0:2; 0:3; 0:4; 0:5; 0:6; 0:7; 0:8g :

� the algorithm describes in section 4 merges the
M(Po; to) observation with each of the Ek(G; to)’s
observations for k = 1; 2; ::; 11.

� each model of stenosis Sk is classified according
to the criteria described in equation 11; Table 1,2
present an instantaneous ordering of the two emer-
gent stenotic models.

The model of stenosis is finally elected by a majority vote.
This vote concerns each of the best instantaneous stenotic
models.
Results are presented in Figure 8, the Table 1 precises the
values.
The stenotic geometric model 50% is finally identified in
spite of two errors in the instants to = 0:6s and to = 0:7s.
We justify the error in to = 0:6s, because in this instant,
the error of initialization of the flow numerical model is
maximal (see Figure 4).

5.4 Identification of the geometric model
80% : results

The second experience is to identify the model of stenosis
80% while preserving the same conditions and parameters
previously defined.
The results are presented in Figure 9 completed by Table
2.
The stenotic geometric model 80% is finally identified in
spite of two errors in the instants to = 0:4s and to = 0:6s.

Sk stenosis model(stricture in %)

tim
e 

to

(s
)

Figure 8: Identification of the model 50%.

to(s) moy(Sp; Sn)1
to moy(Sp; Sn)2

to model 1 model 2
0.1 68.115 66.347 50% 60%
0.2 61.792 59.132 50% 60%
0.3 63.065 62.269 50% 60%
0.4 47.158 45.577 50% 40%
0.5 55.247 52.067 50% 30%
0.6 19.117 9.235 80% 70%
0.7 48.908 48.614 60% 55%
0.8 61.943 60.344 50% 60%

vote — — 50% —

Table 1: Identification of the model 50%.

We justify the error in to = 0:6s, because as previously, in
this instant, the error of initialization of the flow numerical
model is maximal (see Figure 4).

Sk stenosis model(stricture in %)

tim
e 

to

(s
)

Figure 9: Identification of the model 80%.

6 Conclusion

Several experiences dealing with identification of other
types of stenosis have been led. Multiple Dopplers shoot-
ings have been realized upstream and downstream of these
stenosis.

In upstream proximity , identification cannot be con-
clusive. The upstream information (velocity) is not dis-
criminative enough, in accordance with the interpretation



to(s) moy(Sp; Sn)1
to moy(Sp; Sn)2

to model 1 model 2
0.1 47.034 34.376 80% 70%
0.2 36.680 27.220 80% 70%
0.3 25.936 21.225 80% 70%
0.4 9.500 8.447 70% 80%
0.5 18.381 17.358 80% 70%
0.6 18.409 11.326 90% 55%
0.7 22.594 15.089 80% 70%
0.8 26.520 18.941 80% 70%

vote — — 80% —

Table 2: Identification of the model 80%.

of the Continuity law done in [20, 5].
A contrario, in downstream proximity, seat of a turbu-

lent flow, the fusion algorithm identifies the arterial steno-
sis. The method of fusion integrates heterogeneity (place
and different density) and imprecisions (Doppler noise / er-
ror of initialization on the flow numerical model) affecting
the measured observations (Doppler) and estimated obse-
vations (simulations). This justify the validation of our
approach based on the matching of both the experimental
measures and the model database in a coherent data space
where imperfections are taken into account.
The importance of a commun and general data space must
be pointed out not only to guarantee a coherent decisison
making, but also to bring the robustness, i.e the repro-
ductibility of this decision making.
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de l’incertitude à l’aide des ensembles rugueux. application
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