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Abstract—A promising method of non-cooperative identifica-
tion is the classification of a target by High-Resolution radar
signatures. By simultaneous tracking and classification one ob-
tains a set of successive radar range profiles which contain
information on the target from different aspect angles. At this
point data fusion of the declaration series can help to stabilize
the identification against misclassifications by putting it on a
broader basis. In this paper we use an experimental data base
filled with radar range profiles of eight different aircraft types
of similar size for a statistical analysis and comparison of fused
and unfused declaration series. As fusion methods we consider
the simple voting algorithm as well as more advanced techniques
as the Bayes and the Dempster-Shafer approach.
Target identification, Evidential Reasoning, Bayes fusion,
Voting fusion.

I. I NTRODUCTION

With a sufficiently comprehensive reference database and
an appropriate classifier, high resolution radar signatures are
particularly suitable for discriminating between different target
types. If the target is tracked along its trajectory, a series of
radar signatures can be recorded and classified. In this study
we consider the application of decision-level data fusion on
successive declarations of a classifier. By this way we aim
at increasing the reliability of the declaration and stabilizing
it against misclassifications. The investigation is based on an
extensive experimental data base of radar signatures, so-called
high-resolution range profiles (short HRR range profiles) of
eight different aircraft types of similar size. A range profile
represents a projection of the target’s radar scattering struc-
tures onto the radar line of sight and contains information
about the magnitude of the backscattered radar radiation as
a function of range and aspect angle. We use a simple 1-
Nearest-Neighbor classifier [1] which is based on calculating
the correlation coefficient for a given test profile and all
reference profiles in the data base. The global maximum of
the correlation coefficient determines the class, to which the
given test profile is assigned. However, the results of this
investigation are not restricted to this special type of classifier,
but apply to all classifiers which provide a rating of classes
as a result. As fusion methods we apply Voting fusion, Bayes
fusion as well as Evidential Reasoning. These methods have

been subject to various investigations in the past [2]–[4],which
concentrated mainly on convergence aspects. In our former
work [5] we analyzed the behavior of the fusion algorithms in
critical situations like, for example, a competition of several
classes or the change of classifier preference. The present
study focuses on a quantitative comparison of the rates of
correct identification of the unfused and fused declarations on
the basis of a realistic experimental data base. Moreover, we
consider the effect of the memory length, i. e. the length of
the sliding window over which the classification results are
cumulated.

In Section II we give an overview of the different fusion
methods and explain how they are applied to the correlation
classifier results for HRR profiles. Section III presents first
some examples of declaration series from the test data base and
the different results produced by the fusion methods, followed
by the quantitative statistical analysis. The main resultsare
summarized in Section IV.

II. FUSION METHODS

A. Voting Fusion

A simple, almost intuitive fusion method is to treat the
fusion problem like a democratic process, where the identity
decisions fromN sensors are simply counted as votes. For
our purpose, we have instead ofN sensor reports the classifier
decisions forN successive range profiles. The numberN of
votes which are taken into account, can extend from the first
recorded range profile to the current one, which is equivalent to
an infinte memory length. IfN is limited to a fixed value, one
has a sliding memory window. A memory of one single time
step is equivalent to evaluating only one HRR range profile
and the result is identical to the actual classifier decision. The
average number of votescm for classm and a memory ofN
time steps is given by

cm(t,N) =
1

N

N−1
∑

n=0

dm(t − n), t ≥ N, (1)

where dm(t) is 1 if in time stept the target is declared as
classm and 0 otherwise.
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B. Bayes Fusion

In the framework of Bayes theory, probabilities are used to
quantify degrees of belief that a certain situation will occur
[6], [7]. If the probability distribution of a complete set of
mutually exclusive hypotheses is known, i. e. the probabilies
of all events under consideration, it is possible to estimate
the probabilities of inferences given those hypotheses. Let
P (H) be the probability that hypothesisH is true (so-called
a-priori probability orprior of the hypothesisH), P (E) be the
probability that evidenceE occurs, andP (E|H) the likelihood
of the occurence of evidenceE, given hypothesisH. Then
the posterior, i. e. the probability that hypothesisH is true, if
evidenceE occurs, is given by the well-known Bayes rule:

P (H|E) =
P (E|H) · P (H)

P (E)
. (2)

For a set ofN pieces of evidence,E1, . . . , Ei, . . . , EN , and a
number ofM hypothesesH1, . . . ,Hj , . . . ,HM this becomes

P (Hj |E1, . . . , EN ) =
P (E1, . . . , EN |Hj) · P (Hj)

P (E1, . . . , EN )
. (3)

Note that in this formulation of the Bayes rule the stochastic
independence of the pieces of evidence,E1, . . . , EN as well
as the conditional independence of the pieces of evidence,
E1, . . . , EN , given the hypothesisHj , arenot required. If we
do assume both independences as given, Equation 3 reads

P (Hj |E1, . . . , EN ) =
P (Hj)

∏N

n=1
P (En|Hj)

∑M

m=1
P (Hm)

∏N

n=1
P (En|Hm)

.

(4)
1) Application of Bayes theory to the classification of HRR

range profiles:In the context of target identification, the class
declarationDi of a HRR range profile of the target typej by
the classifier to classi at time stepn represents an evidence
En, while the hypothesisHj denotes the actual target type.
We can combineN pieces of evidence, i. e., class declarations
of N successive HRR range profiles, under the assumptions
that the target under consideration remains the same (hypoth-
esisHj is constant), and that the evidencesE1, . . . , EN are
independent, by Equation 4. Even if the range profiles of two
successive time steps are considered to be decorrelated, the as-
sumption of conditional independence is still a sensitive point.
The maximum posteriormaxj P (Hj |E1, . . . , EN ) determines
the class to which the unknown target is assigned. The Prior
is assumed to be equal for all classes, i. e.P (Hj) = 1/M .
An essential prerequisite for the application of the theoryis
the availability of the likelihood matrixLij = P (Di|Hj).
The elements of this matrix describe the relative frequencies
of correct classifications and the confusion frequencies ofall
classes. For practical purposesLij has to be estimated from a
sufficiently large amount of data and for a sufficiently dense
grid of aspect angles. We have computed this matrix from our
HRR data base of fighter aircraft for azimuth angle windows
of 10◦ in order to obtain typical values forLij .

It turns out that the application of the Bayes rule according
to Equation 4 leads to difficulties, if the likelihood matrixLij

contains zero elements. A zero element ofLij means that a
declaration of a targetj as classi is considered asimpossible
and will never occur. As a consequence, the probability
P (Hj |E1, . . . , EN ) of each declaration seriesD1, . . . ,DN ,
which contains at least one ”impossible” declaration, should
equally become zero. On the one hand, this effect is caused
by the assumption of conditional independence which replaces
the expressionP (E1, . . . , EN |Hj) by the productP (E1|Hj) ·
. . . · P (EN |Hj). On the other hand, the computation of the
likelihood matrix on the basis of a limited set of data does
not permit an exact determination ofLij . That means that an
extension of the data base would most likely increase the zero
elements to a low, but finite value. In order to avoid the cut-
off of declaration series by zeroLij elements, we choose a
more careful approach by keeping a very low basis likelihood
for any declaration. By this wayP (Hj |E1, . . . , EN ) will ap-
proach (but not become equal to) zero for successive unlikely
declarations and can be increased again by declarations of
higher likelihood. Since the likelihood matrix is requiredto
have a column sum of one, it has to be renormalized after
adding a basis likelihood of 0.01 to the computed likelihoods.

C. Dempster-Shafer method

As an alternative to the classical probabilistic theory, Ev-
idential Reasoning has been established. It is based on the
ideas first published by Dempster [8] and developped further
by Shafer [9]. Also in this approach degrees of belief are
used for expressing uncertainty numerically. But different to
Bayes theory, belief is assigned to propositions which are
built by sets of hypotheses. These sets arenot required to
have non-zero intersections. As a consequence, the Dempster-
Shafer approach offers the possibility of expressing uncertainty
about a hypothesis, which is impossible in a probabilistic
framework because ofP (x) + P (¬x) = 1 for any hypothesis
x. As a further advantage, the Dempster-Shafer method does
not require a large amount of input information like Bayes
theory, where the complete likelihood matrix must be known in
advance. Since this information is almost impossible to gather
in reality, this requirement represents a serious limitation for
practical purposes.

In the framework of Dempster-Shafer theory, only the atoms
of the considered scenario are represented by mutually exclu-
sive hypotheses, which build together the frame of discernment
Θ = θ1, . . . , θN . The total belief onΘ can be partitioned into
portions and assigned to the propositions, i.e. the subsetsof Θ.
Since the number of all subsets ofΘ is 2|Θ|, a mass distribution
function m : 2Θ → [0, 1] is defined by

m(∅) = 0, (5)
∑

A⊆Θ

m(A) = 1, (6)

which builds a basic belief assignment (bba). The bba number
m(A) is the measure of belief that is associated with the subset
A and that cannot be subdivided any further. All subsetsA of
Θ with m(A) 6= 0 are called focal elements of the belief
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function. A special proposition is given byθ1 ∨ θ2 ∨ . . .∨ θN .
If we assign belief to the disjunction of all elements ofΘ, this
belief is called uncommitted and expresses that we know that
the truth is somewhere in the frame of discernment but we
cannot assign it to any of its subsets, i.e. we cannot specify
our belief any further. This gives us the possibility to express
a general level of uncertainty. The function Bel: 2Θ → [0, 1]

Bel(A) =
∑

B⊆A

m(B) (7)

defines theBelief in a subsetA as a sum of all the basic belief
masses that support its constituents. As a dual measure to the
Belief in A, the function

Pl(A) = 1 − Bel(¬A) =
∑

B∩A 6=0

m(B) (8)

is defined, which is calledPlausibility and gives the extent
to which propositionA might be true. The functions Bel and
Pl define an interval[Bel(A), Pl(A)] which is considered as a
measure of ignorance aboutA.

Two pieces of evidence with mass numbersm1 andm2 can
be combined by Dempster’s combination rule

m(C) = k−1
∑

A∩B=C

m1(A) · m2(B) (9)

with

k =

[

1 −
∑

A∩B=∅

m1(A) · m2(B)

]−1

(10)

If the two pieces of evidence do not contradict each other,
these are said to be concordant, and we havek = 1, otherwise
they are conflicting, which impliesk > 1. In recent years,
many other combination rules have been set up [10] mainly
based on heuristic considerations about how to reallocate the
conflicting mass. However, many of those are not associative
and/or require a high computing effort so that they are not
suitable for the present purpose.

For our purpose we consider simple belief functions which
build a special class of belief functions. A simple support
function supports one and only one subset of the frame of
discernment.s is a simple support function focused onF ⊆ Θ
such thats(Θ) = 1 and

s(A) =

{

s, if F ⊆ A A 6= Θ
0, otherwise

(11)

With this definition we havem(F ) = s(F ) and m(Θ) =
1 − s(F ) for the basic belief assignment.

1) Application of Dempster-Shafer theory to the classifica-
tion of HRR range profiles:With the class-specific maximum
correlation coefficientri of a test profilex and the prototype of
classCi we have a natural measure of similarity between the
test profile and the profiles of all classes in the database which
can be transformed into a suitable basic belief assignment for
the application of DS theory. Since the correlation coefficient
ri is very high for all profiles in our HRR data base, i. e.
ri > α, we can map it to the interval̃ri = (ri − α)/(1 − α).

By this we have introduced a basic beliefmi = m({Ci}) = r̃i

that the profilex belongs to classCi. The basic belief that the
profile x belongs to any of theN classes, i.e. the uncommitted
belief, is then given bym({C}) whereC = {C1, . . . , CN}
represents the frame of discernment. This means that within
one time step we have for each class a piece of evidence in
the form of a correlation coefficient which can be expressed
as a simple support function. In a first step, these pieces of
evidence have to be combined according to Equation 9.

In the following we will abbreviatem({Ci}) = mi. If we
combine these simple support functions for one time step and
N classes according to Equation 9, we obtain:

M(Ci) =
mi

1−mi

1 +
∑N

k=1

mk

1−mk

(12)

M(C) =
1

1 +
∑N

k=1

mk

1−mk

(13)

Similarly, the evidences of two successive time steps are fused.
For the combinaton of the bbas of two time stepsn andn−1
one has (The superscripts denote the time step index):

M̃n(Ci) =

∑

A∩B=Ci
Mn(A) · M̃n−1(B)

∑

A∩B 6=∅ Mn(A) · M̃n−1(B)
(14)

with
∑

A∩B=Ci

Mn(A) · M̃n−1(B) =

Mn(Ci)M̃
n−1(Ci) + Mn(Ci)M̃

n−1(C)

+Mn(C)M̃n−1(Ci) (15)

and
∑

A∩B 6=∅

Mn(A) · M̃n−1(B) =

N
∑

i=1

Mn(Ci)
(

M̃n−1(Ci) + M̃n−1(C)
)

+Mn(C). (16)

By a recursive calculation these expressions can be trans-
formed into

M̃n(Ci) =
∏n

k=0
Mk

i −
∏n

k=0
Mk(C)

∑N
l=1

∏n
k=0

Mk
l − (N − 1)

∏n
k=0

Mk(C)
, (17)

where Mk
i = Mk(Ci) + Mk(C). If in Equation 14Ci is

replaced byC, one has the expression for the accumulated
belief mass for the frame of discernment in time step n, which
computes to

M̃n(C) =
∏n

k=0
Mk(C)

∑N

l=1

∏n

k=0
Mk

l − (N − 1)
∏n

k=0
Mk(C)

. (18)
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The Belief and Plausibility function read

Beln(Ci) =
∑

B⊆Ci

M̃n(B) = M̃n(Ci)

=

∏n

k=0
Mk

i −
∏n

k=0
Mk(C)

∑N

l=1

∏n

k=0
Mk

l − (N − 1)
∏n

k=0
Mk(C)

(19)

and

Pln(Ci) =
∑

B∩A 6=∅

M̃n(B) = M̃n(Ci) + M̃n(C)

=

∏n
k=0

Mk
i

∑N
l=1

∏n
k=0

Mk
l − (N − 1)

∏n
k=0

Mk(C)
. (20)

One can show easily that for infinite memory length, the
difference between Beln and Pln dicreases in every time step
in which a non-zero mass is assigned to a class [5].

III. F USION RESULTS

A. Results for exemplary time series of declarations of mea-
sured range profiles

The experimental HRR data base comprehends range pro-
files of eight different classes of aircraft. Since for each aircraft
type there is data obtained in radar measurements of different
flights, the test and reference range profiles can be chosen from
different flights in order to ensure independence of test and
reference data. Series of successive test profiles for a selected
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Figure 1. Unfused and fusion results for a declaration series of target F, the
memory length is maximum. For the percentages of correct declaration one
hasp

MN
c = 0.687, p

V
c = 1, p

DS
c = 1, p

B
c = 1.

target type from one flight are chosen such that the azimuth
spacing of the profiles is about1◦; otherwise the series is cut
into smaller series of at least 20 successive range profiles.The
correlation coefficients are calculated for all combinations of
one test profile with all reference profiles within an aspect
angle window of±5◦ centered around the aspect angle of
the test profile. For each class, the maximum value of the
correlation coefficient is recorded and scaled to the interval

[0, 1] as described in Section II-C1. In this way we obtain a
basic belief assignment for the Dempster-Shafer method. Only
the maximum of the correlation coefficient, or mass numbers,
respectively, determines the class declaration which is required
for the voting and the Bayes method. Belief and Plausibility
are computed by the mass numbers according to Equation 19
and 20, while from the declarations we get both the number
of hits for each class for the voting method and the posterior
for the Bayes method. In the latter case, we use the likelihood
matrix suitable for the azimuth value of the given test profile.

An important parameter for all methods is the memory
length which determines how many declarations of a time
series are taken into account. For a maximum memory length
all declarations from the start of the series are considered.
Apart from maximum memory length we tested the fusion
algorithms for sliding memory windows of 5, 10 and 20 time
steps. It turns out that fusion with maximum window length is
very stable against misclassifications and preference changes
of the classifier while the fusion result follows the decisions
of the classifier more closely for shorter memory times.
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Figure 2. Mass numbers and fusion results for the same declaration series
of target F as in Figure 1 but for a memory length of 10 time steps. The
mass numbers are not affected by the memory length. For the percentages
of correct declaration one haspMN

c = 0.687, p
V
c = 0.928, p

DS
c = 0.904,

p
B
c = 0.910.

The diagrams in Figures 1 and 2 show a comparison of
the mass numbers (i.e., the unfused classification result) of a
typical declaration series and the corresponding results of the
various fusion methods for a maximum window length and for
a window of 10 time steps, respectively. The different target
types are denoted by letters; target type F is the correct one
in this case, so that a declaration is correct if type F has the
highest support of all target classes.

B. Statistical analysis of the experimental HRR data base

The examples presented in the previous section give a
first impression of the characteristices of the different fusion
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algorithms. However, only by viewing the curves it is not
possible to decide which method would be suitable for a
certain application. In order to compare the fusion methods
quantitatively it is necessary to evaluate the behavior of the
different approaches statistically for the whole data base.
Although the results of an analysis based on a single data
base would be restricted in their generality, this would provide
a careful estimate of the performance of the fusion methods.It
is accomplished by an investigation of the dynamical behavior
of the algorithms in certain critical situations which has been
done in a former study [5]. These situations, which indicatethe
outline of the behavior spectrum of declaration series, show
the limits of the fusion techniques.
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Figure 3. Quartiles of the series lengths

Altogether 536 declaration series with lengths between 20
and 165 time steps have been evaluated, where one time step
corresponds to an azimuth increment of about1◦. The median
of the series length is 61 (Figure 3). Series of different length
are a realistic assumption. The choice of series from the data
base is restricted by the requirement that for each test profile
of the series a sufficiently large number of reference profiles
has to be available. The ratiospc = Pc/N and pf = Pf/N
denote the part of correct and false declarations of a seriesof
lengthN , respectively.

In a first examination the maximum decision rule was
applied, which means that at each time step only the maximum
value of support, be it mass number, votes, posterior or belief,
determines the class to which the range profile is assigned.
However, it is easy to imagine situations in which the overall
level of support is very low. In these cases it might be
preferable to require a threshold to be crossed by the support
values in order to avoid decisions based on insignificant
evidences. By setting a threshold one accepts that temporarily
there is no declaration and that an appropriate display has to
show an ”unknown target” notice to the operator. While for
the declaration by the maximum-rule one haspc + pf = 1,
this relationship is no longer valid if there is an additional
threshold.

1) Application of the maximum rule without threshold:
Figure 4 shows the medians and quartiles of thepc for the
unfused classifier result as well as for the different fusion
methods and for four memory lengths. All fusion results show
higher percentages of correct classification than the unfused
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Figure 4. Quartiles ofpc (left) andpf (right) for the maximum rule.

classification. The advantage of fusion is maximum for an
infinite memory length∆N and decreases for smaller values
of ∆N . For ∆N = 1 the medians of the percentagespc of
the fused declarations are identical to those of the unfused
declarations. According topf = 1− pc, the percentagespf of
false declarations increase for smaller memory windows. The
voting algorithm wins by a narrow margin for the given data
base. It is questionable, though, if this is a systematic trend
or if this effect would be ruled out for larger amounts of data.
However, the fact that the voting algorithm provides the best
result is remarkable because it is the method with the lowest
input information requirements.

unendlich 20 10 5
0

0.2

0.4

0.6

0.8

1

Memory length

pC

Mass number
Voting
Dempster−Shafer
Bayes

maximum 20 10 5
0

0.2

0.4

0.6

0.8

1

Memory length

pF

Mass number
Voting
Dempster−Shafer
Bayes

Figure 5. Medians of the percentages of correct declarations (pc, left) und the
rates of false declarations (pf , right), for the class with the best classification
result.

It is interesting to analyze how the proportions of correct
and false declarations after the fusion process depend on the
level of the classification rates. Figures 5, 6 and 7 show
the fusion results for classes with the best, a moderate and
the poorest classification result, respectively. Figure 5 shows
that on the basis of a good classification result (in this case
about 77% correct) data fusion can help to achieve a correct
declaration rate up to 100% for a maximum memory length
and a low error rate at the same time. For an aircraft type
with a moderate classification rate (Figure 6) the fusion result
at maximum memory length is almost twice as high as the
classification result itself.

However, as Figure 7 shows, for a class with a very low
classification rate fusion candecreasethe rate of correct
classification. This effect is most pronounced for the Bayes
fusion result.

2) Application of the maximum rule with additional thresh-
old: In a second analysis we have investigated the impact of
an additional threshold. This means that an unknown target
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Figure 6. Medians of the percentages of correct declarations (pc, left) und the
rates of false declarations (pf , right), for a class with a moderate classification
result.
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Figure 7. Medians of the percentages of correct declarations (pc, left) und
the rates of false declarations (pf , right), for the class with the the poorest
classification result.

is declared as type A if at this time step the support (mass
number, votes, belief or posterior) for class A is maximum of
the support values for all classesand exceeds the threshold
value.
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Figure 8. Medians of the rates of correct (pc, left) and false (pf , right)
declarations for all classes, with application of the maximumrule and a
threshold of 0.5.

If a very low threshold of 0.5 is applied, both the unfused
classification results as well as the Bayes-fusion results are
hardly modified (Figure 8) in comparison to those without
threshold (figure 4). However, thepc of the voting and
the Dempster-Shafer fusion are considerably reduced by the
threshold. For very short memory times (∆N = 5) the pro-
portion of correct declaration of the Dempster-Shafer method
drops to 14.4%, whereas thepc of the voting method shows
a slight increase of 2.2% against thepc at ∆N = 10.

As expected, the medians of the error rates are decreased by
the threshold; especially the median of thepf of the Dempster-
Shafer algorithm drops down to zero for all window lengths.
This behavior becomes clear by looking at typical declaration
series like those in Figures 1 and 2. While the overall level

of the Dempster-Shafer curves decreases with memory time,
the curves of the voting method cross the 0.5-threshold more
often for a memory time of 10 steps than for the maximum
memory length. The result of the Bayes fusion remains mainly
unaffected by setting a threshold, because it supports the
preferred class always with a very high posterior close to one.
However, this also happens if the preferred class is false, so
that the threshold has no large impact on the error rate of the
Bayes fusion.
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Figure 9. Medians of the rates of correct (pc, left) and false (pf , right)
declarations for all classes, with application of the maximumrule and a
threshold of 0.7.

For a higher threshold of 0.7 the median of the unfused
classification ratespc decreases to 14.9%, the error rate to
4.6% (Figure 9). Both the correct and false declaration rates of
the Dempster-Shafer- and the voting procedure decrease dra-
matically. The voting procedure results show a clear tendency
of an increasing median ofpc for shorter memory lengths.
Again, the median of thepc of the Bayes method is only
slightly lower than for the 0.5 threshold.
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Figure 10. Medians of the rates of correct (pc, left) and false (pf , right)
declarations for all classes, with application of the maximumrule and a
threshold of 0.9.

For an even higher threshold of 0.9 the median of the
unfused correct classification rates drops down to zero for all
memory window lengths, also those of the Dempster-Shafer
method for window lengths of 5 and 10 time steps (Figure 10).
For the voting method the proportion of correct declarations
exceeds 20% only for a window length of 5 time steps. Only
the Bayes method remains stable under these conditions and
provides still a useful result.

IV. SUMMARY

Decision level data fusion is a viable method to stabilize
the declaration series of successive radar signatures against
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misclassifications. In this paper we have compared the per-
formance of the Voting, Dempster-Shafer and Bayes method
for a large data base of high range resolution profiles of
different aircraft types. First of all, these methods require
different types of input information: The simplest method is
the voting rule which only needs the number of declarations
for each class in a given time interval. In contrast, the
Dempster-Shafer procedure requires the mass numbers, i.e.
the degree to which the classifier supports each class and
which represents a more detailed information. A different
approach is pursued by the Bayes method. For this method
the confusion frequencies which build the likelihood matrix
have to be gathered experimentally in advance, while in the
fusion process itself only the class declaration is relevant. The
quality of the likelihood matrix determines the quality of the
fusion results to a high degree. For all three fusion methods,
the memory length, i.e. the number of time steps which are
involved in the fusion process, can be varied. The present
analysis shows that the rates of correct declaration can be
increased significantly by all three methods. For a maximum
memory length the medians of the correct declaration rates
exceed those of the classifier by more than 30 percentage
points, if the maximum rule without additional threshold is
applied. If the memory window length is reduced, the benefit
of the data fusion decreases. However, even at a window length
of 5 time steps a gain of at least 10 percentage points is
achieved. For all window lengths the performance of the voting
method is marginally better than that of the Dempster-Shafer
and the Bayes method. On the other hand the investigation
shows that a fusion of declarations only makes sense if the
correct classification rate is high enough. If this proportion is
lower than 40%, we find increasing error rates after fusing
the declarations. One should be aware, though, that all these
results are based on the investigation of a single data base,
where most of the declaration series show a clear preference
for a certain class. As a former analysis [5] has shown,
the perils of the declaration fusion methods arise in certain
critical situations. For example, if there is a strong competition
between several classes a minor preference of the classifierfor
one of these classes can lead to a very strong preference of
that class after fusion. In this way a clear decision is suggested
on the basis of a completely unclear data situation. A further
difficulty arises when at maximum memory length the fusion
methods lock on to a certain class and react too inertial upon
a preference change of the classifier. To some extent these
effects can be avoided by a reduction of the memory length.
A different possibility to stabilize the declaration in difficult
situations is to tighten the selection criterion by settinga
threshold. The classification or fusion result ”target is type
A” is shown only if type A obtains the maximum support
among all classes and if the support exceeds a certain value.
With the introduction of such a threshold the characteristics
of the three methods emerge. The rates of correct declaration
of the Dempster-Shafer and the voting method decrease at a
threshold of only 0.5, but at memory lengths of more than
20 time steps they still have an advantage over the unfused

classification. However, for shorter memory length especially
the Dempster-Shafer method performs even worse than the
classification itself. The Bayes method proves to be the most
robust one. Even at a threshold as high as 0.9 it provides high
rates of correct declaration at low error rates.
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