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Abstract. Hierarchical neural networks naturally combine sub-
symbolic information processing with symbolic information as they
consist of several neural classifiers which provide hierarchically
structured knowledge. This knowledge implies a particular uncer-
tainty which is indicated by the magnitude of the classifier outputs.
There are different ways to combine this expert knowledge to a col-
lective output. Two different methods are evaluated in this paper: a
method similar to the decision tree approach and an evidence the-
oretic approach utilising Dempster-Shafer theory. The proposed ap-
proaches have been evaluated using three different data sets and two
different types of classifiers. It was shown that the evidence theoretic
approach yields improved classification performance.

1 INTRODUCTION

Hierarchical relationships among objects occur rather often. In par-
ticular, hierarchical grouping of similar objects seems reasonable.
This similarity can refer to different characteristics such as function-
ality or appearance of objects.

Hierarchical neural networks consist of multiple classifiers ar-
ranged in a hierarchical manner where the individual classifiers pro-
vide evidence at different levels of abstraction, i.e. the individual
classifiers give results for not necessarily single classes but sets of
classes. The evidence provided by the single classifiers represents
measures for the likelihood of a given sample to belong to a certain
class or group of classes.

Thus a hierarchical neural network can be interpreted as a group of
hierarchically arranged experts which make hierarchically structured
statements, i.e. experts at higher levels of the hierarchy make rough
decisions concerning comprehensive groups of classes and experts at
low levels provide detailed information about few single classes.

There are diverse ways of obtaining a collective result on the basis
of the opinions of the various experts. One way is to attain the re-
sult in stages by propagating the decision down the hierarchy, i.e. the
decision is delegated hierarchically. At each level a selected expert
makes a decision at his level of detail and based on this decision he
chooses the expert at the next level who has to make a more detailed
decision. Thus the decision is propagated down the hierarchy until
the final expert at the lowest level conclusively decides what the re-
sult is. Thereby not all experts are consulted but only those experts
on the path which emerged. Another way is to incorporate the opin-
ions of all experts and to combine them to one conclusive result. The
integration of the different expert opinions is a form of reasoning.

A suitable approach for combining hierarchically structured
knowledge incorporating uncertainty is the well-established
Dempster-Shafer evidence theory. It provides means of dealing
with information provided at different levels of abstraction without
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enforcing to assign information at a more detailed level than is justi-
fied. Moreover, it offers a possibility to represent lack of knowledge
and doubt. The first characteristic facilitates the dealing with the
hierarchical information provided by the classifier hierarchy. The
latter property accounts for the necessity of the individual classifiers
to be able to state that a given sample belongs to an unknown class.
This is essential as not all classifiers within the hierarchy provide
information about all classes, but only deal with a specific subset of
classes and thus are likely to have to give results for classes they
have no knowledge about.

2 METHOD

In this paper a method to combine the results of multiple hierarchi-
cally arranged classifiers utilising evidence based reasoning is pre-
sented. This method is compared with a simple decision-tree-like ap-
proach for retrieving the classification results. Both approaches are
applied to the same hierarchy, i.e. the hierarchy generation and train-
ing is the same for both methods.

In the following the main components of the proposed approach
are presented. Hierarchical neural networks are briefly introduced
and the two methods for evaluating the hierarchy are explained.

2.1 Dempster-Shafer Evidence Theory

Dempster-Shafer evidence theory [4, 5, 16] is a mathematical theory
of evidence and plausibility reasoning. It provides means of repre-
senting and combining measures of evidence. Major advantages of
this theory are the possibility to differentiate between ignorance and
uncertainty, the ability to easily represent evidence at different levels
of abstraction and the possibility to combine evidence from different
sources. In the following the basic concepts of the Dempster-Shafer
evidence theory relevant for the proposed approach are briefly ex-
plained.

Let Ω be a finite set ofq mutually exclusive atomic hypotheses
Ω = {θ1, ..., θq} called theframe of discernmentrepresenting the
universe of discourse and let2Ω denote the power set ofΩ.

A basic probability assignmentor mass functionm over a frame
of discernmentΩ is a functionm : 2Ω 7→ [0, 1] that satisfies the
following two conditions:

m(∅) = 0∑
A⊆Ω

m(A) = 1
(1)

The massm(A) specifies the belief in hypothesisA which does
not need to be atomic, but can be a set of atomic hypothesis. In that
casem(A) reflects ignorance in so far as it is not possible to further
subdivide this belief inA among the subsets ofA. Thus the mass
m(A) specifies the degree of belief that is assigned to exactly the set
A ⊆ Ω and not to any subset ofA.



Two basic probability assignmentsm1 andm2 from two indepen-
dent sources can be combined via Dempster’s combination rule, the
so calledorthogonal summ1,2 = m1 ⊕m2 which is defined as:

m1,2(C) = K−1 ·
∑

A,B:A∩B=C

m1(A) ·m2(B), ∀C 6= ∅ (2)

whereK is a measure for the conflict between the two sources.
The conflictK is defined as:

K = 1−
∑

A,B:A∩B=∅

m1(A)·m2(B) =
∑

A,B:A∩B 6=∅

m1(A)·m2(B)

(3)
The orthogonal summ1 ⊕m2 does only exists ifK 6= 0 and the

resultm1,2 is then a basic probability assignment. Otherwise the two
sources are said to be totally contradictory.

Within the transferable belief model [18], an interpretation of the
Dempster-Shafer theory of evidence, positive masses can be assigned
to the empty set∅ entailing unnormalised belief functions [17]:

m1,2(C) =
∑

A,B:A∩B=C

m1(A) ·m2(B), ∀C ⊆ Ω (4)

A high value for the mass of the empty set∅ indicates a high con-
flict between the sources.

2.2 Classifier Hierarchies

Hierarchical neural networks consist of multiple neural classifiers
which are arranged hierarchically and realise a hierarchical output
space decomposition. The classification process is decomposed into
several stages utilising coarse to fine classification.

The hierarchies [6] are generated by unsupervisedk-means clus-
tering with the objective of grouping similar classes together, i.e.
classes that are similar with respect to the features used.

The basic idea of hierarchical neural networks is the decompo-
sition of a complex classification problem into several less com-
plex problems. This yields hierarchical class grouping. The hierar-
chy emerges from recursive partitioning of the original set of classes
C into several disjoint subsetsCi until subsets consisting of single
classes result.Ci is the subset of classes to be classified by nodei,
wherei is a recursively composed index reflecting the path from the
root node to nodei. The subsetCi of nodei is decomposed into
si disjoint subsetsCi,j , whereCi,j ⊂ Ci, Ci = ∪s−1

j=0Ci,j and
Ci,j ∩ Ci,k = ∅. The total set of classesC is assigned to the root
nodeC0 = C. Consequently nodes at higher levels of the hierarchy
discriminate between larger subsets of classes whereas nodes at the
lowest level classify between single classes. From the application of
this divide-and-conquer strategy emerge several simple classifiers,
that can be amended much more easily to the decomposed simple
classification tasks than one classifier could be adapted to the origi-
nal complex classification task.

An example of a classifier hierarchy is shown in figure 1. The
nodes within the hierarchy represent individual neural networks. Dif-
ferent types of classifiers can be used. We chose radial basis function
networks and fuzzyk-nearest neighbour classifiers. A three phase
learning algorithm [15] was chosen to train the radial basis function
networks.

Hierarchical neural networks naturally provide a link between be-
tween symbolic information and sub-symbolic information process-
ing. Feature vectors representing sub-symbolic information are used

Figure 1. Classifier hierarchy for the classification of eight classes (A, B,
C, D, E, F, G, H). Each node within the hierarchy represents a neural
network which is used as a classifier. The end nodes represent classes.

for the classification, whereas symbolic knowledge is made available
concomitantly via the information about the affiliation to certain sub-
sets of classes. Thus the hierarchy does not only provide the infor-
mation to which class a given sample most likely belongs but also
the information to which subsets of classes this sample belongs. The
usage of neural networks, fuzzy or probabilistic classifiers allows the
representation of uncertainty of the membership to these classes or
groups of classes since the original output of the neurons is not dis-
crete but continuous.

2.3 Retrieving the Classification Result in a
Decision-Tree-Like Manner

A simple and fast way to obtain the classification result is to evaluate
the hierarchy similar to the retrieval process in decision trees where
a path from the root node of the hierarchy to the leaf node that spec-
ifies the resulting class is determined. Starting with the root node the
classification results of the individual classifiers are used to decide
which classifier at the next lower level will be looked at next, i.e. to
which successor node the decision will be delegated. Classifieri that
discriminates betweensi disjoint subsetsCi,j decides to which of
these subsetsCi,j∗ the presented sample most likely belongs. As a
result thej∗th successor node is the next classifier looked at. This
is successively repeated until a leaf node is reached. This evaluation
method only considers a subset of the classifiers within the hierarchy.
Figure 2 visualises this decision process and shows which classifiers
are involved.

Figure 2. Retrieval of the classification result analogous to decision trees.
A path through the hierarchy is determined leading to the resulting class.
The highlighted path (in dark grey) shows the nodes activated during the

classification of a sample that is classified as class F.

If for a given task only intermediate results are of interest, e.g.
whether a sample belongs to a certain subset of classes, it is not nec-
essary to follow through the complete decision process until the final
class is obtained, but the process can be aborted at an earlier level.



This methods features a simple way of combining the results of
multiple classifiers. It yields good classification results in rather short
classification time, but a major disadvantage is the missing ability to
correct misclassifications that occur at higher levels of the hierarchy.
Hence it would be beneficial not only to take a single path within the
hierarchy into account but to consider all classifiers of the hierarchy.

2.4 Evidence Based Reasoning in Hierarchical
Neural Networks

A more complex way of combining the results involves all classi-
fiers of the hierarchy. The sample to be classified is presented to all
classifiers within the hierarchy and the individual results are then
combined to one collective result. The strengths of the individual re-
sults are incorporated by this method. The combination is performed
utilising Dempster-Shafer theory of evidence.

Figure 3 depicts which classifiers are considered for this decision
process.

Figure 3. Retrieval of the classification result utilising Dempster-Shafer
evidence theory. All classifiers are considered when calculating the

classification result.

The application of the Dempster-Shafer evidence theory requires
in a first step the calculation of basic probability assignmentsmj

from the outputs of the individual classifiers within the hierarchy.
As not all neural classifiers produce output values that fulfil the re-
quirements for basic probability assignments (equation 1) a transfor-
mation of the outputs might be required. The output values of fuzzy
k-nearest neighbour classifiersΞi(x) satisfy the conditions for basic
probability assignments as the class memberships fulfil the condi-
tionsΞi(x) ∈ [0, 1] and

∑l

i=1
Xii(x) = 1 whereas the output of

radial basis function networkszi(x) does not necessarily do so. To
enforce the fulfilment of the conditionzi(x) ∈ [0, 1] a ramp function

Θ(zi(x)) =

{
0, x < 0
x, 0 ≤ x ≥ 1
1, x > 1

(5)

is is applied to the classifier output setting all negative values to zero
and all values greater than1 to 1. This is justified insofar as only a
negligible number of output values violate this condition. In order to
account for ignorance which is represented by low classifier outputs
the difference to one is assigned toΩ. If the sum of the classifier out-
puts is equal to or greater than one nothing is assigned toΩ. In this
case the output is then normalised to sum up to one. Hence in either
case the condition

∑l

i=1
mj(i) = 1 is satisfied. These transforma-

tions are applied if necessary to the outputs of all classifiers and then
the resulting basic probability assignmentsmj of all classifiers are
combined using the orthogonal sum without normalisation (equation
4).

According to the structure of the hierarchy each classifier provides
evidence for the specific subsets ofΩ between which the respective
classifier discriminates as well as forΩ. In case of ignorance strong
evidence is assigned toΩ.

Additionally, a discounting technique is used propagating classi-
fier responses top down. Thus classifier responses along pathes that
at a higher level contain a classifier which showed low responses are
weakened strongly whereas pathes below classifiers with strong out-
put are hardly weakened. The discounting is realised by successively
multiplying the classifier responses with the classifier output of the
respective predecessor node. Hence no discounting is applied to the
root node. The discounting accounts for the fact that within the hi-
erarchy there are a not negligible number of classifier that have to
provide results for samples belonging to classes they have not been
trained with. Hence low classifier responses, as would be desired,
cannot be guaranteed in that cases. The discounting thus weakens in-
sular strong responses, which are likely to be caused by a classifier
that has been presented a sample of an unknown class. In contrast if
only one classifier within a specific path shows a low response but
all other classifiers responses are high this leads only to a moderate
attenuation. The discounting is applied directly after the transforma-
tion of the classifier outputs to basic probability assignments. As a
multiplication with the discounting factorsdi ∈ [0, 1] decreases the
basic probability assignments ifdi < 1, their sum is then smaller
than one

∑si−1

j=0
dimi(Ci,j) < 1. The difference to one originating

from this is then assigned toΩ: mi(Ω) = 1−
∑si−1

j=0
dimi(Ci,j).

3 RESULTS

The proposed approach was evaluated by means of 10 runs of 10-fold
cross-validation experiments on three different data sets and with two
kinds of classifiers. The data sets used were the Columbia Object Im-
age Library (COIL-20) [13] data set consisting of 20 objects and 72
grey value images per object, the Letter Recognition Image Data [8]
comprising 26 letters and 20000 samples in total and the handwritten
STATLOG digits data set [9] containing 10 digits and 1000 sam-
ples per digit. From the images of the COIL-20 data set orientation
histograms [7, 3] were extracted as features for the object recogni-
tion. As classifiers radial basis function networks and fuzzyk-nearest
neighbour classifiers were used. The usage of the latter is motivated
by the simplicity and the low training effort of this approach as well
as by the fact that no parameters exceptk need to be optimised for
this type of classifier.

The approach was not only evaluated on automatically generated
hierarchies but also on hierarchies that were manually created group-
ing classes in a plausible manner such that meaningful groups emerge
and the classes within one group bear resemblance to each other. Fig-
ure 4 depicts the two hierarchies for the COIL-20 data set generated
in the described ways.

In all experiments the evidence theoretic approach yield at least the
same if not better classification results compared to the decision-tree-
like method. The results for the automatically generated hierarchies
even show a significant difference on all three data sets.

The results for the automatically and manually generated hierar-
chies are visualised in figure 5 and 6 respectively by means of box
plots and error bars. The tables 1 and 2 list the classification rates for
the different experiments performed on the automatically and manu-
ally generated hierarchies respectively.



Figure 4. Hierarchies for the classification of the COIL-20 objects. The
upper hierarchy was automatically generated by unsupervisedk-means

clustering, the lower hierarchy was manually created grouping objects in a
plausible way such that meaningful groups result.

Data RBF 3-NN 5-NN
DS DT DS DT DS DT

Letters 86.74±
0.79%

85.45±
0.78%

90.80±
0.61%

89.22±
0.69%

82.92±
0.68%

81.30±
0.64%

Digits 94.21±
0.74%

93.18±
0.79%

94.51±
0.55%

94.20±
0.60%

90.26±
0.82%

89.85±
0.80%

COIL-
20

96.76±
1.58%

95.39±
2.03%

99.59±
0.47%

99.26±
0.67%

92.62±
1.62%

92.12±
1.77%

Table 1. Classification rates for the different data sets on the test data for
the Dempster-Shafer method (DS) and the decision tree method (DT) for the
radial basis function network (RBF) and fuzzyk-nearest neighbour classifier

(k-NN) on automatically generated hierarchies. The evidence theoretic
approach outperforms the decision tree approach in all experiments.

A pairwise t-test based on repeatedk-fold cross validation with a
variance correction [2] to compensate the highly violated indepen-
dence assumption, called corrected repeatedk-fold cross validation
test, was conducted to assess the results of the different experiments
statistically.

The results of the t-test for the different experiments are listed in
tables 3 and 4.

4 DISCUSSION

The evaluation of the classifier hierarchy by means of Dempster-
Shafer evidence theory yields improved or at least the same clas-
sification results compared to the simple decision-tree-like evalua-
tion method. Hierarchies automatically generated show more stable
results than manually generated hierarchies, but the manually hierar-
chies also show good results.

Data RBF 3-NN 5-NN
DS DT DS DT DS DT

Letters 86.51±
1.00%

84.71±
0.93%

90.72±
0.62%

89.05±
0.72%

82.65±
0.84%

80.91±
0.61%

Digits 94.10±
0.85%

93.38±
0.90%

94.64±
0.46%

93.86±
0.63%

89.98±
0.91%

89.58±
0.97%

COIL-
20

96.07±
2.01%

95.46±
2.16%

99.05±
0.90%

98.96±
0.88%

92.19±
1.92%

92.21±
1.84%

Table 2. Classification rates for the different data sets on the test data for
the Dempster-Shafer method (DS) and the decision tree method (DT) for the
radial basis function network (RBF) and fuzzyk-nearest neighbour classifier
(k-NN) on manually generated hierarchies. The average classification rates
of the Dempster-Shafer approach are mostly higher than the classification

rates of the decision-tree method.

Data RBF 3-NN 5-NN
t p t p t p

Letters 9.28 3.53e−
10

13.60 4.12e−
14

15.04 3.14e−
15

Digits 4.80 9.70e−
4

3.77 0.0044 3.27 0.0096

COIL-
20

4.70 8.34e−
6

1.61 0.1181 2.53 0.0174

Table 3. Results of the corrected t-test for the different data sets on the test
data comparing the Dempster-Shafer (DS) method and the decision tree

method (DT) for the radial basis function network (RBF) and fuzzy
k-nearest neighbour classifier (k-NN) on automatically generated

hierarchies. The table gives the p-values as well as the t-value. The t-tests
indicates that the evidence theoretic approach outperforms the decision tree

approach significantly.

Data RBF 3-NN 5-NN
t p t p t p

Letters 9.93 3.78e−
6

14.69 1.35e−
7

11.79 8.97e−
7

Digits 2.09 0.1050 3.53 0.0242 2.03 0.1124
COIL-
20

1.25 0.2191 0.99 0.33 −0.10 0.92

Table 4. Results of the corrected t-test for the different data sets on the test
data comparing the Dempster-Shafer (DS) method and the decision tree

method (DT) for the radial basis function network (RBF) and fuzzy
k-nearest neighbour classifier (k-NN) on manually generated hierarchies.

The table gives the p-values as well as the t-value. The t-tests indicate that no
significant differences between the classification results of the two different

methods can be observed for all data sets.



Figure 5. Classification rates for the three data sets (letters, digits,
COIL-20) on the test data for the evidence based (DS) and the

decision-tree-like (DT) approach on the automatically generated hierarchies.
As classifier radial basis function networks were used. The box plots as well
as the error bars indicate that Dempster-Shafer methods performs better than

the decision tree method on all three data sets.

A major drawback of the decision-tree-like evaluation method is
the missing possibility to later on correct misclassifications that oc-
cured at higher levels of the hierarchy. Since the evidence based ap-
proach considers all classifiers within the hierarchy, misclassifica-
tions at higher levels of the hierarchy can be compensated for if the
decisions made by the classifiers at the lower levels are correct. If
the misclassification takes place at a leaf node, this wrong decision
cannot be corrected any more. The Dempster-Shafer approach can
also not compensate for misclassifications where the majority of the
classifiers supports the wrong decision.

As all classifiers within the hierarchy need to be evaluated when
using the evidence theoretic approach the advantage of the availabil-
ity of intermediate classification outputs and the resulting savings of
computation time, which the decision-tree-like method provides, do
not apply. However, the Dempster-Shafer approach provides not only
the resulting class but also a measure for the degree of membership
of the presented sample to each class.

With regards to computation time the decision tree method out-
performs the evidence theoretic approach as not all classifiers are
considered and no additional calculations are required. Thus in time-
critical applications the decision-tree-like method should preferably

Figure 6. Classification rates for the three data sets (letters, digits,
COIL-20) on the test data for the evidence based (DS) and the

decision-tree-like (DT) approach on the manually generated hierarchies. As
classifier radial basis function networks were used. The box plots as well as
the error bars indicate that Dempster-Shafer methods yields the same or even
better classification rates than the decision tree method on all three data sets.

be used as it rather quickly yields good classification results.
Since the individual classifiers within the hierarchy can be evalu-

ated independently of each other, all could be evaluated in parallel.
Thus the difference in time on multi-processor machines is solely de-
termined by the combination rule which is only slightly more com-
plex for the evidence-based approach. If all classifiers are evaluated
in parallel the time aspect becomes less significant.

5 RELATED WORK

Dempster-Shafer evidence theory has been applied to classifier fu-
sion in numerous applications for pattern recognition.

Dempster-Shafer theory was used for multiple classifier fusion in
[11]. This approach uses prototype-based classifiers and calculates
belief functions from distance measures of different classifiers which
are then combined utilising Dempster-Shafer evidence theory. As
distance measures the inter-class-distances and intra-class-distances
were used. The approach was evaluated in the field of online script
recognition.

In [20] classification rates, misclassification rates and rejection
rates were used to derive basic probability assignments. Dempster’s



combination rule is applied to combine the evidences. This approach
considers an extra class representing unknown classes or ignorance
and it assigns belief to singleton hypotheses, their complement and
to the universal propositionΩ. The classifiers used only have class
labels as output and do not produce information that can be inter-
preted as class memberships or other measurements. The approach
was applied to the problem of recognising handwritten numerals and
scored well compared to other approaches.

A technique closely related to decision templates [10] is used to
calculate degrees of belief in [14]. The distances between the clas-
sifier outputs for the sample to be classified and the mean clas-
sifier outputs calculated on the training samples are transformed
into basic probability assignments. The so calculated evidences are
then combined using the orthogonal sum. Several experiments in the
field of digits and character recognition have been conducted to test
this method and it was also part of the experimental comparison of
the decision templates approach for classifier fusion to other well-
established methods in [10] where it compared favourably well.

In [1] this approach has been varied by using reference outputs
adapted to the training data so that the overall mean square error is
minimised instead of simply using the mean classifier outputs.

Demspter-Shafer evidence theory is used to combine the nor-
malised outputs of multiple classifiers and to reject samples in case
of highly conflicting information in [19].

If at all, these approaches only exploit the possibility to allocate
evidence to non-atomic hypotheses by assigning masses to atomic
hypothesesθi and to their not necessarily atomic complementθi or
to the frame of discernmentΩ. The approach presented in this paper
utilises this possibility as the classifier hierarchy naturally provides
classification results for sets of hypotheses.

In [12] expert knowledge about the domain of application, namely
the detection of anti-personnel mines, is used to calculate basic prob-
ability assignments not only for atomic hypotheses but also for com-
posite hypotheses. Hence this approach is rather specific and less
general than the proposed approach.

6 CONCLUSIONS

The proposed method of evidence based reasoning utilising
Dempster-Shafer evidence theory has proven functional for the com-
bination of expert knowledge extracted from classifier hierarchies
and shows encouraging results. When applied to hierarchies that have
been created automatically the evidence theoretic method to evalu-
ate the hierarchy yields significantly better classification results than
the simple decision-tree-like approach. If applied to manually gener-
ated hierarchies the classification results are not significantly better
but the Dempster-Shafer approach yields better average classifica-
tion rates. The already good classification results that are achieved
with a simple decision-tree-like evaluation method can be further
improved using a more complex and in case of parallel evaluation
only slightly more time-consuming evidence based evaluation strat-
egy. The hierarchical class grouping inherent to the classifier hierar-
chy is apparently suitable for being utilised within the framework of
the Dempster-Shafer evidence theory and the natural combination of
symbolic and sub-symbolic information seems promising.

ACKNOWLEDGEMENTS

This research has been partially supported by the European Union
grant #IST-2001-35282 of the MirrorBot project.

REFERENCES
[1] Ahmed Al-Ani, ‘A new technique for combining multiple classifiers

using the dempster-shafer theory of evidence’,Journal of Artificial In-
telligence Research, 17, 333–361, (2002).

[2] Remco R. Bouckaert and Frank Eibe, ‘Evaluating the replicability of
significance tests for comparing learning algorithms.’, inAdvances in
Knowledge Discovery and Data Mining, Proceedings of the 8th Pacific-
Asia Conference on Knowledge Discovery and Data Mining, PAKDD
2004, Sydney, Australia, May 26-28, 2004, eds., Honghua Dai, Ramakr-
ishnan Srikant, and Chengqi Zhang, volume 3056 ofLecture Notes in
Artificial Intelligence LNAI, pp. 3–12. Springer, (2004).

[3] David M. Coppola, Harriett R. Purves, Allison N. McCoy, and Dale
Purves, ‘The distribution of oriented contours in the real world’,Pro-
ceedings of the National Academy of Sciences USA, 95(7), 4002–4006,
(1998).

[4] Arthur P. Dempster, ‘Upper and lower probablities induced by a multi-
valued mapping’,Annals of Mathematical Statistics AMS, 38, 325–339,
(1967).

[5] Arthur P. Dempster, ‘A generalization of bayesian inference’,Journal
of the Royal Statistical Society, B(30), 205–247, (1968).

[6] Rebecca Fay, Ulrich Kaufmann, Andreas Knoblauch, Heiner MArkert,
and Gnther Palm, ‘Combining Visual Attention, Object Recognition
and Associative Information Processing in a NeuroBotic System.’, in
Biomimetic Neural Learning for Intelligent Robots. Intelligent Systems,
Cognitive Robotics, and Neuroscience., eds., Stefan Wermter, G̈unther
Palm, and Mark Elshaw, volume 3575 ofLecture Notes in Computer
Science LNAI, 118–143, Springer, Berlin, Heidelberg, (2005).

[7] Wiliam T. Freeman and Michael Roth, ‘Orientation histograms for
hand gesture recognition’, inIEEE International Workshop on Auto-
matic Face- and Gesture-Recognition, pp. 296–301, Z̈urich, Switzer-
land, (1995).

[8] Peter W. Frey and David J. Slate, ‘Letter recognition using holland-style
adaptive classifiers’,Machine Learning, 6(2), 161–182, (1991).

[9] Ulrich H.-G. Kressel, ‘The impact of the learning-set size in
handwritten-digit recognition.’, inProceedings of the International
Confernece on Artificial Neural Networks, ICANN 1991, Helsinki, Fin-
land, eds., T. Kohonen, K. M̈akisara, O. Simula, and J. Kangas, pp.
1685–1689, Amsterdam, North-Holland, (1991). Elsevier Science Pub-
lishers B.V.

[10] Ludmila I. Kuncheva, James C. Bezdek, and Robert P. W. Duin, ‘Deci-
sion templates for multiple classifier fusion: An experimental compari-
son.’,Pattern Recognition, 34(2), 299–314, (2001).

[11] Eberhard Mandler and Jürgen Scḧurmann, ‘Combining the classifica-
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