A New Fuzzy Inference Engine Applied to
Identity Information Fusion

Pascal Bouchard∗ Jean-François Angers† Éloi Bossé‡
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Abstract
This article presents a new fuzzy inference engine for the problem of fusing identity
information coming from dissimilar sources. The most popular fuzzy systems in engineering, i.e. the product and the minimum engines are studied and compared to a
new model, derived from Bayesian statistics. Several simulations are done to evaluate
engines performance under specific conditions. The probabilistic product engine with
union combination appears to be the most efficient one followed by the Bayesian engine
under both the possibilistic and the probabilistic paradigms.
Keywords: Fuzzy inference engines, target identification, probability and possibility
theories.
Résumé
Ce article présente une des applications majeures de la logique floue : la conception de
systèmes experts flous d’identification de cibles. Les efforts ont été concentrés autour des
moteurs d’inférence floue jugés les plus populaires dans le domaine du génie : les moteurs
du produit et du minimum. Une légère tangente statistique a également été ajoutée au
projet. Un tout nouveau moteur bayésien qui s’inspire grandement du domaine de la
statistique a été conçu. Tous ces modèles sont scrutés systématiquement sous différents
angles. En effet, une dizaine de simulations variées permettent d’analyser la panoplie de
moteurs développés selon leur approche probabiliste et possibiliste respective.
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Introduction

In early 1962, L.A. Zadeh declared: ”We need a radically different kind of mathematics, the mathematics of fuzzy or cloudy quantities which are not describable in terms of probability distributions”.
This idea was later formalized into the paper ”Fuzzy sets” (see [12]). This was the start of a new
mathematical theory called fuzzy logic. Since then, the theory has been constantly improved. Many
major applications have emerged so far as the one presented in this paper: a new fuzzy inference
engine for the problem of fusing identity information coming from dissimilar sources. The most
popular fuzzy systems in engineering (see [12, 1]), i.e. the product and the minimum engines, are
considered and a new model derived from Bayesian statistics is developed. Their major goal is to
determine the identity of a platform (or a target) being observed by several sensors, especially when
the received information is subjected to random noise. In this study, scenarios are limited to single
target tracking situations.
Several other methods have already been considered to solve the information fusion problem, i.e.
the Bayesian theory (see [11, 13]) and the evidential theory (see [10, 3, 4]). However, their effective
performance is limited. The Bayesian approach implies that all a priori probabilities are completely
defined. This restriction greatly limits its applicability. The evidential theory, less limited than the
preceding one, suffers from a structural problem: the constant risk of divergence. Hopefully, fuzzy
logic will offer a few new avenues to overcome those difficulties and to perform an effective treatment
of information.
This paper is concerned with the multiple mechanisms of information fusion of fuzzy inference engines. In an identity information fusion scenario, a moving unknown target is constantly
monitored by several sensors. This information is regularly transmited to a fuzzy control center
containing a database with all possible platforms and their characteristics. Its specific task is to
fuse identity information coming from those dissimilar sensors to get the identity of the target under
consideration.
This paper is organized as follows. Section II and III introduce the target identification technic
and discuss the modeling hypotheses used. Moreover, they present the different forms of the fuzzy
engines used in this study. Section IV considers the engines performance evaluation under specific
simulation conditions for both the probabilistic and possibilistic paradigms. Finally¸ concluding
remarks are found in Section V.

2
2.1

Modelling and Application of Fuzzy Inference Engine
Platform Database

Target identification is not a random process. A database containing all possible platforms and
their own characteristics is embedded in the fuzzy systems. It includes the platform attributes such
as physical dimensions and speed. In this paper, four attributes are chosen in order to perform
target identification: the platform type, the speed, the number of platform emitters, and the emitter
types.
The first one refers to the platform environment. Some of those move on the Earth’s surface
and are called surface type platforms, others are called air type platforms. The evaluation of this
attribute is errorless and no confusion can occur. The speed attribute concerns target velocity and
it is divided into the lowest and the fastest speed subcategories. Finally, the last ones are closely
related to target emitters. A unique sensor can simultaneously detect the number of emitters of the
observed target and their type.
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2.2

Platform Attribute Fuzzification

The first task of target identification is concerned with target observation. Sensors constantly
monitor the moving unknown target. They regularly transmit information about its attributes to
the fuzzy control center.
Sensors may either transmit directly measures of platform attributes or perform a preliminary
identification by selecting platform categories to which the unknown target may belong. Within
the scope of this document, the second approach is favored. In order to do so, a preprocessing step,
called fuzzification, is needed in order to classify platforms in specific categories for all attributes.
Basically, this step could help solving the problem of identity information fusion.
The major fuzzified attributes are the speed and the number of emitters (see [4] for the speed
attribute fuzzification, the second type of fuzzification is newly covered in this article). The platform
type attribute is directly integrated to this first attribute. Furthermore, this technic is not applicable
to the emitter types attribute.
The speed attribute is first used to separate surface and air platforms. A specific fuzzification
is applied to each category (cf. Tables 1 and 2). Within each of these platform groups, the cruising
speed (defined as one knot below the maximum speed for surface type platforms and one hundred
knots below the maximum speed for air type platforms) is fuzzified into five different categories,
i.e. very low, low, moderate, fast, and very fast speed platforms. A category characterizes each
platform by its cruising speed. A sensor dedicated to this attribute can forward information about
a target based on this fuzzification in three different ways: a platform type only (little information
is available), a speed category (a group of platforms) or a specific platform.
Table 1: Speed fuzzification for surface type platforms
Categories Speed bounds (knots)
Very low
[0, 20)
Low
[20, 25)
Moderate
[25, 30)
Fast
[30, 35)
Very fast
[35, 50]

Table 2: Speed fuzzification for air type platforms
Categories Speed bounds (knots)
Very low
[0, 200)
Low
[200, 400)
Moderate
[400, 600)
Fast
[600, 800)
Very fast
[800, 2000]

The number of platform emitters attribute is also fuzzified into five different categories, i.e. very
small, small, moderate, important, and very important quantities of emitters. A sensor dedicated
to this attribute can transmit information about a target in only two different ways: a category (a
group of platforms) or a specific platform. This attribute fuzzification is given in Table 3. (This
fuzzification is the same for both platform types.)
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Table 3: Number of platform emitters fuzzification
Categories
Number of emitters
Very small quantity
0, 1, and 2
Small quantity
3, 4, and 5
Moderate quantity
6, 7, and 8
Important quantity
9, 10, and 11
Very important quantity 12, 13, 14, and 15

2.3

Approximate Reasoning Methods

The underlying concepts of fuzzy engines are based upon three principal paradigms, i.e. probabilistic, possibilistic, and evidential. Because of the risk of divergence, the evidential paradigm is not
considered in this paper (for more details about the evidential paradigm, see [3, 4]). Hence, only
two different approximate reasoning avenues are explored, i.e. the probability and the possibility
theories. So a specific sample of fuzzy inference engines is tested in both environments. In the
first one, engines must all respect probabilistic laws of normalization (cf. [7]). For the possibilistic
paradigm, at least one element must have a unit membership degree (cf. [2, 6, 9]).

2.4

Attribute Framework

A large part of target identification consists of attribute analysis. Some hypotheses have to be made
in such a way as to model adequately target attributes.
First of all, the speed attribute has to be modeled using a continuous membership function.
All the information included in the platform database concerns only the lowest and fastest target
speeds. So as a target is free to move at any speed within its minimum and maximum bounds,
a uniform distribution is preferred to model the platform speed attribute (cf. equation (1)). The
possibilistic version of this membership function is defined as
µspeed (x|vmin , vmax ) = I[vmin ,vmax ) (x),

(1)

where x represents a specific speed and I[vmin ,vmax ) (x) = 1 if vmin ≤ x < vmax and 0 elsewhere.
Then the possibility (or the probability) of each platform can be determined by integrating this
membership function on the valid speed domain. In each paradigm, a normalization step follows.
The method used is different for each paradigm.
The number of emitters attribute modelling is quite different. To model it, the following hypothesis is made: if a sensor detects x emitters on the observed target, greater prior possibility (or
probability) is given to platforms with at least x emitters and less belief to those with fewer. This
means that the control system can deal with foreign systems simulating false emitter signals.
The modelling of this attribute necessitates a discrete distribution (cf. equation (2)), valid from
0 to 15, the lowest and highest numbers of emitters possible. The membership function reaches
its maximum value at the exact number of emitters owned by the platform under consideration.
Furthermore, this function is decreasing on both sides of this maximum but with a higher rate of
decrease on the left side. The possibilistic version of this membership function can be written as

µemitters (x|z) =

z+1 (z−x+1)
( z−1
)
, if x = 0, 1, . . . , z − 1,
z+1
,
if x = z, z + 1, . . . , 15,
(x+1)
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(2)

where x represents any number of emitters and z, the exact number of emitters of the platform
under consideration. Then the possibility (or the probability) of each platform can be determined
by summing this membership function on the valid number of emitters domain. In each paradigm,
a normalization step follows but in two different ways.
Finally, the emitter types attribute is closely related to the preceding one. Nevertheless, the
modelling is quite different. When the control system receives information as a sequence of emitter
types, the membership degree of each platform is set to a constant level k. Then each type of
emitter is analyzed. If a platform has j emitters from that list, another constant level k is added j
times to its membership degree. Finally, a normalization step follows.
As an example, suppose a platform database containing only two platforms: a moderate speed
platform and a low speed one. One of these is monitored by a sensor dedicated to the speed
attribute. This sensor reports a low speed target. Moreover, suppose the entire example is based
on the paradigm of possibility. The task of the fuzzy control system consists to correctly identify
the target under consideration.
The first possible platform in the database, a moderate speed one, has a lowest and a fastest
speed of 0 and 28 knots, respectively. Its speed possibilistic membership function is defined as
µspeed (x|0, 28) = I[0,28) (x).

(3)

The second platform in the database is the true target. This low speed target has a lowest
and a fastest speed of 0 and 24 knots, respectively. Its speed possibilistic membership function is
represented as
µspeed (x|0, 24) = I[0,24) (x).

(4)

After the analysis of this sensor report, the following preliminary identification results can be
calculated: 100.00% and 80.00% for the first and the second platform, respectively. In conclusion,
more sensor reports are needed to correctly identify the true platform under consideration. The
modelling of the speed attribute appears to be less significant in the possibilistic universe. Nevertheless, it is kept this way in order to ensure a valid comparison of both paradigms.

3

Application of Fuzzy Inference Engines

The core of a standard fuzzy inference engine consists of three main parts, i.e. the fuzzification
step, the If-Then fuzzy rulebase, and the defuzzification step. Those elements are represented by
Figure 1 and discussed in more detail by [5].
To allow target identification, popular fuzzy engines must be rigorously transformed. But to
reach this goal they must also respect specific directives. In target identification scenarios, several
sensors dedicated to the speed attribute or to the emitter types and the number of emitters attributes
monitor the unknown target. Later they perform a preliminary identification by identifying a level
in their respective fuzzification. This information is regularly sent to the fuzzy control system who
keeps on processing toward a final target identification. Next the system carries out an intermediate
identification by merging together each sensor report for a specific attribute. The identification
process is completed by merging together those intermediate results. So a final consensus is reached
and the identity of the most probable or possible target is deduced. The modified scheme of the
fuzzy inference engine described above is represented by Figure 2. Notice that the If-Then fuzzy
rulebase previously reserved for logic analysis is being replaced by the preliminary sensor reading.
4

Figure 1: Fuzzy inference engine standard scheme

Figure 2: Fuzzy inference engine modified scheme
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3.1

Product Fuzzy Inference Engine

A weight is now added to every sensor to model the reliability of its results(cf. [8]). Moreover, the
generalized modus ponens is still used to perform inference but now plays a double role. It does an
intermediate combination, called partial fusion, of sensor results for each attribute and then ends
with a global combination, called global fusion, of these intermediate results (see Figure 2). The
product fuzzy engine stands apart by using only fuzzy product operators as fuzzy intersection operators in the first combination step and fuzzy union (cf. equation (5)) or intersection (cf. equation
(6)) operators in the latter. Finally, this process ends with a maximum likelihood evaluation which
determines the most probable or possible target. The complete expressions of the fuzzy inference
engine applied to target identification are:
Y
µprodU = sup{sup
[(µsensorl (y))wl ]},
(5)
y∈V

k∈K

µprodI = sup{ inf
y∈V

k∈K

l∈Lk

Y

[(µsensorl (y))wl ]},

(6)

l∈Lk

where the first sup points out the maximum likelihood evaluation, Q
the following union (sup) or
intersection (inf) operators indicate the final combination, and the
function, the intermediate
one. The symbol, V , represents the set of all possible platforms, wl indicates the weight of every
sensor l, and Lk represents all sensors dedicated to an attribute k in the set of all possible attributes
K.

3.2

Minimum Fuzzy Inference Engine

The minimum fuzzy engine applied to target identification is similar to the product fuzzy engine
except for the intermediate combination. A fuzzy minimum operator is used instead. Two different
models are available: one ending with union combination (cf. equation (7)) and the other one with
intersection combination (cf. equation (8)). The different versions of this engine can be expressed
as follows:
µminU = sup{sup min[(µsensorl (y))wl ]},

(7)

µminI = sup{ inf min[(µsensorl (y))wl ]}.

(8)

y∈V

y∈V

k∈K l∈Lk

k∈K l∈Lk

where the (min) operators indicate the intermediate combination.

3.3

Bayesian Fuzzy Inference Engine

The Bayesian fuzzy engine is a combination of fuzzy logic and modern Bayesian statistics. It has the
same basic properties of conventional fuzzy engines but goes a step further in their development. It
looks like a product fuzzy engine but favors product fuzzy operators at all stages of combination (cf.
equation (9)). Moreover, this engine has the same basic structure of the numerator of a Bayesian
a posteriori density. The main goal is to improve the accuracy of the final judgment (cf. [5]). Its
structure is represented by
Y Y
[(µsensorl (y))wl ]}.
µBayes = sup{
(9)
y∈V

k∈K l∈Lk
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As in the preceding example, suppose one has a platform database containing only two platforms.
One of those, called the target, is monitored by two different sensors.
The first sensor is dedicated to the speed attribute and the other one studies the emitters. The
first platform in the database is a low speed target and it has four emitters: 3,4,5 and 7. The second
platform is a moderate speed one and it has five emitters: 1,2,3,4 and 5. The latter is the true target
under consideration.
Two successive sensor reports are received by a Bayesian fuzzy control system. The task of
this system consists into correctly identifying the target under consideration. The entire example
is still based on the paradigm of possibility. The first sensor report concerned the speed attribute.
The preliminary identification results are the following: 100.00% and 80.00% for the first and the
second platform, respectively as seen in the previous example. The second sensor reports the second
platform, i.e. five emitters: 1,2,3,4 and 5. The preliminary identification results for the number
of emitters attribute are the following: 83.33% and 100.00% for the first and the second platform,
respectively. The preliminary identification results for the emitter types attribute are the following:
66.67% and 100.00% for the first and the second platform, respectively.
This analysis leads to 69.45% for the first target and 100.00% for the second one. In conclusion,
the true target is correctly identified as the second platform.

4

Simulations and analysis

4.1

Sequential Treatment

Many types of fuzzy inference engines are available, some parallel, others serial. In this paper, the
serial type of fuzzy systems, called the sequential type, is discussed.
Fuzzy inference engines with sequential treatment are closely related to real-time identification
systems. They receive only one observation from a sensor at a time, process it and provide their
conclusion: the most probable or possible identity of the target under consideration. More precisely,
observations have a specific form. They are represented by the preliminary identification results
from sensors. The preliminary identification results are combined with past results to get the best
actual estimate.

4.2

Simulation hypotheses

In order to evaluate the preceding fuzzy inference engines performance, several simulation hypotheses have to be made. Those hypotheses are artificial and could have been defined differently. The
exhaustive list is described below.
A fuzzy control system receives information about specific attributes, i.e. the speed attribute or
the number of emitters and the emitter types attributes. As mentioned above, the last two attributes
are linked together and reported by the same sensor. The attribute type of an observation has to
be simulated. So it is randomly chosen at any time.
To model this, the following hypothesis is made:
• 50% of the time, the observation concerns the speed attribute,
• 50% of the time, the number of emitters and the emitter types attributes are preferred.
As previously mentioned, sensors do not transmit directly the measures of platform attributes.
Instead, they perform a preliminary identification by selecting platform groups to which the un7

known target may belong. During a simulation, the platform group specified by an observation has
to be randomly chosen for all kinds of attributes.
To model it for the speed attribute, the following hypothesis is made:
• 20% of the time, little information is available. Only the platform type is identified, i.e. a
surface type or a air type platform,
• 30% of the time, the platform category is known, i.e. a very low, a low, a moderate, a fast, or
a very fast speed platform,
• 50% of the time, the observation is precise: a specific platform is selected.
To model it for the number of emitters and emitter types attributes, the following hypothesis is
made:
• 40% of the time, the platform category is identified using the number of emitters attribute,
i.e. a very small, a small, a moderate, a important, or a very important quantity of emitters.
No emitter types can be determined. This technic is not applicable here to the emitter types
attribute,
• 60% of the time, the observation is precise: a specific platform is identified and its emitter
types are known.
Fuzzy inference engines are subjected to different simulation conditions to evaluate their performance. One of those is the engines behavior under reception of bad or incomplete observations.
>From time to time, a sensor does not report the exact platform identity but it rather detects
another platform or category in the corresponding attribute fuzzification.
To do so, three different simulation cases have been elaborated:
• a case without errors,
• a model with limited errors,
• a third case with nonlimited errors.
In an errorless case, the preliminary identification from sensor is always exact. The remaining
task of the fuzzy inference engine is to confirm that result. If the simulation case consists of limited
errors, a wrong sensor observation can be made. But the error is located in the same platform
category as the platform under consideration. Finally, the case with nonlimited errors is the worst
case analysis. The error is located in directly adjacent platform categories to the platform under
consideration. In a given simulation, a degree of error is also chosen. It remains constant and
equally distributed to the speed attribute and to the attributes dedicated to the emitters study.
This degree is used to determine if the identification will be exact or not.
Generally, a sequential simulation is running until a complex stopping criterion is satisfied. This
criterion implies a minimum and a maximum number of observations, and a degree of precision.
The minimum number of observations ensures that enough information is received to reach a high
level of engine performance while the maximum limits the processing time. Finally, the degree of
precision is a performance criterion that controls the simulation processing. For more details, see
[5].
for those platforms
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4.3

Numerical Results

The platform database used in the following simulations consists of 63 surface type platforms and
48 air type platforms. Engines performance are evaluated in different simulation cases, i.e. cases
without errors, cases with limited errors, and cases with nonlimited errors. In the last two cases,
the degrees of error are successively 10%, 25%, and 40%. The probabilistic and the possibilistic
paradigms are under consideration. Furthermore, by default, any sensor has a weight fixed to unity.
The results, presented here, have been gathered from the analysis of 100 different simulations
with a minimum and a maximum number of observations fixed to 20 and 100, respectively. This
process is evaluated three times with stopping criteria of 10, 25, and 40. This degree of precision
fixes the minimum difference between the probability of the two most probable platforms (see [5]
for more details). The results concern the simulation error rate and the rate of convergence. The
first element represents the detection performance, i.e. the percentage of observations in which
the final identification does not reveal the true platform under consideration. The second element
is the rate of convergence of the fuzzy engine. It confirms the engine capacity to resolve the
identification problem posed as fast as possible. Other results concerning the average number of
platforms identified as the most probable or possible ones at the end of a simulation and the number
of times the maximum number of observations is reached are reported here (cf. [5] for more details).
4.3.1

Probabilistic Evaluation

The probabilistic sequential behaviors of the product, the minimum, and the Bayesian fuzzy inference engines are represented by Figures 3 to 5. Each figure shows the rate of convergence (a) and
the simulation error rate (b). Those results are calculated in several simulation cases, i.e. cases
without errors (WE), cases with limited errors and degrees of error of 10% (LE10), 25% (LE25),
and 40% (LE40), and, finally, cases with nonlimited errors and degrees of error of 10% (NLE10),
25% (NLE25), and 40% (NLE40). Both models of the product and the minimum fuzzy systems are
used (one ending with union combination (Union) and the other one with intersection combination
(Inter)). The stopping criteria are fixed to 10 (SP10), 25 (SP25), and 40 (SP40).
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Figure 3: Probabilistic product fuzzy inference engines effects on the rate of convergence (a) and
(b), and the simulation error rate (c) and (d). (The full line represents the union combination and
the dotted line, the intersection combination. The ”o” denotes the SP10 stopping criterion, ”*”, the
SP25, and ”4”, the SP40.)
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Figure 4: Probabilistic minimum fuzzy inference engines effects on the rate of convergence (a) and
(b), and the simulation error rate (c) and (d) (The full line represents the union combination and
the dotted line, the intersection combination. The ”o” denotes the SP10 stopping criterion, ”*”, the
SP25, and ”4”, the SP40.)
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Figure 5: Probabilistic Bayesian fuzzy inference engines effects on the rate of convergence (a) and
(b), and the simulation error rate (c) and (d). (The ”o” denotes the SP10 stopping criterion, ”*”,
the SP25, and ”4”, the SP40.)

10

First of all, we notice that higher is the potential of error, the lower is the corresponding engine
efficiency in both cases (the rate of convergence (a) and (b), and the simulation error rate (c) and
(d)). Small variations are observable at the starting points of the rate of convergence and the
simulation error rate of each fuzzy engine. This is due to the intrinsic nature of each engine.
Moreover, we observe the decrease of the rate of convergence with the growth of the stopping
criterion from 10 to 40. More sensor reports are needed to satisfy the stopping criterion adequately.
In opposition, the simulation error rate does not depend on this parameter. Given a simulation case,
the simulation error rate is rather relatively stable, especially for the Bayesian fuzzy engine and the
product one with union combination. In the latter case, the variations are quite unsignificant.
If we look closely at all engines performance, we notice that the product fuzzy engine with union
combination and the Bayesian fuzzy engine are the most efficient ones. But the product system
shows the most impressive capacities: a rate of convergence close to the lower possible bounds,
i.e. 1 and a simulation error rate below 10%. The Bayesian engine results are slightly inferior.
Furthermore, the use of intersection combination instead of union combination is unfavorable to
the product fuzzy engine: the detection performance and the engine capacity are less satisfactory.
The minimum fuzzy inference engine presents a general efficiency largely inferior to other engines:
a high error rate in each combination case and a rate of convergence below 0.29 in the worst case.
Two other results concern the average number of platforms identified as the most probable ones
at the end of a simulation (ANP) and the number of times the maximum number of observations
is reached (NMNO). The first element, ANP, represents the precision of the engine, the accuracy
of its judgment. The NMNO indicates how often the limit of calculus is reached or how often the
algorithm diverges. Those results are given in Table 4 when there is a nonlimited error rate of
40%. Given a simulation case, we notice that the engines precision is unaffected by the variations
of the stopping criterion. This conclusion is valid for all types of engines. The product fuzzy engine
with union combination and the Bayesian engine are characterized by a good precision: an average
number of platforms identified close to unity (1.10 and 1.13, respectively in the worst case) and
no sensibility to the variations of the simulation case or the degree of error. Nevertheless, the
Bayesian engine has reached more often the maximum number of observations (5% of the time in
the worst case) than the product one. Therefore, the product inference engine appears to be a more
efficient fuzzy engine. In general, we notice that the higher is the stopping criterion, the more often
the maximum number of observations is reached. The number of observations needed to satisfy
the stopping criterion is also increasing. Consequently, the risk of receiving bad information and
errors is higher. The product fuzzy engine with intersection combination offers a slightly inferior
efficiency than the previous engines. It demonstrates more optimism, i.e. a higher average number
of platforms identified (1.75 in the worst case). The maximum number of observations is also reached
more frequently (between 0% and 18%). The minimum fuzzy engines with both combinations offers
the least satisfactory performance. In the best case analysis, the average number of platforms
identified is at least 4.96 and the maximum number of observations is larger or equal to 2% of the
simulations.
In conclusion, two specific fuzzy probabilistic inference engines demonstrate the most impressive
performance: the product engine with union combination followed by the Bayesian model.
4.3.2

Possibilistic Evaluation

The possibilistic sequential behavior of the product, the minimum, and the Bayesian fuzzy inference
engines is presented in Figures 6 to 8. The same simulation process as in the previous probabilistic
paradigm is used.
The general observations about the rate of convergence and the simulation error rate noticed in
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Figure 6: Possibilistic product fuzzy inference engines effects on the rate of convergence (a) and
(b), and the simulation error rate (c) and (d). (The full line represents the union combination and
the dotted line, the intersection combination. The ”o” denotes the SP10 stopping criterion, ”*”, the
SP25, and ”4”, the SP40.)
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Figure 7: Possibilistic minimum fuzzy inference engines effects on the rate of convergence (a) and
(b), and the simulation error rate (c) and (d). (The full line represents the union combination and
the dotted line, the intersection combination. The ”o” denotes the SP10 stopping criterion, ”*”, the
SP25, and ”4”, the SP40.)

12

Table 4: Probabilistic results about the ANP and the NMNO for the case: nonlimited conflicts with
40% of error and stopping criteria (SP) of 10%, 25%, and 40%
Engine

Combination
Union

Product
Intersection

Union
Minimum
Intersection

Bayesian

SP (in %)

ANP

NMNO (in %)

10
25
40
10
25
40
10
25
40
10
25
40
10
25
40

1.10
1.10
1.00
1.75
1.64
1.47
4.96
5.43
5.34
5.22
4.39
4.83
1.12
1.13
1.13

0
0
0
0
4
18
2
16
32
4
44
69
0
0
5

the probabilistic case are slightly different under the possibilistic paradigm. We observe here that
an engine with intersection combination is more efficient than its version with union combination.
The reason is that engines with union combination are unable to discriminate between platforms.
When a platform has been identified as the most possible one after the analysis of an observation,
the verdict remains the same until the end of the simulation process. So the set of the most likely
platforms is constantly increasing. Consequently, the possibility of errors is higher. Nevertheless,
all fuzzy engines show the same general behavior when faced with different simulation cases, degrees
of error, or stopping criteria.
The Bayesian fuzzy inference engine is the most efficient one and somehow similar to its probabilistic version. The product and the minimum engines with union combination seem a little
deceptive as shown in Table 5. They show a relatively small simulation error rate but are really
too optimistic. The average number of platforms identified as the most possible ones at the end of
a simulation (the engines precision) is quite high (10.94 and 11.11, respectively in the worst case).
They do not make mistakes but identify so many platforms as the most likely, that the true platform
under consideration is surely identified. They reach the maximum number of observations (between
12% and 53% and between 7% and 54%, respectively) more often than the Bayesian engine (5% in
the worst case). Those behaviors have to be rejected. In opposition to the probabilistic paradigm,
the product and the minimum fuzzy engines with intersection combination are more efficient than
the ones with union combination. The simulation error rate is a little higher but the rate of convergence is considerably higher. The minimum engine version stays inferior to the product engine
in all fields of study. The maximum number of observations is reached relatively often in both
cases: 7% of the time for the product engine in the worst case and between 1% and 45% for the
minimum engine. The importance of those results are minimized by the strong performance of the
Bayesian engine: the maximum number of observations is reached only 5% of the time and the
average number of platforms identified is close to unity in the worst case.
In conclusion, after the analysis of the possibilistic sequential behavior of all fuzzy inference
engines, the Bayesian is revealed to be the most accurate and efficient one.
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Figure 8: Possibilistic Bayesian fuzzy inference engines effects on the rate of convergence (a) and
(b), and the simulation error rate (c) and (d). (The ”o” denotes the SP10 stopping criterion, ”*”,
the SP25, and ”4”, the SP40.)
4.3.3

Analysis

Some general conclusions can be drawn after the analysis of the performance of all fuzzy inference
engines under both probabilistic and possibilistic paradigms. Globally, we notice that several fuzzy
inference engines are too optimistic and imprecise to perform well. The product and the minimum
fuzzy engines with intersection combination of any paradigm are the first ones to be considered.
Their simulation error rate and their rate of convergence are disappointing. The possibilistic product
and minimum engines with union combination are deceptive: an incredible detection performance
and an exaggerated optimism are coupled together. Consequently, the minimum fuzzy engine is
globally the less applicable identification system.
Other fuzzy inference engines are quite impressive. The probabilistic product engine with union
combination is the most surprising one. Its general behavior is similar to the Bayesian models but it
is more efficient. It shows a limited simulation error rate, an average number of platforms identified
as the most probable ones at the end of a simulation close to unity, and a rate of convergence close to
the minimum bound (one). Finally, it has never reached the maximum number of observations. In
the Bayesian case, the probabilistic and possibilistic versions seem quite similar and equivalent. They
show the same global performance: efficient but little more severe. Their precision is always close
to unity, i.e. they detect almost only one platform after each observation analysis. Nevertheless,
when errors are inserted in a simulation, the damages are superior.
In conclusion, after the analysis of the probabilistic and possibilistic engine worlds, the identity
of the three most efficient and accurate fuzzy inference engines can be revealed: the probabilistic
product engine with union combination followed by both versions of the Bayesian fuzzy engine.

5

Conclusions

This article has described one modern application of fuzzy logic: fuzzy inference engines for the
problem of fusing identity information coming from dissimilar sources. The product and the minimum fuzzy inference engines with union and intersection combination have been studied. A new
engine model derived from Bayesian statistics has also been rigorously tested. Several simulations
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Table 5: Possibilistic results about the ANP and the NMNO for the case: nonlimited conflicts with
40% of error and stopping criteria (SP) of 10%, 25%, and 40%
Engine

Combination
Union

Product
Intersection

Union
Minimum
Intersection

Bayesian

SP (in %)

ANP

NMNO (in %)

10
25
40
10
25
40
10
25
40
10
25
40
10
25
40

10.56
10.94
10.60
1.83
1.48
1.55
10.61
11.11
10.97
3.97
3.19
3.49
1.16
1.11
1.12

12
30
53
0
4
7
7
34
54
1
22
45
0
0
5

have been done to evaluate engines performance, systems accuracy and efficiency under severe experimental conditions. Moreover, two different mathematical paradigms have been investigated:
the probabilistic and the possibilistic universes. Globally, the probabilistic product engine with
union combination appears to be the most efficient one followed by the Bayesian engine of both
paradigms.
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