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Kurzfassung

In vielen Anwendungsbereichen müssen zuverlässige Entscheidungen getroffen wer-
den, um die Sicherheit zu erhöhen, die Funktionalität zu gewährleisten oder Kosten
zu senken. Insbesondere im Bereich der Zustandsüberwachung ist die Bewertung von
Situationen, Bedingungen oder Zuständen die Hauptaufgabe des Überwachungs-
systems. Zahlreiche Klassifikationsalgorithmen wurden entwickelt, um die Klassi-
fikation von Situationen, Bedingungen oder Zuständen zu unterstützen. Die Leis-
tung einzelner Klassifikationsalgorithmen variiert unter anderem mit den verwende-
ten Datensätzen, den verfügbaren Trainingsdaten für überwachte Klassifikatoren
und der Hyperparameterabstimmung. Das Problem, nur einen Klassifikator zu
verwenden, der speziell für bestimmte Situationen trainiert wurde, aber für nicht
trainierte, unbekannte Situationen nicht geeignet ist, wird durch die Verwendung
von Fusionsmethoden überwunden. Die Zuordnungen einzelner Basisklassifikatoren
werden kombiniert, um die Gesamtzuverlässigkeit zu verbessern. Ähnlich wie bei
den Klassifikationsalgorithmen führt Fusion nicht für jeden Datensatz, jede Klassi-
fikatorauswahl oder jede Fusionsmethode zu zufriedenstellenden Ergebnissen.

Die Analyse von Eigenschaften, die das Fusionsergebnis beeinflussen, ist das Haupt-
thema dieser Arbeit. Dies umfasst zum einen die Analyse mit unterschiedlichen
Datensätzen, die verschiedene Eigenschaften aufweisen (wie z. B. Anzahl der Klassen,
etc.) und aus verschiedenen Anwendungsbereichen stammen, unter anderem aus
der Zustandsüberwachung. Diese Daten werden unter Verwendung verschiedener
Standardklassifikatoren mit Standardparametern klassifiziert, um die Analyse der
Klassifikatoren an sich von den Untersuchungen auszuschließen. Verschiedene En-
sembleauswahlstrategien werden betrachtet, um den Einfluss der Klassifikatoreigen-
schaften der Ensemblemitglieder auf die Gesamtfusionsperformanz zu untersuchen.
Die Leistung der einzelnen Basisklassifikatoren sowie das für die Fusion verwendete
Leistungsmaß werden variiert, um den Einfluss auf das Gesamtergebnis zu zeigen.
Die Eigenschaften der Fusionsmethoden sowie die Datenmerkmale werden in Bezug
auf ihren Einfluss auf die Genauigkeit der Ergebnisse untersucht.

Die Ergebnisse zeigen, dass Fusion die Gesamtperformanz verbessern kann, jedoch
nur unter bestimmten Umständen. In dieser Arbeit wird der Zusammenhang zwis-
chen verschiedenen Ensembleauswahlstrategien, der optimalen Anzahl und Eigen-
schaften der augewählten Klassifikatoren, der Dateneigenschaften sowie den Eigen-
schaften der Fusionmethoden und der Gesamtzuverlässigkeit untersucht. Ziel ist, die
Bedingungen unter denen die Fusionsmethoden zu einer Verbesserung der Gesamtzu-
verlässigkeit führen bzw. unter denen es keinen Sinn ergibt, Fusion anzuwenden, zu
bestimmen.
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Abstract

Reliable decisions have to be made in several application fields to enhance safety,
ensure functionality, or save costs. Especially in the field of condition monitoring,
the evaluation of situations, conditions, or states is the main task of the monitoring
system. Several classification approaches were developed to assist classifying situa-
tions, conditions, or states. The performance of individual classification approaches
vary among others with the applied data sets, available training data for supervised
classification approaches, and hyperparameter tuning. To overcome the problem of
using only one classifier especially trained for specific situations, but performing not
well for not trained unknown situations, fusion methods combine the assignments
of individual base classifiers to improve the overall reliability. Similar to the classifi-
cation approaches, fusion is not working well for every data set, classifier ensemble,
or fusion method.

The analysis of characteristics influencing the fusion performance is the main topic
of this thesis. This includes the analysis using different data with several char-
acteristics (e.g number of classes, etc.) and originated from different application
fields, also from condition monitoring approaches. These data are classified using
different standard classification approaches with default parameters to exclude the
analysis of classification approaches from the considerations. Several ensemble se-
lection strategies are considered to examine the impact of the classifier properties
of the ensemble members on the overall fusion performance. The performance of
the individual base classifiers as well as the performance measure used for fusion are
altered to show the influence on the overall result. Fusion method characteristics
as well as data characteristics are examined related to their amount of influence on
the performance.

The results show, that fusion can improve the overall performance, but only for
specific circumstances. In this thesis the relationship between different ensemble
selection strategies, the optimal number and properties of the selected classifiers,
the data characteristics as well as the properties of the fusion methods and the
overall reliability is investigated. The aim is to determine the conditions under
which the fusion methods lead to an improvement in the overall reliability or under
which it makes no sense to apply fusion.
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1 Introduction

1.1 Motivation and problem statement

The overall system reliability of complex or safety critical systems is of increasing im-
portance. For evaluating situations, conditions, or states, classification approaches
are widely used in a lot of application fields, such as condition monitoring, image
recognition, or object detection. The field of Structural Health Monitoring (SHM),
i.e. the process of implementing a damage detection and characterization strategy
for monitoring engineering structures [KN05, FW07], increasingly has become an
essential aspect of industrial practice to ensure the quality of products, safe oper-
ations, improved maintenance, and to save costs. Many engineering structures are
approaching or exceeding their initial design life, making SHM relevant [FDN01].
In SHM, monitoring is mainly applied online for large structures [FW07]. Non-
destructive testing in contrast is usually applied offline after damage localization
though it is used for in situ monitoring of structures like pressure vessels, rails, air-
craft components among others. The implementation of decision support systems
within complex and safety critical applications strongly relies on the dependable
accuracy of decisions. In the last decades several condition monitoring techniques
are implemented to detect changes, faults, and local defects. These methods can
be grouped into four categories: signal-based [ASS14], model-based [Soe+16, IB97],
data driven [IB97], and hybrid approaches [Poo+17]. Considering the application of
methods for data classification, the assessment of situations or conditions should be
improved.

Modern monitoring systems aim to process raw sensor data automatically using
statistical learning theory (i.e. pattern recognition techniques) to obtain diagnostic
statements. For further use of the information to automate the decision process
regarding management, monitoring, or maintenance tasks, high detection rates and
low false alarm rates are required. In the field of Non-destructive Testing (NDT),
well-founded theory has been developed to assess the reliability of testing proce-
dures. The Probability of Detection (POD), which is a probabilistic approach to
assess the reliability of an NDT method [Kur+13], is frequently used. The POD
curve of an NDT inspection technique is computed with respect to a fixed de-
cision threshold using model (calibration) specimens under controlled laboratory
conditions [Man+11]. Online diagnosis of machinery requires in service application.
Here, damages evolve over time and disturbances are generally possible [CFM09].
Consequently, the sensor output is compared to a baseline signal for damage de-
tection, where deviations cannot be readily attributed to damage due to in-situ
effects [Man+11]. Influencing factors of NDT systems are reported as testing equip-
ment and procedures, material and geometry of test specimens, and properties of
the particular defect to be detected [Kur+13]. In contrast to this, SHM systems are
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affected by loading conditions [CFM09], temperature [Man+11], and sensor degra-
dation [Man+11]. In [Sch+15] it is mentioned, that the assumption of independent
observations is not feasible in case of continuously sampled data, because measure-
ments performed at high acquisition rates lead to several dependent observations.
Regarding the performance evaluation of a classifier, POD is understood as the
true positive rate [Cai+10], which is also denoted as sensitivity, recall or detection
rate (regarding object detection). In this case the probability of false alarms (false
positive rate) remains unquantified. Therefore, the performance assessment of a
classifier is usually based on a set of testing data with known class labels. In gen-
eral, improved detection rates can only be achieved at the cost of increasing false
alarm rates.

According to [RG00], only two principal ways to achieve an increase in classification
performance exist. At a first sight, it seems to be possible to further increase the ca-
pabilities of an already given classification algorithm, e.g by tuning hyperparameter
for specific applications. This is usually not feasible due to the individual limitations
of each classification method. Therefore, a second way to improve the performance
is the method of information fusion. Instead of developing individual decision sys-
tems based on one source to perform with a high reliability, the results of more
than one source can be combined using information fusion methods to combine the
individual advantages of different decision systems to improve the overall reliability.
According to [RG00] three abstraction levels of information fusion can be divided
(Figure 1.1): data fusion, feature fusion, and classifier fusion (decision fusion). By
using different classifier outputs, methods on classifier level can be applied. Fusion
solely relies on the subsequent combination of decisions derived by different so called
base classifiers. Once the features are selected and the classifiers are tuned, classifier
fusion methods only use the classifier outputs. The main advantage of this method
is the exploitation of different classifier specific strengths in terms of their specific
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Figure 1.1: Abstraction levels of information fusion [RWS16].
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Generation of
classifier pool

Selection of
classifier ensemble

Fusion of
classification results

Multiple classifier system

Measurement of
data and extraction

of features

Figure 1.2: Scheme of a multiple classifier system.

suitability for different forms of classification problems [HHS94]. The advantage of
combining different classifier outputs is the independency from changes in the sys-
tem behavior, so that using one individual classifier not trained with data related
to the new situation can lead to a wrong decision whereas another classifier possi-
bly not well trained, but performing better in new situations. A major drawback
of decision fusion is the possibility of impeding the overall system performance by
combination of several single classifiers.

Considering classifier fusion as part of a multiple classifier system, the data mea-
surement and feature extraction, the generation of classifier pool, and the ensemble
selection are done prior to the fusion itself (see Figure 1.2). The choice of suit-
able classifiers for combination is one of the major problems within the field of
classifier fusion. To avoid the combination of classifiers with same properties and
also same errors, ensemble selection strategies are used. Regardless whether suit-
able ensembles of classifiers have been chosen by application of static or dynamic
selection methods, the parallel implementation of individual ensemble members re-
quires further processing of results [BSO14]. For this purpose, various methods
fusing individually obtained decisions have been proposed in numerous works, e.g.
the Dempster-Shafer Combination [SL87], the Behavior Knowledge Space [HS93],
or the Highest Rank [HHS94], which tend to improve classification performance
while forming a conclusive classification result. Considering fusion methods, dif-
ferent characteristics can be identified. First the type of outputs generated by the
individual classifiers forming an ensemble is an important property to be consid-
ered [SL00]. A further attribute distinguishing the fusion algorithms is the use of
classifier outputs class-conscious or class-inherent [KBD01]. The necessity of prior
training of fusion parameters divides the fusion methods into trainable and not
trainable methods [Kun04].

Despite the strong researches and works in the area of improving individual clas-
sifiers, no best classifier for all data sets and applications can be identified [AS06].
This can be transferred to the application of ensemble selection [CSC18]. Consider-
ing fusion methods, the overall analysis of factors influencing the fusion performance
is still an open research question. Therefore this leads to the following main research
questions discussed in this thesis:

• Which selection strategy leads to the best fusion performance?
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• How does the classifier performance influence the fusion performance?

• Which fusion method is suitable for which kind of data?

1.2 Thesis organization

In this thesis, the influencing factors leading to improvement of fusion performance
are discussed. The thesis consists of seven chapters. Some parts of this thesis are
prepared for journal papers [RS19], [RKS19], and [ARS19] or have been published
in proceedings of conferences [RWS16], [RS16], [Rot+17], [ARS18c], [ARS18a], and
[ARS18b].

Accordingly, in the current chapter an introduction to the challenges in condition
monitoring and the common solutions like classification, ensemble selection, and
fusion methods are stated. Open questions are given.

The second chapter introduces the main influencing factors analyzed in this the-
sis. The main data characteristics, like simple measures and information theoretic
measures are introduced. The performance measures used for evaluating the per-
formance of a classifier or fusion method respectively are explained. The literature
and basic ideas of static and dynamic classifier ensembles are given. Fusion method
characteristics (type of classifier output level, use of classifier outputs, and the ne-
cessity of training prior to the fusion process) as well as the commonly used and
in this thesis applied fusion methods are briefly introduced. The end of chapter
two provides the actual developments in the field of information fusion, selection of
classifiers, as well as optimizing the fusion performance.

Chapter three focuses on the analysis of the influence of ensemble selection to fusion
performance. Using seven benchmark data sets and two experimental examples
regarding fault diagnosis of hot rolling mills and damage detection in composites,
different static and one dynamic selection strategies are applied. The selection
strategies are compared and for static selection, the best classifier combination based
on the performance of the individual classifiers and the optimal number of classifiers
in an ensemble are identified for each data set.

In the fourth chapter the performance measure precision of one classifier (denoted as
fictional classifier) in an ensemble is varied to evaluate the influence of this parameter
on the overall fusion performance. The optimal precision value is determined using a
non-dominated sorting algorithm. Two considerations are made: firstly the classifier
is included in a specific ensemble and set as fictional classifier and secondly the
addition of the fictional classifier to one other base classifier is considered. The
concept of the fictional classifier is applied to four benchmark data sets with two
classes, where only two parameters (precision for the two classes) are optimized.
The application to fault diagnosis of hot rolling mills shows the adaptability to a
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four class problem, where the number of optimized values is 12. The improvement
potentials as well as the properties the additional classifier should have regarding the
precision value can be evaluated. Using a supervised strategy, the precision values
from training are used for test to show the generalizability of the precision values
from training.

The fifth chapter provides a concept using POD values or probability estimations
instead of precision values as performance measure considered in the fusion process.
The application to fault diagnosis of an elastic beam and to damage detection in
composites show that the introduced concept provides reasonable belief values for
different flaw sizes or loading conditions combining the individual performance of
the detection systems.

The influence of different data and fusion method characteristics is analyzed in chap-
ter six. The overall performance of the considered fusion methods, the performance
related to the data as well as the fusion method characteristics are evaluated. In
this chapter, eight different classifiers are classifying fifteen data sets from differ-
ent origins. The assignments of the classifiers are fused using seven different fusion
methods. Therefore the influence of the individual characteristics as well as the
relation between the data characteristic and the fusion method can be emphasized.

Finally, the summary of this thesis, conclusions, and future work are outlined in
chapter seven.



6

2 Theoretical background and literature review

In order to analyze the influences on the fusion performance, the theoretical back-
ground as well as the actual developments have to be stated.

In Chapter 2.1, all important background information is given regarding the con-
sidered data characteristics, performance measures, ensemble selection strategies,
fusion method characteristics and a short explanation of the applied fusion meth-
ods. The actual developments in the field of information fusion and possibilities to
optimize the performance are stated in Chapter 2.2.

The content, figures, and tables in this chapter are based on publication of [RWS16],
[ARS18c], [ARS18a], and [ARS18b] and prepared for publication of [RKS19] and
[ARS19].

2.1 Fundamentals of information fusion

The following chapter, contains a brief overview of data characteristics, performance
measures to evaluate the reliability, different fusion method characteristics as well
as common fusion methods. The chapter concludes with a detailed literature review
of actual developments in the field of improving information fusion and the resulting
research questions are given.

2.1.1 Data characteristics

Given the fact, that the achievable performance of the different base classifiers
[MST94,WB06], and consequently also the performance of the applied fusion meth-
ods, strongly depends on the characteristics inherent to the employed sets of data,
the relevant characteristics of data sets should be discussed [MST94]. In accordance
to [MST94], two of the defined different main categories of data inherent charac-
teristics, referred to as simple and information theoretic measures, are described
below.

Simple measures

The group of simple measures describes the basic characteristics of a single set of
data. Simple measures can be combined in terms of proportions or products etc.
to generate additional information required for specific investigations [MST94]. As
one of the simple measures describing the dimension of the underlying classification
problem, the number of classes nC defines the number of different groups of instances
within the considered set of data. A higher number of classes results in increasing
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complexity of knowledge representation. The number of samples or instances nS

comprised by a single set of data increases on the one hand the computational time
during training of base classifiers for a high number of samples, but also enables
a more detailed generation of knowledge. Thus larger data sets should theoreti-
cally tend to improve the overall performance of classification and fusion algorithms
compared to the application of smaller sets of data.

Information theoretic measures

The information theoretic measures are commonly related to the calculation of en-
tropy denoting the mean information content. The entropy of two different relevant
properties, the entropy of classes and entropy of attributes, are considered. The en-
tropy of classes indicates the grade of evenness of the underlying class distribution.
According to [MST94], the entropy is calculated using

H(C) = −
∑

i

pmi log2 pmi, (2.1)

where log2 defines the logarithm to basis two, and pmi represents the probability
mass function for the class i (number of samples according to class i over total
number of samples). For a random variable with equal probability for each of the
possible values, the entropy reaches a maximum. A higher entropy of classes denotes
that the number of samples according to each class is more even distributed. As
the entropy represents the amount of attribute inherent information, for the entropy
based on log2 the assigned unit is Bit. Considering the entropy of attributes, the
formula is the same as for entropy of classes, only considering the class distribution
according to one attribute. For every attribute the entropy can be calculated. If one
attribute only contains samples with the same class, the entropy is 0. The more even
the classes are distributed within one attribute, the entropy increases. An attribute
with zero entropy however, contains no information for class discrimination, due to
the non existing variation between different instances of data [MST94]. To obtain
one value for the data set, the mean value of the entropies calculated for each
attribute is used.

2.1.2 Performance measures

In the field of Non-destructive Testing (NDT), well-founded theory has been de-
veloped to assess the reliability of testing procedures. The Probability of Detec-
tion (POD), which is a probabilistic approach to assess the reliability of an NDT
method [Kur+13], is frequently used. POD curves, which describe the likelihood
that a certain flaw is detected as a function of flaw characteristic a (i.e. size or
depth of a crack to be detected by an NDT-approach), can be computed directly
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from experimental data. In the general case, a suitable decision threshold of the
sensor response â is determined. A natural lower bound of the decision threshold is
given by the noise level of the measurements. As the choice of the decision threshold
greatly affects the resulting POD calculations, a suitable criterion for choosing the
decision threshold must be defined to account for the trade-off between minimum
detectable damage size and probability of false positive detections [Kur+13]. The
POD gives a general assessment of the reliability of NDT methods. The principal
aim of the a90/95 criteria is to specify a damage size, which can be detected/missed
applying a specific NDT method to be evaluated, taking into account statistical
variability of the sensor and measurement properties. Data used in producing POD
curves are categorized by the main variables to be combined in the POD approach.
These data are:

1. Hit/miss: produce binary statement or qualitative information about the ex-
istence of a flaw.

2. Flaw size vs response (a vs â): systems which also provide some quantitative
measure of size of target.

A typical and useful criterion for detection at a 90 % probability of detection level
with 95 % confidence level is the so-called flaw size detectability. In the derivation of
the POD curve first a regression analysis of the data gathered has to be realized. The
following analysis is based on the calculations given in [Dep09], [Ann17], and [GA10].
The regression equation for a line of best fit to a given data set is given by

y = b+mx, (2.2)

where m is the slope and b the intercept. Here the 95 % Wald confidence bound on
y is constructed by

ya=0.95 = y + 1.645τy, (2.3)

where 1.645 is z-score of 0.95 for a one-tailed standard normal distribution and τy the
standard deviation of the regression line. The Delta method is a statistical technique
used to transition from regression line to POD curve [Dep09]. The confidence bounds
are computed using the covariance matrix for the mean and standard deviation POD
parameters µ and σ respectively. To estimate the entries, the covariance matrix for
parameters and distribution around the regression line needs to be determined. This
is done using the Fisher’s information matrix I. The information matrix is derived
by computing the maximum likelihood function f of the standardized deviation z
of the regression line values. The entries of the information matrix are calculated
by the partial differential of the logarithm of the function f using the parameters of
Θ(m, b, τ) of the regression line. From

zi =
(yi − (b+mxi))

τ
(2.4)
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and

f =

n
∏

i=1

1

2π
e−

1

2
(zi)

2

(2.5)

the information matrix I can be computed as

Iij = −E

(

∂2

∂Θi∂Θj
log(f)

)

. (2.6)

The inverse of the information matrix yields φ as

φ = I−1 =





σ2
b σbσm σbστ

σmσb σ2
m σmστ

στσb στσm σ2
τ



 . (2.7)

The mean µ and standard deviation σ of the POD curve are calculated by µ = c−b
m
,

where c is the decision threshold and σ = τ
m
. The cumulative distribution Φ is

calculated as

Φ(µ, σ) =
1

2

[

1 + erf(x−µ√
2σ
)
]

. (2.8)

The POD function is derived as

POD(a) = Φ
[

a−µ
σ

]

. (2.9)

Using this formula, the POD curve can be set up for varying flaw sizes (an example
is given in Figure 2.1). The a90/95 value denotes the maximum flaw size that can
not be missed with 90 % POD at 95 % confidence level and can be taken as a
performance measure.

In the past, several ideas have been reported which address different aspects to
adopt POD philosophy to SHM applications. For instance, in contrast to conven-
tional NDT the results of SHM systems are statistically not independent due to high
acquisition rates [Sch+15]. In this context, Schubert Kabban et al. proposed a new
methodology to adopt POD procedures to provide compatibility with dependent
measurement data, which is obtained from SHM systems [Sch+15]. Furthermore,
multiple approaches developed to assess the reliability of SHM systems are sum-
marized by Mandache et al. [Man+11]. In particular, time-based POD is proposed
to address the effect of damage evolution [Man+11]. It is suggested to find a for-
mulation of POD which enables stating the probability of detecting specific defect
growth within a given time interval. Multi-dimensional POD is proposed to take
the effect of several in-situ effects, i.e. loading conditions, on SHM reliability into
account [Man+11]. This includes the computation of POD with respect to each
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Figure 2.1: POD curve [RWS16].

influencing factor to determine the actual reliability of the SHM system in partic-
ular situations. However, the approach requires availability of quantitative infor-
mation on each influencing factor. Furthermore, quantitative knowledge regarding
the impact of in-situ effects on the reliability is necessary. In order to minimize the
experimental effort required to determine POD, model-assisted approaches can be
used [Kur+13]. Cobb et al. proposed a model-assisted approach for determining
POD of crack detection in aluminum specimens using in-situ ultrasonic inspection
technique [CFM09]. Moreover, Eckstein et al. proposed a methodology to quantify
SHM performance by using cumulative distribution functions to establish a prob-
abilistic relationship between the detected and real damage size [EFB12]. From
this method, multiple metrics of SHM performance, such as minimum detectable
damage size to define a lower bound of POD as accuracy of the inspection method,
and probability of false alarm are derived. However, identification of the underlying
distribution functions is - particularly in context of in-situ inspection techniques,
where a posteriori verification of real damage size is usually not possible - still an
open issue. From the aforementioned approaches to SHM reliability assessment it is
noticeable, that the common weak point is characterized by missing detailed knowl-
edge about the impact of different factors on SHM related reliability properties.

Regarding the performance evaluation of a classifier, POD is understood as the true
positive rate [Cai+10], which is also denoted as sensitivity, recall or detection rate
(regarding object detection). However, in this case the probability of false alarms
(false positive rate) remains unquantified. Therefore, the performance assessment of
a classifier is usually based on a set of testing data with known class labels. Here, the
classifier output and true class labels are compared by means of a confusion matrix
shown in Figure 2.2. From the confusion matrix, different scores, such as accuracy,
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Figure 2.2: Confusion matrix and related performance measures [RWS16].

precision, specificity, recall, and false positive rate are extracted. The difference
between accuracy and recall is that accuracy considers all correct classifications in
relation to all classification assignments, recall just takes the positive classifications
(e.g. object is present) into account. Calculating the correct positive classifications
over all positive assignments, the precision value is a measure of the reliability of
the assignments of one classifier. In general, improved detection rates can only
be achieved at the cost of increasing false alarm rates. The principle relationship
between detection and false alarm rate is described using the ROC curve [MB13],
which compares the detection and false alarm rate of a classifier. In contrast to
POD the ROC curve provides a suitable method to assess the overall performance
of a classifier [Cai+10,WY07].

To compute a measure for improvement obtained by fusion of all classifiers, for each
set of data as well as fusion method, the accuracy of the best individual classifier
Accuracybest is compared to the accuracy of the fused ensemble itself Accuracyfused.
The partitioning of every data set is exactly the same for all of the considered classi-
fiers and fusion methods, the comparison of accuracy is conducted in accordance to
the matched sample approach suggested by [Won15]. Therefore, the gain of accuracy
∆Acc can be computed by

∆Acc = Accuracyfused −Accuracybest. (2.10)

2.1.3 Ensemble selection strategies

To avoid the combination of classifiers with low accuracy and high dependency in
comparison to other classifiers, ensemble selection methods are used. The ensemble
selection methods are divided into two strategies, the Static Classifier Ensemble
(SCE) and the Dynamic Classifier Ensemble (DCE) strategy.
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Static Classifier Ensemble (SCE)

The SCE method obtains selection regarding all unseen patterns based on validation
errors during training phase. This approach selects an ensemble of suitable classifiers
for combination [ME15,BSO14]. A representative example of such an SCE method
is the so called test and select approach as proposed in [Sha+00]. Basically this
method is comparing different subsets of available classifiers regarding accuracy on
a validation set, accordingly selecting the best performing subset i.e. ensemble and
further testing the performance on held aside test data. Ensemble selection methods
resort to the usage of fusion methods [Yan11,Sha+00].

Dynamic Classifier Ensemble (DCE)

Based on the concept of selecting classifiers taking into account their performance
on validation data during training phase and considering different parameters of
the current sample during classification, DCE methods aim to select groups of ap-
propriate classifiers instead of selecting only a single best entity. Thus for exam-
ple avoiding potential deficiencies of single classifiers regarding individual feature
spaces is accomplished [ME15], hence raising classification performance while facing
the varying requirements of individual samples. As pointed out by [KSB08] specific
DCE approaches are in certain cases superior to SCE approaches. Due to the selec-
tion of multiple classifiers, DCE methods resort to the subsequent usage of fusion
methods [BSO14,KSB08].

An exemplary implementation representing DCE methods is the so called DCE-
clustering method proposed by [Soa+06]. The reasoning behind this method is to
primarily cluster the validation data by application of k-means algorithm [Kun04]
and subsequently assigning proper ensembles for each group of instances. Assign-
ment is performed based on ranking the base classifiers according their accuracy
and diversity by evaluating pairwise diversity measures such as the double fault
measure [GR01]. During implementation each current sample is assigned to its
nearest centered cluster (euclidean distance), where a predefined number of the
most accurate and diverse classifiers is chosen [Soa+06].

A modification of the former procedure is the so called DCE-k-Nearest-Neighbor
method. Instead of clustering validation data, this approach pursues calculation of
sample similarity based on configuration of a k-Nearest-Neighbor classifier obtained
from validation data. During application, each current sample is assigned to its k
nearest neighbors, according to which the most accurate and diverse classifiers are
chosen similar to the prior mentioned strategy [Soa+06]. A more elaborated discus-
sion of these and several other dynamic selection approaches such as k-nearest oracle
or randomized reference classifier is e.g. given in [CSC18], [ME15] and [KSB08].
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2.1.4 Fusion method characteristics

Prior to elaborating different algorithms for decision combination, the attributes
and requirements with respect to different methods of classifier fusion should be dis-
cussed. This chapter therefore is further subdivided into the description of different
output levels, the different use of these outputs, and the necessity of training of the
inherent parameters of fusion methods [Kun04].

Type of classifier output levels

Considering the utilized type of classifier output levels as an attribute of the con-
sidered fusion method, different definitions exist. According to [Bez+06] the output
levels can be divided into possibilistic, probabilistic, and crisp labels. Using this
notation, the possibilistic labels can be interpreted as possibility of class member-
ship [And+10], the probabilistic labels as posterior probabilities [DT98], and the
crisp labels denote an assignment of classifier for a single class. However, as the fi-
nal output obtained by a specific classifier is not limited to a single class label a more
practical categorization is proposed in [XKS92], which divides the different levels of
classifier outputs into abstract, rank, and measurement level. The abstract level is
equivalent to the crisp labels, but both possibilistic and probabilistic labels belong
to measurement level. The rank level represents an ordered subset including the
most plausible classes. Considering the amount of information inherent to each of
the depicted categories, the least amount of information is provided on the abstract
level, given the fact that only a single class label is generated without declaration of
certainty or the information of alternative class labels [Kun04]. In contrast, infor-
mation based on the measurement level provide the highest amount of useful data,
due to direct propagation of possibilistic or probabilistic labels as final classifier out-
put [RG00]. However, caused by different mathematical backgrounds of classifiers,
the application of information on measurement level often requires further normal-
ization of results to ensure reasonable combination [HHS94]. Transformation of an
output with high level information, such as the measurement level, into an output
of lower information density is always possible [RG00]. This can be justified by the
fact, that for the generation of an ordered set of possible class labels (i.e rank level)
as well as for the assignment of a single class label (i.e. abstract level) the amount
of higher level information is merely reduced [XKS92]. The transformation of out-
put levels in direction of a higher information density is only possible, if additional
data resulting from training of the individual classifier are available [RG00]. The
similarity of all definitions for output labels is the clear distinction between abstract
level (related to crisp labels) and soft level (related to rank and measurement level
as well as possibilistic and probabilistic labels).
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Use of classifier outputs

The base classifiers assign either a support value for each class (rank, possibilistic,
or probabilistic) or a single class (support value equal to 1 for the supported class,
all other values are zero) as output. Depending on how the fusion method is using
the information of classifier outputs for final decision, the fusion methods are either
denoted as class-conscious or class-indifferent [KBD01]. The class-conscious fusion
methods only use the support values of the considered class, neglecting the support
values of the other classes. The class-indifferent methods include all support values
into the decision process. According to [KBD01] class-conscious methods consider
the class context, but neglect some information given by the classifiers, whereas the
class-indifferent methods use all information, but ignore the context.

Training of fusion method parameters

According to [Dui02] fusion methods can be divided into trainable and fixed meth-
ods. The difference is the necessity of an additional training prior to the fusion pro-
cess to set method-specific parameters. These different parameters could be weights
associated with specific base classifiers, as done during application of Logistic Re-
gression [HHS94]. Another example is the training of conditional class probabilities
computed in case of applying Bayes Belief Integration [XKS92]. Approaches without
any training of parameters are for example the Majority Voting or the Borda Count
method to be used directly after classification. Considering fusion methods using
training of parameters, an additional amount of data samples is required. As stated
in [Sue90] and [Dui02], the number of training data samples as well as the use of
the same data for the training of base classifiers and fusion methods is significant in
relation to the fusion results.

2.1.5 Common information fusion methods

To explain the different fusion methods, the fundamental problem and the related
variables have to be defined.

Each sample x of a data set Z with the total number of samples nS is related
to one class ci, where i = 1, . . . , nC with nC as the total number of classes of
Z. The classification is done by nK classifiers, where each classifier ek assigns an
output for each sample x. Whether the output of the classifier is on abstract level,
a ranking or a measurement output, the generated classifier output is denoted as
qk(x), rk(x) or sk(x) respectively. While qk is a scalar, the ranking output contains
nC elements with rk(x) = [rk,1(x) . . . rk,nC

(x)]T, where rk,i(x) is the assigned rank
for class ci. The measurement outputs also consists of nC elements with sk(x) =
[sk,1(x) . . . sk,nC

(x)]T, where sk,i(x) is a support value for specific class ci. Using
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fusion, a new output q̂(x) for abstract level, r̂(x) = [r̂1(x) . . . r̂nC
(x)]T for ranking

labels, and ŝ(x) = [ŝ1(x) . . . ŝnC
(x)]T for measurements labels is produced.

In the following, nine commonly used fusion methods are shortly explained.

Majority Voting

The Majority Voting (MV) is based on the simple majority rule, where a selection or
decision is made based on the number of votes for each alternative solution. Similar
to this idea, during fusion using MV, the final decision is based on the number of
classifiers assigning a specific class to a sample. The assignment of the classifier has
to be on abstract level. Therefore to provide for whether classifier ek assigns a class
qk(x) to a given sample x, the binary characteristic function for considered class ci
is introduced, where

bk(x ∈ ci) =

{

1, if qk(x) = ci

0, otherwise.
(2.11)

For each class, the binary characteristic functions for all nK classifiers are added to
the number of votes for each class ci using

b(x ∈ ci) =

nK
∑

k=1

bk(x ∈ ci). (2.12)

Consequently, with respect to the current pattern x, the number of votes for each
class determines the choice of a final class label by application of

q̂(x) =

{

ci, if b(x ∈ ci) = max
{

b(x ∈ c1), . . . , b(x ∈ cnC
)
}

≥ α · nK + ft(x)

0, otherwise,

(2.13)

where α ∈ (0, 1] represents a parameter that affects the required number of votes for
a specific class label to be considered as the final result q̂(x). Moreover the additive
function ft(x) usually considers the exception of receiving the same number of votes
for the top classes or the frequent case of a slight difference of voting [XKS92].
Equation 2.13 describes a broad variety of voting methods, each defined by its
distinct implementations of parameters [RG00,XKS92], the specific version termed
as MV is obtained by defining α = 0.5 and ft(x) = 0 [Sue90,RG00].
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Weighted Voting

The fusion method Weighted Voting (WV) is similar to MV, except of the weighting,
which is considered during the fusion process. Each vote is weighted with a given
value (previously set or trained). If the classifier’s output is a confidence value, this
can be used as weighting value for each assignment. Else the output is a crisp value
on abstract level, the weights can be defined as precision value pki for each class ci
and each classifier ek using a training data set. The weighted characteristic function
for each classifier and class can be calculated using

wk(x ∈ ci) =

{

pki , if qk(x) = ci

0, otherwise.
(2.14)

Similar to MV, the weighting characteristic functions are added for each class by

w(x ∈ ci) =

nK
∑

k=1

wk(x ∈ ci). (2.15)

By comparing the added precisions for each class, the class with the maximum value
is set as final decision

q̂(x) = {ci | w(x ∈ ci) = max
{

w(x ∈ c1), . . . , w(x ∈ cnC
)
}

} (2.16)

Different to MV, the maximum number of added votes do not have to reach a specific
parameter α, only the class with the maximum sum w is denoted as q̂(x). Ties are
solved randomly.

This fusion method contains the advantage of MV regarding the simple implemen-
tation, but combining this with the knowledge about performance of individual
classifiers from training [KR14].

Bayesian Combination Rule (BCR)

The Bayesian Combination Rule (BCR) also known as Bayes Belief Integration or
Bayesian Belief Method is a well known and commonly used fusion technique based
on conditional probability.

To set up the conditional probabilities of each classifier for each class, first the
confusion matrix has to be calculated. The confusion matrix Ck for each classifier
ek is defined as

Ck =











Ck
11 Ck

12 . . . Ck
1nC

Ck
21 Ck

22 . . . Ck
2nC

...
...

. . .
...

Ck
nC1 Ck

nC2 . . . Ck
nCnC

,











, (2.17)
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where i, j = 1, ..., nC with nC as the number of classes. The element Ck
ij is the

number of samples, where the classifier ek has assigned class cj and the actual class
of the sample is ci.

Using the elements of the confusion matrix the probability, that sample x belongs
to class ci, if the classifier ek assigns x to class cj can be calculated using

P k
ij = P (x ∈ ci | qk(x) = cj) =

Ck
ij

∑nC

i=1C
k
ij

. (2.18)

For each classifier ek the probability matrix P k is set with

P k =











P k
11 P k

12 . . . P k
1nC

P k
21 P k

22 . . . P k
2nC

...
...

. . .
...

P k
nC1 P k

nC2 . . . P k
nCnC











. (2.19)

The diagonal values (i = j) are the same as the precision value pi for this class.
Based on the probability matrix of each classifier, a combined belief value bel(i) for
each class i is determined for each sample with the formula

bel(x ∈ ci) =

∏nK

k=1 P
nK

iqk
∑nC

i=1

∏nK

k=1 P
nK

iqk

, (2.20)

where qk is the assigned class of classifier ek for the considered sample x. The
maximum of the belief values is used to make a decision q̂(x) for one of the classes.

Behavior Knowledge Space

The Behavior Knowledge Space (BKS) method [HS93], uses the specific combina-
tion of classifier labels from a training data set to denote a most probable class for
an unknown sample generating a new combination of classifier labels. While con-
sidering the individual assignments qk(x) of the nK different classifiers and the nC

possible class assignments, the nnK

C possible combinations describes the Behavior
Knowledge Space. Every specific combination of labels is called a unit of the BKS,
and further denoted as BKS(q1(x), . . . , qnK

(x)) = BKSl, where l = 1, . . . , nnK

C .
During training, for each unit BKSl the total number of samples nl as well as the
number of samples belonging to one class nl(ci) is counted. The best representative
class for each unit BKSl is denoted by

cl = {ci | nl(ci) = max
{

nl(c1), . . . , nl(c2)
}

}. (2.21)
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Once the best representative classes are determined, the combination of assignments
for the unknown sample x is related to the unit and the final decision is made by

q̂(x) =







cl, if nl > 0 and
nl(cl)

nl
≥ λ

0, otherwise.
(2.22)

where λ ∈ [0, 1] is a parameter controlling the degree of confidence in the generated
decision [RG00], while the original chosen value (as proposed in [HS93]) is λ = 0.5.

Given the case that the number of training samples assigned to a single unit equals
zero, and therefore there exists no knowledge on possible class labels, the final
decision is reached at random from the set {c1, . . . , cnC

} [KBD01]. Furthermore
if ties between different classes exist within a unit, these ties are broken randomly
[KBD01].

Dempster-Shafer Combination

Developed by A. P. Dempster [Dem67] and extended by G. Shafer [Sha76], the
Dempster-Shafer Theory (DST) evaluates how to deal with uncertainties. The
Dempster-Shafer Combination (DSC) is used to combine different sources with spe-
cific assignments to one assignment considering also uncertainties.

The frame of discernment (here: set of all classes ci) Θ = {c1, c2, . . . , cnC
} is ex-

tended to the power set 2Θ, which contains all possible subsets of Θ including the
empty set ∅.

For each element of the power set 2Θ a basic assignment with m : 2Θ → [0, 1] is
assumed, where m(∅) = 0 and

∑

A⊆Θm(A) = 1. To combine the basic assignments
of several classifiers, the joint mass

m(A) =

∑

B∩C∩...∩X=A 6=∅m1(B)m2(C) . . .mK(X)

1−
∑

B∩C∩...∩X=∅m1(B)m2(C) . . .mK(X)
(2.23)

is calculated for each class, where A, B, C, . . . , X are the elements of the power set
2Θ. The maximum joint mass assigns the final decision q̂(x) to one of the elements
from the power set.

Highest Rank

Using the Highest Rank (HR) fusion method, the required outputs of classifiers have
to be rankings rk(x) with highest (= best) rank is equal to one. For each class ci
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with i = 1, . . . , nC , the minimum rank from all classifiers rk,i with k = 1, . . . , nK

is determined according to

r̂i(x) = min
{

r1,i(x), . . . , rnK ,i

}

(2.24)

Subsequently, the classes are ordered according to the new rank r̂i(x). The final
decision for one class can be obtained by just using the class with the highest rank.
Given the case that different class labels would receive an identical position in the
final ranking, the conflicts are broken by random.

Borda Count

The fusion method Borda Count (BC) is an extension of MV, using rankings instead
of specific class labels. Therefor, the so-called borda count bci is calculated for each
class ci using the total number of classes ranked below the considered class and add
this number for all classifiers. Thus the borda count is calculated using

bci =

nK
∑

k=1

(nC − rk,i(x)), (2.25)

where rk,i(x) is the rank assigned by the current analyzed classifier k under consider-
ation of pattern x. Using the resulting values in descending order, the final ranking
can be set up according to the rank of the border count of the individual classes.
Potential ties arising during the development of the final ranking r̂(x) are for exam-
ple arbitrarily broken [Sch+04]. As an exception the application of this method in
case of a two class problem, is equal to the application of the aforementioned MV
procedure [RG00].

Logistic Regression

Using the fusion method Logistic Regression (LR), the former notation of ranks
regarding the definition of highest rank equals one is invalid. Now the highest rank
has to be denoted with the highest possible value nC . Using this notation, a new
score vector vi(x) = [v1,i(x) . . . vnK ,i(x)]

T for each class ci is defined, with vk,i(x) as
assigned rank of class ci from classifier ek. During training, the true class is known
and denoted by the response variable Y = 1. For all samples of data sets, the score
vectors for each sample and class are determined as well as the related Y value. The
empirical probability, that a specific score vector v with a specific rank notation is
denoting the true class can be calculated by

P (Y = 1 | v) =
N(Y=1)

N
, (2.26)
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where N denotes the number of classes receiving v and N(Y=1) the number of true
classes at v. The so-called empirical logits can be calculated by

L(v) = log

(

P (Y = 1 | v)

1− P (Y = 1 | v)

)

. (2.27)

Using the logistic response function

P (Y = 1 | v) =
exp(α + β1v1 + . . . + βnK

vnk
)

1 + exp(α + β1v1 + . . . + βnK
vnk

)
, (2.28)

and the formula for logits

L(v) = log

(

P (Y = 1 | v)

1− P (Y = 1 | v)

)

= α+ β1v1 + . . . + βnK
vnk

, (2.29)

the constant model parameters α and β = [β1 . . . βnK
] can be estimated using

methods related to linear regression. According to [HHS94], methods based on
maximum likelihood or weighted least-squares can be used.

For each test sample the probability P (Y = 1 | vi(x)) can be calculated and the
class with the highest probability, that this class is the true class (Y = 1) is set as
final class label. As there is often only a finite amount of data for training, a single
Θ can be obtained for all classes, thus reducing the required amount of training
data [HHS94].

Fuzzy Integral

The application of fuzzy integrals (FI) within the field of classifier fusion, is often
interpreted as searching for the maximum agreement between the individual clas-
sifiers decisions and a specific generated fuzzy measure for each class [CK95]. To
realize the FI method, the classifier outputs have to be on measurement level sk(x).
The fuzzy measure for each class has to be a value between 0 and 1. Finding these
measures is the key problem which is solved with training data. First, the fuzzy den-
sities gi for each class are determined, e.g. by using the precision value pki [CK95] or
using pki /2 [Wan+98]. Given these different fuzzy densities, derived during training
phase, the computation of λ is obtained by solving equation

λ+ 1 =

nC
∏

i=1

(

1 + λgi
)

. (2.30)

Using the Sugeno Fuzzy Integral method (solely considered within this work), for
each class ci the support values of all classifiers s1,i(x), . . . snK ,i(x) are sorted in
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descending order with the index j. The corresponding fuzzy densities are calculated
by

gj,i =

{

gi, if j = 1

gi + gj−1,i + λgigj−1,i, if 1 < j ≤ nK .
(2.31)

For each class, the final degree of support ωi(x) for class ci is denoted as the support
value sk,i(x), for which the fuzzy density gj,i is the lowest value in this class ci. The
fuzzy integral e is calculated using

e = max
{

ω1(x), . . . , ωnC

}

. (2.32)

The final decision for one class is the corresponding class for e.

2.2 Actual developments

Using fusion methods the goal to combine the individual advantages of classifiers to
improve the overall performance can be realized [Tul+08].

From literature several contributions [Bil15, FL09,WTG09,Man+15], focusing the
improvement of the performance of the decision support system by using simple
fusion methods like voting methods (e.g. Weighted Voting), sum rules, or averaging
probabilities are known. Although using similar fusion methods, the application
field varies, e.g. the decisions are in diverse context. Also like diagnostics of an
accelerometer [Bil15], face recognition [FL09], classifying students’ learning in online
learning process [WTG09], or land cover classification [Man+15].

In the application field of fault diagnosis, the improvement of classification results
using fusion is still challenging. In [QZG16] classification results are combined using
the Bayesian Combination Rule. In the cited contribution the accuracy of fused
classification results for fault diagnosis of gearbox and locomotive bearings is higher
than the individual classification results. Another example using BCR for bear-
ing fault diagnosis is given in [XKH11], here the performance of a single classifier
is outperformed using the proposed fusion algorithm. The Dempster-Shafer Com-
bination based on the Dempster-Shafer Theory is another fusion method on the
measurement level. For fault diagnosis, the Dempster-Shafer Combination is used
to combine neural network classifier outputs as given in [HB11] for fault diagno-
sis of induction motor, of railway track circuits [Ouk+10], or for spark plug fault
recognition applied on different data sources [Moo+15]. In all these contributions,
the decision support system is improved in performance using the Dempster-Shafer
Combination.

A detailed comparison of the results achievable with DSC for 13 different NASA
data sets is done in [PG11]. The NASA data sets classified by WEKA (an open
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source collection of machine learning algorithms for data mining tasks [Hal+09]) are
combined to prove the possibility of improvement using the DSC [PG11]. Resulting
from the study in [PG11], the DSC is able to achieve higher probability of detection
than individual classifiers, but not in all cases or for all data sets. In [ZD11] several
classifier fusion methods are compared to analyze the performance to Structural
Health Monitoring systems. First, nine fusion methods with different combinations
of classifiers are compared using synthetic data. The DSC and the fuzzy logic type
2 algorithms were claimed to have best results concerning the correct classification
rate. To validate the results, DSC and fuzzy logic type 2 are compared to fuzzy
logic type 1 and majority voting using experimental data of structural damages of
an aluminum plate.

In [Wan+14] the fusion method Fuzzy Integral is improved by using upper integrals
regarding the accuracy of classifier combinations. The results are produced using
14 data sets from the UCR Time Series Classification Repository [Che+14]. The
proposed results indicate that the accuracy using upper integrals are not lower than
the individual accuracies of the classifiers, so not outperforming the individual per-
formance. In [HVY11] the data sets provided by the UCR Time Series Classification
Repository are also used to test the proposed extension of the DSC with the decision
template. Solutions for the problem of dependencies between the fused classifiers
are given in [QMD11] and [MYL13].

The effect of the training sample size on the performance of fusion methods is
determined in [MZB12]. In this study [MZB12], 10 different classifiers are combined
using 13 different fusion methods (e.g. mean value, maximum value, majority voting,
BCR, decision tree) and also a two-level fusion is considered. Only one real data
set from a hand gesture recognition problem is used. From [ZD11] it is known
that two-level fusion using different kinds of fusion methods produces better results
as one-level fusion and performs a slightly better using larger training sample sizes.
In [Tam+11] a three level fusion is realized using 5 classifiers and a genetic algorithm
to find the optimal level structure. For two data sets with the background from
physiological monitoring in Body Area Networks the applied approach based on
genetic algorithm presented in [Tam+11] increases the accuracy. To optimize the
fusion performance, optimization techniques can be used to find optimal parameter
within the fusion method. In [NL09] the Correspondence Analysis (CA) is used
to combine the classifier assignments. Using validation data, the parameters of
the CA are optimized by a genetic algorithm. This results in better performances
of six benchmark data sets compared to other methods without optimization. Also
in [Ngu+18] an optimization technique is used to find optimal parameter used during
the fusion progress by analyzing validation data. The dependence of error rate on
this parameter is shown in [Ngu+18], where the optimal parameter varies for the
considered 21 different benchmark data sets.

From the given literature it can be concluded, that fusion methods are widely used
in several application fields. The applied fusion methods can improve the accuracy
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of a decision support system. Optimization techniques can help to find optimal
parameters related to the applied fusion method or the input to the fusion method
(e.g. selected classifiers or features in an ensemble). The applied fusion methods
can improve the accuracy, but as shown in several literature, an improvement using
fusion methods is not always possible for all data sets.

Instead of using optimization of fusion methods, ensemble selection methods are de-
signed to avoid the combination of classifiers with low accuracy or high dependency
in comparison to other classifiers. The achievable performance of fusion methods
mainly relies on the selection of the most diverse and accurate single base clas-
sifiers [HHS94]. According to [AS06] no best classifier for all problems exist and
the individual performance of classification methods itself also depends on several
characteristics inherent to the classified set of data [WB06]. A combination of SCE
using genetic algorithm and DCE using k-nearest neighbor is used to establish a
hybrid methodology in [ME15]. Considering DCE strategies, the competence mea-
surement is defined differently, e.g. as classification confidence [Li+13], overall local
accuracy [Vri+15,NN12], or the local class accuracy [Vri+15]. Also a so-called di-
versity measurement can be used for selection of the most independent classifiers
for ensemble. A detailed analysis of the influence of three different diversity mea-
surements using 14 data sets was done in [FCX15]. The ensemble selection is used
to improve the accuracy by modifying the input to the fusion method, but the de-
pendency of the results on the fusion methods is not considered. Instead of using
k-nearest neighbor, clustering techniques can be used to find the region of interest,
like in [Lin+14]. As described in [CSC18] the DCE strategies vary in the definition
of the region of competence (like clustering, K-Nearest neighbor, Potential function
model, or decision space), the selection criteria (e.g. accuracy, oracle, diversity), and
the selection mechanism (single classifier or ensemble selection). Although a com-
parative study is carried out using 18 selection techniques with 30 benchmark data
sets, no ideal selection technique can be found. Optimization algorithms are also
used to get the optimal static classifier ensemble. In [Ngu+14] the fusion algorithm
as well as the classifier ensemble including the features are optimized to maximize
the number of correct classified samples and to minimize the number of selected fea-
tures and classifiers. The results show, that a reduced number of selected features
and classifiers in combination with a simple fusion method (sum rule) can result
in comparable accuracy values than a complex fusion algorithm. The optimization
of weights taken as input of the DSC fusion method is proposed in [Liu+18]. The
optimization is based on evidential reasoning and minimizes the distance between
the combination result of classifiers and the true class label.

In general, no conclusive statement of the best fusion or selection method can be
given, independent from the statistical base of the individual fusion approaches.
From the literature it can be concluded that the results are strongly affected by
application data, fusion method and selection strategy. In the literature individual
fusion methods are optimized for specific applications or only a few parameters are
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considered. Therefore the concrete consideration of influencing factors and their
specific effect on the overall fusion performance is still an open question. In detail,
all parts (data characteristics, classifier properties, selection strategies, and fusion
method characteristics as well as the methods themselves) of the introduced multiple
classifier system should be considered. The related open research questions can be
detailed as follows. Regarding the data characteristics, the analysis of the properties
leading to an improvement in fusion as well as a recommendation of a fusion method
for a specific kind of data set should be conducted. By varying the classifier proper-
ties considered in the fusion process, a statement about the properties an additional
classifier should have or which classifier parameters could be changed to improve
the overall fusion performance can be stated. The static and dynamic selection
strategies could be compared and analyzed with regard to the optimal number of
classifiers in an ensemble or which properties the classifiers should have to optimize
the fusion result. Different fusion methods with different characteristics should be
compared to show effects on the fusion performance. An overview of the research
questions related to the parts of the MCS is shown in Figure 2.3.

Generation of
classifier pool

Selection of
classifier ensemble

Fusion of
classification results

Multiple classifier system

Use of different
fusion methods

Development of
selection strategies

Measurement of
data and extraction

of features

Which properties
lead to an
improvement
using fusion?

Use of data with
different properties

How many
classifers should be
in an ensemble?

Which characteristics
lead to an
improvement
using fusion?

What are the best
fusion methods
independent from
application?

Which properties
should an additional
classifier have?

What is the best
selection strategy?

Add a classifier with
varied parameters

Which parameters
can be changed
to obtain good
fusion performance?

Which fusion method
should be used for
which kind of data?

What properties
should classifiers of
an ensemble have?

Figure 2.3: Scheme of a multiple classifier system and related research questions
answered in this work.
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3 Comparison of fusion performance using ensem-

ble selection

To examine the effects from data structure to resulting accuracy using different
ensemble selection strategies and fusion methods in this chapter some basic research
and combination calculations are realized. A detailed comparison of three different
fusion methods (WV, BCR, and DSC) using different selection strategies (SCE and
DCE) is given. As performance measure, the overall accuracy of the individual
classifier and the precision of each class for each classifier is used. Using a set of
benchmark data as well as two experimental data sets the results are numerically
analyzed concerning the number and quality of classifiers to be combined. Based on
this (general) example, questions about a suitable combination of ensemble selection
and fusion method can be answered.

In Chapter 3.1, the concept using SCE and DCE for the applied data is explained.
The numerical results are analyzed and compared in Chapter 3.2. In Chapter 3.3
experimental results using the introduced selection strategies are discussed for two
different examples for condition monitoring. Conclusions are given in Chapter 3.4.

The content, figures, and tables in this chapter are based on publication of [RS16]
and [Rot+17]. Part of the content, figures, and tables in this chapter are modified
after previous publication.

3.1 Concept of applied selection strategies

For selecting classifiers, two strategies are considered. The first one is the static
selection of classifiers (SCE) based on the overall accuracy of the individual classi-
fiers. The whole data sets are used to evaluate the different ensembles. The second
strategy is the dynamic selection of classifiers (DCE). The data sets are divided into
validation and test data sets (two thirds to one third and one third to two thirds).

3.1.1 Static Classifier Ensemble strategy

Using an SCE strategy, the validation data is classified by all available classifiers
and the accuracy is calculated individual for each classifier (see Figure 3.1). Once
the classifier ensemble is set, the test data can be classified by the classifiers in the
specific ensemble. The results are fused to get one final decision.
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Validation data

Classifier 1 Classifier 2 Classifier nK

Accuracy 1 Accuracy 2 Accuracy nK

Static selection

- SCE A:
- SCE B:
- SCE C:
- SCE D:
- SCE E:
- SCE F:

- SCE G:
- SCE H:

Classifier
ensemble

...

...

Classifier
ensemble

Test data

Fusion

Final decision

2 classifiers with highest accuracy
2 classifiers with highest and lowest accuracy
2 classifiers with medium accuracy
2 classifiers with lowest accuracy
5 classifiers with highest accuracy
2 classifiers with highest,
2 with lowest, 1 with medium accuracy
5 classifiers with medium accuracy
5 classifiers with lowest accuracy

Figure 3.1: Concept of applied Static Classifier Ensemble strategy.

3.1.2 Dynamic Classifier Ensemble strategy

Independent from the accuracy, the individual classifiers can be better or worse for
individual classes. The precision of each class pi for each classifier is a measure of
the reliability of the assumptions. To ensure, that the classifiers with the highest
precision are chosen to build an ensemble, the classifiers are selected for each data
set using their precision for each class to get the DCE.

The concept of the applied DCE strategy is depicted in Figure 3.2. During the val-
idation, the precision for each class and classifier is calculated using validation data
with known samples. For each class the four classifiers with the highest precision
are set as suitable classifiers, so that each classifier is assigned to a set of classes,
for which the precision value was in the top four of the class. The number of classes
can vary and a classifier can be not suitable for any class also.
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Figure 3.2: Concept of applied Dynamic Classifier Ensemble strategy.
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During the test, the classification assignment of each classifier is compared to the
set of classes the classifier is suitable for. If the actual assigned class is in the set,
this classifier is selected for the ensemble. The resulting ensemble is fused afterward
using different fusion methods.

3.2 Numerical analysis providing structural information

To compare the different fusion results, benchmark data from the UCR Time Se-
ries Classification Repository [Che+14] are used. The selected data sets and their
numbers of classes and samples are shown in Table 3.1. The data sets have to be
classified to use classifier fusion. Using WEKA, 11 different classification approaches
are applied with each data set. The chosen classifiers are Bayes Net (C1), Decision
Table (C2), Hoeffing Tree (C3), k-nearest neighbor (C4), Multilayer Perception (C5),
Naive Bayes (C6), partial C4.5 Decision Tree (C7), Random Forest (C8), Random
Tree (C9), Reduced-Error Pruning Tree (C10), and Sequential Minimal Optimiza-
tion (C11). In Table 3.2 the corresponding accuracies of the individual classifiers are
presented for the whole data sets. The maximum value of each data set is marked
bold, the minimum is underlined.

The outputs of the WEKA-classifiers are crisp values on abstract level and can be
used to calculate the precision and the confusion matrix according to Eq. 2.17. For
applying DSC not only the classes are considered, also all subsets of classes. To get
the basic assignments of the power setm : 2Θ, the basic assignments of the individual
classes are used, e.g. the basic assignment of the combination of class A and B is
calculated adding the basic assignments of the individual classes m(A) and m(B).
If the basic assignments of all possible combinations are determined, the values of
the individual classifier are normalized to fulfill the requirement

∑

A⊆Θm(A) = 1.

Table 3.1: Applied benchmark data [RS16].

No. Name No. of classes No. of samples

1 CBF 3 900

2 Coffee 2 28

3 ECG200 2 100

4 FaceFour 4 88

5 GunPoint 2 150

6 TwoPatterns 4 4000

7 Yoga 2 3000
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Table 3.2: Accuracy in [%] of the individual classifiers for entire data sets no. 1-7
(maximum value in bold and minimum value underlined for each data set) (modified
after [RS16]).

1 2 3 4 5 6 7

C1 85.44 64.29 75.00 89.77 85.33 46.23 60.60

C2 76.78 64.29 70.00 54.55 90.67 43.45 59.50

C3 89.33 67.86 77.00 81.82 78.67 45.70 54.23

C4 85.00 75.00 89.00 87.50 92.00 90.60 83.30

C5 85.33 96.43 84.00 87.50 93.33 89.65 74.37

C6 89.67 67.86 77.00 84.09 78.67 45.68 54.23

C7 67.33 57.14 79.00 64.77 77.33 61.38 72.53

C8 87.11 60.71 81.00 89.77 94.00 83.18 80.53

C9 67.89 71.43 80.00 53.41 85.33 59.10 71.80

C10 68.22 64.29 74.00 44.32 80.67 56.53 65.83

C11 87.67 96.43 81.00 88.64 80.00 82.20 62.47

3.2.1 Results using Static Classifier Ensemble

To compare the different influences of the classifiers with high and low accuracy, eight
different combinations (ensembles) of classifiers are chosen. These combinations are
set based on the overall accuracy of the individual classifiers (Table 3.2) for each
data set and contain

• the two classifiers with the highest accuracy (SCE A),

• the two classifiers with highest and lowest accuracy (SCE B),

• the two classifiers with medium accuracy (SCE C),

• the two classifiers with the lowest accuracy (SEC D),

• the five classifiers with the highest accuracy (SCE E),

• the two classifiers with highest, two with lowest and one with medium accuracy
(SCE F),

• the five classifiers with medium accuracy (SCE G), and

• the five classifiers with the lowest accuracy (SEC H).
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Table 3.3: Accuracy in [%] of the test data sets no. 1-7 for different SCE and fusion
methods (modified after [RS16]).

No. 1 2 3 4 5 6 7

S
C
E
A WV 89.33 96.43 88.00 90.91 95.33 92.28 83.30

BCR 89.44 96.43 88.00 93.18 95.33 92.28 83.30

DSC 89.33 96.43 88.00 90.91 95.33 92.28 83.30

S
C
E
B WV 88.44 96.43 89.00 89.77 94.00 90.60 83.30

BCR 89.67 96.43 89.00 92.05 94.00 90.70 83.30

DSC 88.44 96.43 89.00 89.77 94.00 90.60 83.30

S
C
E
C WV 89.89 67.86 80.00 84.09 84.67 61.85 65.83

BCR 90.44 67.86 80.00 84.09 84.67 62.63 65.83

DSC 89.89 67.86 80.00 84.09 84.67 62.88 65.83

S
C
E
D WV 73.89 64.29 76.00 60.23 78.67 44.03 54.23

BCR 74.56 64.29 76.00 65.91 78.67 46.05 54.23

DSC 73.89 64.29 76.00 62.50 78.67 44.58 54.23

S
C
E
E WV 89.78 92.86 85.00 90.91 94.67 92.88 81.73

BCR 90.00 96.43 85.00 94.32 94.67 93.93 81.93

DSC 89.78 96.43 85.00 90.91 94.67 92.98 83.73

S
C
E
F WV 88.22 96.43 83.00 95.45 91.33 90.70 72.93

BCR 89.89 96.43 86.00 97.73 94.00 92.20 82.37

DSC 89.78 96.43 86.00 95.45 94.00 91.70 82.37

S
C
E
G WV 87.22 67.86 80.00 89.77 90.00 76.90 69.63

BCR 90.44 67.86 78.00 97.73 91.33 81.68 73.73

DSC 90.33 67.86 78.00 92.05 90.67 80.90 73.73

S
C
E
H WV 83.44 64.29 73.00 80.68 82.67 49.90 62.97

BCR 88.22 60.71 71.00 93.18 84.67 54.13 60.87

DSC 88.22 60.71 71.00 88.64 83.33 53.93 60.87

Meani 80.88 71.42 78.81 75.10 85.09 63.97 67.21

Maxi 89.67 96.43 89.00 89.77 94.00 90.60 83.30
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The accuracies of the fused results are shown in Table 3.3 for the different ensembles
and fusion methods. The first four ensembles (SCE A to SCE D) are used to describe
the combination of two, the last four ensembles (SCE E to SCE H) the combination
of five classifiers. The mean value of the accuracies of the individual classifiers
(Meani) as well as the best individual classifier accuracy (Maxi, compare Table 3.2
(bold)) are also shown in Table 3.3. The results with higher accuracy than the
maximum accuracy of the individually used classifiers are marked with dark green
cells. If the accuracy is less than the maximum individual accuracy, but greater
than Meani, the cell is highlighted in light green. An accuracy less than Meani is
marked in light red. The best fusion result (highest accuracy) of each data set is
highlighted in bold. None of the fused accuracies is less than the lowest accuracy of
the individual classifiers (compare Table 3.2 (underlined)).

Comparing all accuracies, for each data set the accuracy of combined classifiers is
greater or equal than the maximum accuracy of individual classifiers. For four data
sets (1, 4, 5, and 6), the overall accuracy is improved compared to the individual
accuracy (see dark green color). The accuracy for most data sets can be improved
using the five best classifiers (SCE E). Compared to the combination of two classifiers
(Table 3.3 (top)), the combination of five classifiers (Table 3.3 (bottom)) show better
results, e.g. more dark green cells using SCE E as using SCE A, and less red cells
using SCE H as using SCE D. As long as the best classifiers are in the set, the
accuracy is always greater than Meani (SCE A, SCE B, SCE E, and SCE F).

Comparing the fusion methods, there is just a small difference between the results.
Comparing the cells with dark green color (improvement of accuracy), it can be
stated that BCR can achieve the most improvement, followed by DSC and WV.
Using different SCE with BCR results in the best accuracy for each data set ((Ta-
ble 3.3 (bold)). From this numerical comparison questions regarding the best static
ensemble in combination with the best fusion method can be answered briefly: The
combination of SCE E with BCR will realize the best results in the case the data
are structured similar as those used for this numerical study based on completely
independent data sets.

Lessons learned From the numerical analysis using SCE out of eleven classifiers,
it can be concluded, that using five classifiers in an ensemble shows better perfor-
mance than using only two. Using fusion, the selection of suitable classifiers out of
the total set of available classifiers is recommended to ensure the same or even higher
accuracy than the best individual classifier. Not for all data sets the combination
of classifiers with the best individual accuracy lead to the best fusion performance.
Considering SCE, BCR should be preferred over DSC and WV.
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Figure 3.3: Accuracy of the individual and combined classifiers for the test data of
all data sets (no. 1-7) using DCE [RS16].

3.2.2 Results using Dynamic Classifier Ensemble

First, one half of data is assigned as validation and the other half as test data. The
results of the fusion results using DCE are shown in Figure 3.3. The blue lines
represent the range from the minimum to the maximum accuracy of the individual
classifiers.

Compared to the results in Chapter 3.2.1, the BCR show worse results for the data
sets Coffee (no. 2) and ECG200 (no. 3). The accuracy of the data sets CBF (no.
1), FaceFour (no. 4), TwoPatterns (no. 6), and Yoga (no. 7) is nearly the same for
the three different fusion methods.

To ensure, that the results shown in Figure 3.3 are independent from validation and
test data, six variations of the validation and test data sets are considered. Two data
sets with most similar results of the fused accuracy and two with the less similar
results are chosen. For the data sets CBF (no. 1), Coffee (no. 2), ECG200 (no.
3), and Yoga (no. 7) the validation and test data sets are partitioned using 3-fold
cross-validation. The validation and test data sets are also exchanged, so two third
of data for validation and one third for test are also used.

In Figure 3.4 the range of accuracy from maximum to minimum value as well as the
mean value for individual classifiers and fused results are shown. The data sets with
similar results in Figure 3.3 (no. 1 and no. 7) also show similar results using cross-
validation. Also the data sets with different results in Figure 3.4 (no. 2 and no. 3)
have a similar mean value if cross-validation is used, but the deviation of results is
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Figure 3.4: Accuracy of the individual and combined classifiers for the test data set
using cross-validation and DCE [RS16].

greater. Probably, the greater deviation is caused by the smaller number of samples
available for validation and test (see Table 3.1). The fusion method DSC has least
deviation compared to the other fusion methods, which could lead to the conclusion,
that for this numerical example the DSC method is most robust against validation
data set change. From the results using DSC the question regarding the best fusion
method can be answered: The DSC will realize the best results independent from
the randomly compiled validation and test data.

Lessons learned Considering DCE, the best results regarding the overall accuracy
as well as the independence to changes of the validation and test data set can be
achieved using DSC.

3.3 Application to experimental data

For further analysis using a smaller set of available classifiers and application data
for condition monitoring, two experimental examples are used. The SCE and DCE
strategies explained are considered to show the influence of the selection strategy to
the overall performance.



3.3 Application to experimental data 34

3.3.1 Fault diagnosis of hot rolling mills

The introduced ensemble strategies are applied to real industrial data from hot
rolling mills (HRM). During rolling process in the field of metal industry the geom-
etry, surface condition, and thickness of the strip, plate, or sheet must meet given
requirements from the customer. Deviations in strip travel lead to influences on
product quality and cause down times. As illustrated in [RJS14], the events can be
classified as

• Stable rolling with strip in stand (Class 1),

• Stable rolling without strip in stand (Class 2),

• Fault cobble (Class 3), and

• Fault shearing tale (Class 4).

In [RJS15] five different time-frequency-based analysis methods are applied to the
detection of cobble as a fault in rolling process: continuous and discrete wavelet
transform (CWT/DWT), empirical mode decomposition (EMD), short-time Fourier
transform (STFT), and Wigner-Ville distribution (WVD). As introduced in [RJS14],
80 samples (20 per class) are filtered using the mentioned methods and classi-
fied using two different classification approaches: support vector machine (SVM)
and cross-correlation (CC). This leads to six different filter-classifier combinations
(approaches): CWT-SVM, DWT-SVM, EMD-CC, EMD-SVM, STFT-SVM, and
WVD-SVM. The individual classification results as well as the mean value of the
individual accuracy are stated in Table 3.4.

Again the best result is marked in bold, the worst result is underlined. The per-
formance of the individual classifiers strongly vary from 30.00 % to 85.00 %, where

Table 3.4: Individual filter-classifier combination accuracy.

No. Approach Accuracy [%]

1 CWT-SVM 65.00

2 DWT-SVM 85.00

3 EMD-CC 82.50

4 EMD-SVM 72.50

5 STFT-SVM 30.00

6 WVD-SVM 72.50

Mean 67.91
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the classifiers no. 4 (EMD-SVM) and no. 6 (WVD-SVM) have the same individual
accuracy. Using six different classifiers allows to show the fusion results using all
possible ensembles generated from the set of these six classifiers.

In Table 3.5 the accuracy for all SCEs and DCE using the three fusion methods
WV, BCR, and DSC are shown. The numbers denote the combined classifiers (e.g.
1,2 means the fusion of the results classified by no. 1 (CWT-SVM) and no. 2 (DWT-
SVM) (see Table 3.5)). The color notation is the same as in Chapter 3.2.1.

Considering the combination of two classifiers, 15 different combinations of the in-
dividual classifiers are possible. The fusion of the two worst classifiers (1,5) leads
to the worst results of all ensembles (underlined) and a deterioration compared to
the mean performance of the individual classifiers (red color). Combining the two
best classifiers (2,3), the fused results do not show best performance, not even an
improvement compared to the best individual. Best results combining two of the
available six classifiers can be achieved using BCR or DSC for fusion of no. 2 and
no. 6 or using DSC for fusion of no. 2 and no. 4. Using BCR, the ensemble 2,6 lead
to the best performance compared to all other ensembles. Although classifiers no. 4
and no. 6 show the same individual accuracy, the fusion results differ whether no. 4
or no. 6 is part of the ensemble.

This can also be observed using fusion of three individual classifiers. Fusion of two
best individual ones with classifier no. 4 (2,3,4) generates better fusion accuracy
than the fusion using no. 6 (2,3,6) regarding WV and DSC. Considering BCR the
accuracy for the ensemble 2,3,4 is worse than the results fusing the ensemble 2,3,6.
Considering the fusion of three worst classifiers, again the results differ depending
on the used third classifier. Using WV and DSC, the ensemble 1,4,5 show worse
results that fusing the ensemble 1,5,6, using BCR this is inversely. Regarding fusion
of two, three, or four worst classifiers, BCR produces better results, than using WV
and DSC, considering the combination of the best classifiers, BCR is always worse
than WV and DSC independent from the number of fused classifiers. Combining
three classifiers, the performance using WV or DSC and the ensemble 2,3,4 is the
best.

Different to the fusion of three classifiers, the fusion of four best classifiers using
WV do not result in the pest performance. In this case, the fusion of the best three
(2,3,4) and the worst individual classifier (no. 5) produces the best results for all
ensembles independent from the number of considered classifiers. Using DSC, the
ensembles 2,3,4,5 and 2,3,4,6 result in the same fused accuracy, although classifier
no. 4 has a higher individual accuracy (72.50 %) than classifier no. 5 (30.00 %).

Regarding the fusion of five classifiers, the ensemble 2,3,4,5,6 (neglecting classifier no.
1) generates the highest fusion accuracy using WV and DSC. Using DSC produces
the same results for the ensemble 2,3,4,5,6 as for 2,3,4,5 and 2,3,4,6, which show the
pest performance (97.50 %) in the complete considerations.
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The fusion of all classifiers can not outperform the best individual classifier.

Using the DCE, the fused accuracy is 90.00 %, which is higher than the best indi-
vidual, but is not outperforming the best SCE.

Table 3.5: Accuracy in [%] using all possible ensemble
selection strategies (part 1).

Ensemble selection strategy WV BCR DSC

SCE 1,2 80.00 82.50 85.00
1,3 77.50 75.00 77.50
1,4 70.00 75.00 70.00
1,5 (2 worst) 65.00 67.50 65.00
1,6 72.50 70.00 70.00
2,3 (2 best) 85.00 77.50 85.00
2,4 85.00 85.00 87.50
2,5 85.00 82.50 82.50
2,6 82.50 87.50 87.50
3,4 80.00 77.50 80.00
3,5 82.50 80.00 82.50
3,6 77.50 77.50 77.50
4,5 72.50 72.50 72.50
4,6 75.00 72.50 70.00
5,6 77.50 80.00 80.00
1,2,3 87.50 77.50 87.50
1,2,4 80.00 85.00 80.00
1,2,5 75.00 82.50 87.50
1,2,6 75.00 82.50 75.00
1,3,4 85.00 77.50 82.50
1,3,5 77.50 72.50 77.50
1,3,6 75.00 72.50 75.00
1,4,5 (3 worst) 67.50 77.50 67.50
1,4,6 75.00 75.00 72.50
1,5,6 (3 worst) 72.50 75.00 72.50
2,3,4 (3 best) 95.00 77.50 95.00
2,3,5 85.00 77.50 87.50
2,3,6 (3 best) 92.50 80.00 92.50
2,4,5 77.50 80.00 82.50
2,4,6 82.50 85.00 82.50
2,5,6 80.00 85.00 87.50
3,4,5 77.50 75.00 80.00
3,4,6 90.00 77,50 87.50
3,5,6 77.50 75.00 77.50
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Table 3.5: Accuracy in [%] using all possible ensemble
selection strategies (part 2).

Ensemble selection strategy WV BCR DSC

4,5,6 72.50 80.00 77.50
1,2,3,4 87.50 77.50 92.50
1,2,3,5 87.50 75.00 87.50
1,2,3,6 82.50 77.50 82.50
1,2,4,5 80.00 82.50 80.00
1,2,4,6 75.00 82.50 75.00
1,2,5,6 75.00 82.50 80.00
1,3,4,5 85.00 75.00 80.00
1,3,4,6 82.50 77.50 82.50
1,3,5,6 75.00 72.50 80.00
1,4,5,6 (4 worst) 75.00 77.50 75.00
2,3,4,5 97.50 75.00 97.50
2,3,4,6 (4 best) 92.50 77.50 97.50
2,3,5,6 92.50 77.50 92.50
2,4,5,6 85.00 82.50 82.50
3,4,5,6 87.50 75.00 87.50
1,2,3,4,5 87.50 75.00 92.50
1,2,3,4,6 (5 best) 85.00 77.50 85.00
1,2,3,5,6 85.00 75.00 85.00
1,2,4,5,6 75.00 82.50 77.50
1,3,4,5,6 (5 worst) 82.50 75.00 82.50
2,3,4,5,6 95.00 75.00 97.50
1,2,3,4,5,6 (all) 85.00 75.00 85.00

DCE 90.00 80.00 90.00

Lessons learned For the considered data set, the SCE strategy can lead to better
performance than using DCE. Using SCE, the best results can be achieved using
WV and the ensemble 2,3,4,5 as well as using DSC and the ensembles 2,3,4,5 (three
best and the worst individual classifier), 2,3,5,6 (four best individual classifiers),
or 2,3,4,5,6 (neglecting the second worst individual classifier). In summary, the
combination of the best classifiers regarding the accuracy do not automatically lead
to the best performance. Classifiers with the same accuracy can lead to different
fusion performance.
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3.3.2 Damage detection in composites

Composite materials are increasingly used to replace conventional construction ma-
terials due to advantageous mechanical properties, such as high specific strength re-
sulting from their complex structure. However, the more widespread use is currently
restricted by the lack of ductility compared to metallic materials as well as several
micromechanical damage modes [PGO14]. Different NDT techniques, which indi-
cate developing damages, are proposed for continuous monitoring of these materials
to ensure equal degree of reliability and safety [Cri+15]. In [WBS18], experiments
were conducted using a bending test rig to subject specimens of composite mate-
rial to cyclic bending load with different amplitudes and frequencies. Data samples
with known labels are necessary to validate and test the classifier and fusion perfor-
mance. Therefore 120 data samples are selected and manually classified. To assess
the reliability automatic damage detection techniques, a showcase algorithm for
damage classification in composites has been implemented using Acoustic Emission
measurements and Support Vector Machine (SVM). To combine the results, also
the K-Nearest Neighbor (KNN) and Artificial Neural Network (ANN) methods are
used to classify the same data sets. Using the data sets with known labels, results
from a Reproducing Kernel Hilbert Space (RKHS) method are also considered. The
method is based on the ideas given in [KN14], but uses RKHS with Gaussian kernels
which can be seen as a Radial Basis Function Network with Gaussian basis functions
placed on every data point. Caused during experiments, four different damages are
considered: delamination (class 1), matrix crack (class 2), debonding (class 3), and
fiber breakage (class 4). Class 5 is denoted as noise.

The performance measures of the individual classification results of ANN, KNN,
RKHS, and SVM are given in Table 3.6. As performance measures the accuracy,
precision, recall (detection rate), and the false alarm rate (FAR) are used to evaluate

Table 3.6: Performance measures of individual classifiers and fused results using
same data for validation and test (modified after [Rot+17]).

No. Approach Accuracy [%] Precision [%] Recall [%] FAR [%]

1 ANN 92.50 92.52 92.50 1.87

2 KNN 95.00 95.13 95.00 1.25

3 RKHS 96.67 96.66 96.67 0.83

4 SVM 96.67 96.73 96.67 0.83

Mean 95.21 95.26 95.21 1.20

WV 95.83 95.87 95.83 1.04

BCR 97.50 97.60 97.50 0.62
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the classification and fusion results. The best value in one column is marked with
bold letters. Regarding the accuracy, recall, and FAR, the classifiers RKHS and
SVM are the best out of the four considered ones. Only the precision value is slightly
higher for SVM than using RKHS. Using WV as fusion method, the performance
can not be improved. The fusion using BCR shows higher performance measure
values for all measures.

Using different variations of validation and test data generated from the total data
set, the results differ from the results in Table 3.6. The performance measures
of six different variations of validation and test data sets are shown in Table 3.7.
Both, WV and BCR show worse performance as the individual classifiers RKHS
and SVM, although the accuracy, recall and FAR of the individual classifiers are
same as using only one validation and test data set distribution and precision value
has just slightly changed. To improve the fusion performance, a Static Ensemble
Selection is used. In Table 3.8 the accuracy using WV and BCR in combination with
all possible SCEs and the use of DCE are presented. For this data set, the fusion
of the first (ANN) and the fourth (SVM) classifier shows the best fusion results,
even though the classifier ANN has the worst individual classification performance.
Fusion performance of BCR is less than training with all data, although the results
of individual are just slightly changing. This leads to the conclusion, that the fusion
performance is not only depending on the performance of the individual classifiers,
but also on the data itself.

Lessons learned The results show that the performance can be improved using
fusion methods or even ensemble selection strategies, but the performance depends
on the used fusion method, the validation data set, and also on the selected classi-
fiers. In the given example, the fusion using BCR with the performance measures

Table 3.7: Performance measures of individual classifiers and fused results using
variation of validation and test data sets (modified after [Rot+17]).

No. Approach Accuracy [%] Precision [%] Recall [%] FAR [%]

1 ANN 92.50 92.60 92.50 1.87

2 KNN 95.00 95.29 95.00 1.25

3 RKHS 96.67 96.70 96.67 0.83

4 SVM 96.67 96.78 96.67 0.83

Mean 95.21 95.34 95.21 1.20

WV 95.83 95.98 95.83 1.04

BCR 95.83 95.98 95.83 1.04
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Table 3.8: Accuracy in [%] using ensemble selection strategies and variation of
validation and test data sets.

Ensemble selection strategy WV BCR

SCE

1,2 (2 worst) 93.06 94.17

1,3 94.45 95.00

1,4 96.11 96.67

2,3 94.45 95.00

2,4 94.72 95.56

3,4 (2 best) 95.83 96.39

1,2,3 94.72 94.72

1,2,4 95.28 95.28

1,3,4 95.83 95.83

2,3,4 (3 best) 95.83 95.83

1,2,3,4 (all) 95.83 95.83

DCE 94.72 95.28

from the complete data set shows the best results. In case of variation of validation
and test data, the selection of ANN and SVM to be fused has the most improvement
of performance.

3.4 Conclusions from the comparison using ensemble selec-
tion

In the previous chapters, the question regarding the best selection strategy is ana-
lyzed. Therefore the first question is, whether the SCE or DCE should be preferred.
From the results it can be stated, that both, the applied SCE and DCE can improve
the overall performance. In this analysis the SCE is outperforming the DCE in most
cases.

The question regarding the optimal number of classifiers in an ensemble is depending
on the total number of available classifiers. Selecting an ensemble out of eleven base
classifiers, the ensemble should rather have five instead of two classifiers. Using six
base classifiers (as in the experimental example of fault diagnosis of hot rolling mills),
the most improvement can be achieved using four classifiers. The experimental
results of damage detection in composites, where four base classifiers are available,
the best result is achieved using two classifiers. An optimal number of classifiers
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can not generally be given, but in all cases, the number is around half of the base
classifiers. In all cases, the fusion of all available base classifiers leads not to the
best fusion performance.

Considering the question of the properties a classifier should have in an ensemble to
improve the results, the answer is contrary to the expectation, that the combination
of the best classifiers always lead to the best results. The results of the numerical
and experimental analysis show, that also the combination of best classifiers with
one or two worse classifiers can lead to better performance than combining the best
individual classifiers. A change of used training and test data sets without significant
change in the performance measures show different fusion results. This results raise
the question whether a change of the individual performance of one of the selected
classifiers is influencing the overall performance. This question is analyzed in the
next chapter. The influence of the data characteristic on the fusion performance is
considered in Chapter 6.

A conclusion about the best fusion method can not be answered yet, because for
different data sets different fusion methods are outperforming the others. In most
cases the BCR method is slightly better than WV and DSC, but in case of the fault
diagnosis of hot rolling mills the BCR is worse than WV and DSC.
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4 Analysis of classifier properties influencing fu-

sion performance

To define requirements for a good fusion performance and to evaluate the potential
for higher accuracy, in this chapter the idea of a fictional classifier is introduced. The
idea introduced here is to change precision values for one of the classifiers in order
to evaluate options to improve overall fusion accuracy. Using this fictional classifier,
the influence of the precision values on the overall fusion performance is visible. The
goal is to get the optimal precision values to see, if they are generalizable for different
ensembles or data sets. From the results, some important challenges can be solved:
Can the performance of one individual classifier improve the overall accuracy? Can
the performance of the fused results be improved by changing performance measures
of the fictional classifier? Which properties should an additional classifier have to
improve or not deteriorate the fusion performance? The considerations of varying
precision values also allows the establishment of a supervised strategy to adapt
precision values in order to get better fusion results for unknown samples. For
illustrating the effects a practical example based on four benchmark data sets is used
to analyze the influences. The introduced methods are applied to the real example of
fault diagnosis of hot rolling mills. The results show that using a fictional classifier
the overall accuracy can be outperformed depending on data sets.

In Chapter 4.1 the new idea of the fictional classifier and the training-based fu-
sion algorithm are presented. Chapter 4.2 shows the results of numerical analysis
using four benchmark data sets with distinction between two classes. The experi-
mental results distinguishing between four classes are discussed in Chapter 4.3. In
Chapter 4.4 conclusions from the results are given.

Most of the content, figures, and tables in this chapter are prepared for publication
of [RS19].

4.1 Concept of fictional classifier

To analyze the requirements for an improvement of reliability using decision fusion,
the concept of a fictional classifier (FC) is introduced based on the idea that the
precision value has a significant influence on the fusion performance. In case of using
BCR for a two class problem, the precision value is the value used for calculating the
belief values. Therefore the influence on fused accuracy by changing the precision
values should be analyzed. Validation data are used to show the possible improve-
ments of the fused accuracy. The scheme of the concept is shown in Figure 4.1. All
classifiers of the static classifier ensemble classify the validation data, but one is set
as fictional classifier. Classification assignments stay the same, but precision values,
which are used to calculate the belief value, are now considered as variable.
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Figure 4.1: Concept of fictional classifier (FC) [RS19].
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Figure 4.2: Example describing the dependency of accuracy for different precision
values p1 and p2 [RS19].

In the case of two considered classes the probability matrix of FC will be

P FC =

[

p1 1− p2
1− p1 p2

]

, (4.1)

with p1 and p2 as variable precision values of class 1 and class 2 respectively. Using
different values for p1 and p2, the influence of the precision values of one classifier
on the overall accuracy of fused results can be shown. As an example for changing
accuracy by varying precision values, in Figure 4.2 the accuracy of fused results de-
pending on the precision values p1 and p2 is shown. The fused accuracy is calculated
based on the use of different values for p1 and p2 in the range of [0 %, 100 %]. Only for
a specific range of p1 and p2 the maximum accuracy of fused results can be reached.
For this example values in the intervals p1 = [0 %, 50 %] and p2 = [30 %, 90 %]
lead to the maximum accuracy of 89 %.

Using non-dominated sorting genetic algorithm II (NSGA-II) [Son14], the values of
p1 and p2 as decision variables leading to the maximum reachable fused accuracy
(objective) can be determined. In each step, the decision variables are changed
according to an evolutionary algorithm. Depending on the resulting accuracy, the
new generation is generated. In most cases, especially for considering two classes,
there is more than one precision value set leading to the same fused accuracy, as for
the example in Figure 4.2.

Based on the concept of fictional classifier, the idea is extended to a training-based
fusion algorithm (see Figure 4.1). In training, the precision values of the FC are op-
timized and selected by calculating the mean value and finding the nearest neighbor.
Using this parameter set, unknown data samples (test data) can be fused.



4.2 Numerical analysis 45

4.2 Numerical analysis

Benchmark data from the UCR Time Series Classification Repository [Che+14] are
used to analyze the dependencies between precision values of FC and accuracy of
fused results. Therefor four data sets with two classes are chosen: Coffee (28 sam-
ples), ECG200 (100 samples), GunPoint (150 samples), and Yoga (3000 samples).
The data sets have to be classified to use classifier fusion. Using WEKA [Hal+09],
the same 11 different classification approaches are applied with each data set as in
Chapter 3.2. The results of the individual classification are also presented in Chap-
ter 3.2. For the four data sets, different individual classifiers are better or worse, so
that no classifier can be denoted as best. The results analyzed in Chapter 3.2 show,
that only for data set GunPoint the best individual classifier can be outperformed
using fusion of a selected ensemble. Therefore a combination of this classifiers using
fusion methods as well as using an FC can be realized.

4.2.1 Classifier included in ensemble set as fictional classifier

Different static classifier ensembles are used to examine the results for various com-
binations of classifiers with different performances. The selection of ensembles is
based on the accuracy of individual classifiers. The nine ensembles and their ab-
breviations are shown in Tab. 4.1. In each ensemble, each classifier is set as FC
consecutively. The data sets are divided into three training and test data sets using
3-fold cross-validation.

The simulation results for the data sets are shown in Figure 4.3 - 4.6. In the first row
the results from training and in the second row from test are shown. The figure on
top left shows the suitable parameter ranges achieving maximum accuracy of fused
results for each classifier ensemble with varying classifier set as FC. The correspond-
ing maximum accuracy achievable as well as the maximum individual accuracy of

Abbreviation Ensemble selection

2B/5B Two/five best classifiers

2W/5W Two/five worst classifiers

1B+1W/2B+2W One/two best and one/two worst classifiers

3M/5M Three/five medium-good classifiers

ALL All eleven classifiers

Table 4.1: Static classifier ensembles selected by accuracy of individual classification
results applied on benchmark data [RS19].
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the ensemble and the accuracy of fused results using the initially calculated preci-
sion values are shown in the figure top right. On bottom left the selected parameter
sets are shown, which lead to an accuracy of fused results (shown in figure on bot-
tom right) combining FC with selected parameters and the other classifiers of this
ensemble.

The results of training phase for data set Coffee shows that the range of precision
values leading to the maximum achievable accuracy is different for different classifier
ensembles (see Figure 4.3 top left). In the case of 2B, 5B, and ALL the range for
p1 and p2 varies between 0 % and 100 %. This means, for all parameter sets in
between this values, the accuracy is the same. In case of 2W and 5W (combining the
worst classifiers) the range for suitable precision values is smaller and the resulting
accuracy is higher than the accuracy achievable without FC and the maximum
individual accuracy (top right). Not always a smaller range of precision values lead
to a higher achievable accuracy (5M, 1B+1W, and 3M). The specific value ranges
of p1 and p2 also varies for different classifiers set as FC. For example in case of
combining one best and one worst classifier (1B+1W), the range is smaller for the
second classifier (best classifier) set as FC. The selected values both for p1 and p2
are nearly the same and vary around 50-60 % (bottom left). Combining the five
worst classifiers (5W) the selected parameters show the most deviation for different
data sets. Also the deviation of accuracy (bottom right) leads to the dependency of
results from the considered training and test data sets. The maximum achievable
accuracy in training phase can not be reached in test. In all cases the fusion with
FC can not outperform the best individual classifier, but compared to the fusion
without FC the accuracy is the same or higher.

The simulation results of data set ECG200 (Figure 4.4) lead to similar conclusions,
although there is a higher dependency of precision value ranges and achievable ac-
curacy on different classifiers set as FC (top left and top right). In Figure 4.4 it
can be seen, that the selected parameter values (bottom left) vary more significantly
compared to data set Coffee, especially by fusing the ensembles 5M and ALL. Oth-
erwise the deviation of accuracy (bottom right) is less. Again the highest achievable
accuracy from training can not be reached in the test. In most cases the accuracy
is less than the best individual and also sometimes less than the fusion without FC.

The improvement of achievable accuracy using the data set GunPoint is higher than
for the other data sets (see Figure 4.5 top right). In most cases the accuracy of fused
results using FC is higher than the best individual fusion accuracy. Also the range
of precision values leading to this higher accuracy is lower than for the data sets
Coffee and ECG200 (top left). From the figure bottom left it can be seen that the
selected values of p1 and p2 differ from each other. This can not be clearly detected
from the other data sets, which leads to the conclusion, that for this data set the
classifiers show different behaviors for each class and a different precision value for
each class leads to better results in the accuracy. Using the selected parameter sets
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for the FC, the accuracy of the fused results can be improved in some cases (3M,
5W, 5M), but can not outperform the individual best like in training.

For data set Yoga a very specific range of precision values is resulting in the maxi-
mum achievable accuracy (Figure 4.6 top left), but the absolute values are varying
for the different ensembles. A higher accuracy than the accuracy of fusion without
FC can be obtained, but again the best individual performance can not be improved
(top right). Nevertheless, the results from training can be achieved also in test using
the selected parameter (bottom left) and again the fusion results using an FC are
better than the results of using normal BCR. Additionally the deviation of results is
very small. This data set contains more samples, than the others, which can be the
reason for different results. To proof this, more data sets with high and low number
of samples should be analyzed.

Lessons learned Summarizing the analysis using a fictional classifier as one clas-
sifier from a selected ensemble based on benchmark data sets, some conclusions can
be drawn to generalize the (numerical) results:

• Resuming all example combinations it can be concluded that in general a
higher accuracy can be obtained using the FC compared to the accuracy of
fusion without FC. The best individual performance can not be outperformed.

• The best individual performance for one data set does not always result from
the same classifier, so that in case of data changes, which are not trained, the
fusion performance using an FC is more reliable than without using FC.

• From the results it can be detected that no common value of p1 and p2 can
be concluded for all ensembles or data sets. The precision values are very
different for specific ensembles, data sets, and in some cases also for different
classifiers set as FC.

• Using the in training selected precision values to new data, fusion results can
be improved.

• In case of a higher data sample number (example: Yoga), the results are more
specific, the training and test results are nearly the same, but for lower number
of data samples (example: Coffee) the variation of precision values as well as
achievable accuracy is very high.

• Using varying precision values, the data sets with improvement potential using
ensembles and classifiers set as FC can be stated.

• Combining classifiers with low accuracy, the improvement potential affected
by the precision values is higher.
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Figure 4.3: Simulation results of data set Coffee (FC included in ensemble) [RS19].
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Figure 4.4: Simulation results of data set ECG200 (FC included in ensemble) [RS19].



4.2
N
u
m
erical

an
aly

sis
50

© U DuE 2018SRS

GunPoint

0

20

40

60

80

100

A
cc

u
ra

cy
 [

%
]

P
re

ci
si

o
n
 [

%
]

Min p1

Max p1

Min p2

Max p2

P
re

ci
si

o
n
 [

%
]

p1

p2

A
cc

u
ra

cy
 [

%
]

Training

Test

12121212312345123451234123451234567891011

2
B

2
W

1
B

+
1

W 3
M 5
B

5
W 5
M

2
B

+
2

W

A
L

L

12121212312345123451234123451234567891011

2
B

2
W

1
B

+
1

W 3
M 5
B

5
W 5
M

2
B

+
2

W

A
L

L

Training

Best individual
Fusion w F/o C
Fusion w F/ C

12121212312345123451234123451234567891011

2
B

2
W

1
B

+
1

W 3
M 5
B

5
W 5
M

2
B

+
2

W

A
L

L

12121212312345123451234123451234567891011

2
B

2
W

1
B

+
1

W 3
M 5
B

5
W 5
M

2
B

+
2

W

A
L

L

Best individual
Fusion w/o FC
Fusion w F/ C

Test

0

20

40

60

80

100

0

20

40

60

80

100

0

20

40

60

80

100

Figure 4.5: Simulation results of data set GunPoint (FC included in ensemble) [RS19].
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Figure 4.6: Simulation results of data set Yoga (FC included in ensemble) [RS19].
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4.2.2 Additional classifier set as fictional classifier

In the previous considerations, one classifier of the different ensembles is set as FC
to analyze the influences of changing precision values. In the following, the FC is an
additional classifier fused with the best individual one to evaluate whether the ad-
dition of a classifier can improve the overall performance or which properties (here:
precision values) the additional classifier should have to improve or not deteriorate
the performance. The best individual classifier (B) is fused with each of the other
classifiers separately (2-11) using BCR, where the number denotes the order accord-
ing to individual accuracy (B+i, where i denotes the ith best individual classifier).
In the different ensembles, only two classifiers are fused, and each of them is once
denoted as FC with varying precision values according to Figure 4.1 (B+i W means
the worse classifier of the ensemble is set as FC, B+i B denotes the best classifier
as FC).

The results of data set Coffee are shown in Figure 4.7. Using training data, the
accuracy can not be improved by adding a second classifier. For all different en-
sembles the maximum achievable accuracy using FC and also the fusion without
FC show same accuracy as the best individual classifier. From Figure 4.7 top left,
the maximum and minimum precision values for each class leading to the accuracy
are shown. Whenever the worse classifier is denoted as FC, the range of precision
values is very high (p1 ≈ [5 %, 100 %] and p2 ≈ [0 %, 95 %]). Independent from
the precision of the worse classifier, the fused accuracy is the same for each ensem-
ble. Considering the best classifier as FC, the range of the precision values is lower
(p1 ≈ p2 ≈ [50−70 %, 100 %]) with small changes of the minimum values depending
on the additional classifier, except of the values for the ensemble B+2 B. The two
best classifiers for data set Coffee have the same individual accuracy, therefore the
minimum of precision values is the same as for the ensemble B+2 W. The results
from training lead to very specific selected precision values for test (see Figure 4.7
bottom left). In test results the accuracy is mostly the same for all three consid-
erations (best individual classifier, fusion without FC, and fusion with FC). In the
case of B+3 B and B+5 B, the selected precision values lead to a deterioration of
performance, in case of B+11 W, the change of precision value improve the fusion
performance.

Considering the training results for the data set ECG200 (see Figure 4.8 top right),
again no improvement compared to best individual classifier can be achieved using
fusion (with and without FC). The fusion without FC shows, that the achievable
accuracy can be outperformed by changing precision values of one classifier. The
improvement by changing the precision values show that the initially calculated
precision values from the classifier denoted as FC are not in the given range between
maximum and minimum precision values shown in Figure 4.8 top left. Similar to
the data set Coffee, the range between maximum and minimum precision values is
higher regarding the worse classifier as FC (B+i W) than the best classifier set as
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FC (B+i B). According to this, the selected precision value for test using worse
classifier as FC is in all cases around 50 % and the accuracy for test samples is the
same as best individual accuracy. For the best classifier set as FC, the accuracy
is in some cases the same and in some lower as the best individual accuracy, but
the absolute value of deterioration is lower for fusion with FC (minimum accuracy
is 87 %) than for fusion without FC (minimum accuracy is 82.5 %) (see Figure 4.8
bottom right).

Using fusion of the ensembles for training data of data set GunPoint, in Figure 4.9
top right a very low and not significant improvement of accuracy is possible. For
these ensembles (B+2, B+3, B+10, and B+11), the previously explained scheme of
precision values leading to this improved accuracy (high range between maximum
and minimum precision value for worse classifier set as FC and low range for best
classifier denoted as FC) is changed (see Figure 4.9 top left). Especially the minimum
value of p2 is higher than for the previous data sets and also for the other ensembles
of this data set. This observation can not be transferred to the test results. In case
of B+3 and B+11, the test results show a deterioration of fusion with FC compared
to the best individual accuracy. Although in most cases, the accuracy of fusion with
FC is higher than the fusion without FC.

Regarding the training and test results of data set Yoga, the accuracy of best indi-
vidual classifier, fusion without FC and fusion with FC are the same for all ensembles
(see Figure 4.10 top and bottom right). Adding a classifier to the best individual one
does not change the performance, but the precision values leading to this maximum
accuracy are in case of data set Yoga very specific. The ranges between minimum
and maximum precision values are nearly the same for p1 and p2 and lower for best
classifier as FC than for worse classifier as FC (see Figure 4.10 top and bottom
left). The only change can be observed considering the minimum value of p1 and p2.
For higher number of second classifier (means worse performance of the additional
classifier), the minimum precision values decrease.

Lessons learned Adding only one classifier to the best individual does not im-
prove the overall accuracy, but using fusion, the varying precision value lead to an
improvement compared to the fusion with the initially calculated precision values.
Thus, using fusion of two classifiers, the fusion using an FC lead to more robustness
(with respect to the performance of the additional classifier). An additional classi-
fier, which is worse than the other one, can have a wide range of precision values
leading to the same fused accuracy. The best individual one should have specific
precision values when combining with an additional worse classifier.
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Figure 4.7: Simulation results of data set Coffee (adding an FC).
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Figure 4.8: Simulation results of data set ECG200 (adding an FC).
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Figure 4.9: Simulation results of data set GunPoint (adding an FC).
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Figure 4.10: Simulation results of data set Yoga (adding an FC).
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4.3 Application to experimental data

The idea of fictional classifier is applied to real industrial data from hot rolling mills
(HRM). First results using FC regarding the distinction of four classes are shown.
The background of the data, like classes, used classifiers, and individual classification
results are shown in Chapter 3.3.1.

In the following 3-fold cross-validation is used to generalize the results. In Tab. 4.2
the used static ensemble strategies are shown. Considering a four class problem,
the probability matrix contains of 16 entries. Due to the requirement, that the
sum of each column in the probability matrix has to be equal to 1, the number of
parameters to optimize is 12 (P FC

ij with i = 1, . . . , nC − 1 and j = 1, . . . , nC). The
probability matrix results in

P FC =









P FC
11 . . . P FC

14

P FC
21 . . . P FC

24

P FC
31 . . . P FC

34

1−
∑3

i=1 P
FC
i1 . . . 1−

∑3
i=1 P

FC
i4









. (4.2)

This means, that not only the precision values (i = j) are variable, but also the
probability the classifier assigns class i, but the real class is j (i 6= j).

In Figure 4.11 the accuracies of best individual classifier, fusion without and with FC
of training and test process are shown. Compared to the results of benchmark data
with two classes, the training results show different behavior. Here an improvement
using fusion is always possible. Using the FC, the accuracy is in some cases higher in
some cases less than without FC depending on the applied ensemble. There are also
two cases (2W 2 and 1B+1W), in which the results using FC are significantly worse
compared to the best individual accuracy and the fusion without FC, especially
when the worst classifier in the ensemble is set as FC. In test the accuracy using
fusion with FC is not improved compared to fusion without FC in most cases. In
general the results using fusion (with or without FC) can not outperform the best

Abbreviation Ensemble selection

2B/3B/4B/5B Two/three/four/five best classifiers

2W/3W/4W/5W Two/three/four/five worst classifiers

1B+1W/2B+2W One/two best and one/two worst classifiers

2M/4M Two/four medium-good classifiers

ALL All six classifiers

Table 4.2: Static classifier ensembles selected by accuracy of individual classification
results applied on experimental data [RS19].
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Figure 4.11: Simulation results of data set HRM [RS19].

individual classifier. Obviously the values calculated/optimized during training can
not be applied for test data.

Lessons learned Compared to the results from benchmark data, the experimental
results lead to similar conclusions with some restrictions. In training the accuracy
can be improved using the optimized parameters for specific ensembles and clas-
sifiers set as FC. The improvement potential is different for all considered cases.
Considering a four class problem, the optimized parameters during training can not
be directly transferred to unknown samples. Using the fictional classifier the im-
provement potentials also for a four class problem can be shown. In this case the
optimized 12 parameters are too specific to select them for unknown samples.
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4.4 Conclusions from the analysis of classifier properties

The questions regarding the properties a classifier of an ensemble should have as
well as whether the use of a fictional classifier can lead to better fusion performance
are considered in this chapter. Resuming all example combinations it can be con-
cluded that in general a higher accuracy can be obtained using the FC compared
to the accuracy of fusion without FC. The best individual classifier can not be out-
performed, although for specific ensembles (those selecting the worst classifiers) the
analysis using FC show an improvement potential varying the precision values.

The precision values an additional classifier should have can also be stated from the
analysis using the FC. An additional classifier, which is worse than the other one,
can have a wide range of precision values leading to the same fused accuracy. The
best individual one should have specific precision values when combining with an
additional worse classifier.

How can this result be used?

• There is no best classifier performing best for all data sets. This is a known
result denoted as ’No Free Lunch Theorem’ [WM97].

• Knowing the specific conditions for classification it makes sense to search for
the best individual classifier to perform best in specific applications.

• Not knowing specific conditions, fusion is useful while providing more robust
(with respect to new and untrained situations) results.

• Using fusion, it is useful to evaluate the improvement potentials by varying
the precision values and determine the best ensemble and classifier as FC.

• If no improvement is possible, common fusion methods (like the Bayesian
Combination Rule) can be used.

• If an improvement is possible, the precision values as well as the ensemble
selection and classifier set as FC from training can be used for fusion of new
samples.

• If only classifiers with worse performance are available, a fusion with FC should
always be considered.

The evaluation using the introduced fictional classifier can help to analyze the im-
provement potentials and assists by deciding if and under which conditions a fusion
of results is useful.
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5 Variation of performance measures used for fu-

sion

As explained in the previous chapter, the precision value is an influencing factor
to the overall accuracy of fused results. In some applications, the precision value
is not computable because of not available training or validation data. Probability
estimations are available as classifier output denoting the probability of a sample
belonging to the assigned class. This value can directly replace the precision value,
because both are probabilities belonging to one class. Furthermore, conventional
NDT approaches use the Probability of Detection (POD) as a reliability measure
instead of precision. The POD quantifies a sensor-filtering approach with respect to
mostly static measurements and are dependent on the flaw size a, so the replacement
of the precision values with the POD values is more complex. This chapter details a
new concept replacing the precision values with POD values and shows experimental
examples for condition monitoring using the new concept or replacing the precision
value with the probability estimations respectively.

In Chapter 5.1 the new approach used to improve the POD characterization of
each sensor-/vibration-based statement by decision fusion using several sensors is
introduced. To fuse the detection results of the sensors related to their POD and
a90/95 value, the BCR is used. The application to two experimental examples is
explained in Chapter 5.2. In the first experimental example, the POD values for fault
diagnosis in elastic structures are calculated and used for fusion. The second example
shows the replacement of the precision values using the probability estimations.
Conclusions are given in Chapter 5.3.

The content, figures, and tables in this chapter are based on publication of [ARS18c],
[ARS18a], [ARS18b], and [Rot+17] and prepared for publication of [ARS19].

5.1 Concept of POD-based fusion

In the case of fault detection, normally the precision value is used as a performance
measure, which is considered in the fusion process. Here the measurable POD
values for specific masses can replace the precision value, because both define a
performance measure about the reliability of an assignment. Therefore, the POD of
each sensor and feature for specific faults (here: masses denoted as a90/95 values for
the considered sensor-feature combination) can be used to calculate the belief values
according to the Bayesian combination rule. The procedure is shown in Figure 5.1.
First the POD curves for all n sensor-feature combinations are calculated. From
the POD curve, the a90/95,i value with i = 1, ..., n for all n combinations can be
determined. Corresponding to each a90/95,i value, one POD value (PODj(a90/95,i)
with j = 1, ..., n) can be assigned using the calculated POD curve (in total n times
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n POD values). For further considerations, the a90/95,i values are treated like classes,
where as for unknown situations, each sensor-feature combination j can just detect
a fault or not. Based on the detection, the precision for one a90/95,i value Pj used for
fusion is set as Pj(a90/95,i) = PODj(a90/95,i) in case of detection and Pj(a90/95,i) =
1−PODj(a90/95,i) in case of no detection. Using the standard Bayesian Combination
Rule, the values are combined to one belief value (here: one value for each a90/95,i
value). Using the belief values, for each detection combination, one belief-curve can
be calculated.
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Figure 5.1: Concept of POD-based fusion.
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5.2 Application to experimental data

The concept for POD-based fusion is applied to the fault diagnosis of an elastic
beam. Vibration-based SHM operates on the principle that structural defects result
in changes in dynamical properties. Fault identification is mainly based on displace-
ment, velocity, or acceleration measurements at a single point [Fri05]. Therefore,
different sensors and extracted features are considered with different performance
expressed by a90/95 values. The replacement of probability estimations for precision
values is shown using experiments of damage detection in composites.

5.2.1 Fault diagnosis in elastic structures

The experimental system to be considered for illustration is an elastic beam. Accel-
eration, displacement, and strain measurements are taken. As features, band power
and eigenfrequency analysis are carried out on the first two modes of the mechanical
system.

The experiment is carried out on an elastic mechanical beam using a test rig. An
elastic steel beam of dimensions 545 x 30 x 5 mm is clamped on one side. The
beam length is divided into five equal parts (Figure 5.2) defining sensors position.
Piezoelectric accelerometers (ACC) are attached at three positions (P1, P2, and
P3) on the beam. Two strain gauges (SG) are bonded onto the beam at positions
P1 and P3. Two displacement measurements are taken at the two positions (P2,
P4) using non-contact laser sensors (Laser). The beam can be excited manually or
by modal hammer. Changes within the elastic mechanical structures are assumed
as changes due to varying mass, so here additive masses are applied to modify
the existing initial system to simulate a fault (due to mass change). Two cases
of point mass placement are examined. Case I involves placing the point mass at
midpoint of position 2 and 3. Case II involves the placement of point mass at the
midpoint of position 3 and 4. These masses are added to the specified locations. For
every incrementally placed mass the beam is excited and the corresponding data are

Position P1 P2 P3 P4 P5

x

z

Accelerometer

Strain gauge

Laser sensor

Case II

Case I

Figure 5.2: Sensor positions relative to beam length [ARS18a].



5.2 Application to experimental data 64

recorded. The analysis is carried out for the first and second mode for each situation
of mass placement (cases I and II). To explore the non-uniqueness of a feature for
POD analysis, as additional feature, band power is also extracted. In Table 5.1
the results of the a90/95 values for individual sensors and features are given. The
best results for one feature are marked in bold (lowest a90/95 value) and the worst
results are underlined (highest a90/95 value). From the results, it becomes evident
that the a90/95 POD quantification is different depending on sensor type and feature
considered. The numbers indicate the maximum mass that can be missed with a
90 % POD at a 95 % confidence level. Lowest masses represent best results, so
the sensor detects least mass change. Worst POD sensor characterization, represent
worst results so the sensor requires large fault (here: mass) values to be detected
with a90/95 reliability.

In the case of non reliable statements (the use of one sensor and feature is low
to ensure confident health status statements) decision fusion of the results from
different sensors or features may be an option for improving reliability.

In Table 5.2 the POD of the seven sensors for the corresponding a90/95 values calcu-
lated from POD curve shown in Figure 5.3 are given. The 90 % values are marked
in bold to show the correspondence between the sensor and the related a90/95 value.
The POD values for masses lower than the individual a90/95 value are smaller, than
those for higher masses.

To explain the combination using POD values, the fusion of the sensors ACC 1
and ACC 2 and the feature band power is considered as example. To calculate the
belief values, it has to be known, which sensor detected the fault and which failed.
Assuming ACC 1 detected a fault, ACC 2 did not, the precision values are denoted

Table 5.1: Resulting a90/95-values [g] of the different measurements [ARS19].

Point mass between P2 and P3 Point mass between P3 and P4

(Case I) (Case II)

Sensor Mode 1 Mode 2 Band power Mode 1 Mode 2 Band power

ACC 1 74.04 48.15 45.28 52.21 9.915 84.56

ACC 2 74.04 55.78 34.63 52.15 9.293 22.78

ACC 3 74.04 72.59 20.20 52.15 13.36 17.29

SG 1 85.19 72.38 29.34 52.15 11.07 28.69

SG 2 126.70 62.23 34.37 54.08 9.394 27.93

Laser 1 67.30 61.03 27.64 52.10 43.49 25.54

Laser 2 74.04 - 23.44 52.15 - 25.85
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Figure 5.3: POD related to Laser 1 and band power as feature [ARS19].

as P1 = PODACC1(45.28 g) and P2 = 1 − PODACC2(45.28 g). The belief value for
the mass of 45.28 g (= a90/95,ACC1) is calculated by

bel(45.28 g) =
P1 · P2

P1 · P2 + (1− P1) · (1− P2)
. (5.1)

In the same way, the belief values for the other masses can be calculated. Extending
the fusion to all sensors, the number of detection combinations ascends.

The resulting belief values for different detection combinations, as example if five
of the seven sensors detected a fault (e.g. 0 0 1 1 1 1 1 means the first two sensors
(ACC 1 and ACC 2) did not detect a fault, all others did), are shown in Figure 5.4.
Depending on which five of the seven sensors detect the fault, the belief values
vary. Although all belief values increase for increasing masses. This means that
the probability, that a fault with a higher mass is present is higher in case of five
sensors detecting a fault. In Figure 5.5 a selection of different detection combinations
is presented. For selection of the best and worst sensor-/feature-based statement,
results according to Table 5.1 are considered. For example 4B means the four best
sensors have detected a fault, the others did not. In case of 6B, 5B, and 4B, all
belief values are close to 100 %, whilst in case of 1W, 2W, and 3W are close to 0 %
(see Figure 5.5). For the other cases a symmetry can be seen, e.g. the curve of 5W
corresponds to 100 % minus the curve of 2B.
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Table 5.2: POD results [%] for different a90/95 values (only for band power as exam-
ple) [ARS19].

Sensor 20.20 g 23.44 g 27.64 g 29.34 g 34.37 g 34.63 g 45.28 g

ACC 1 48.6 61.8 71.6 74.0 83.9 84.8 90.0

ACC 2 63.5 71.2 83.2 84.8 89.7 90.0 96.1

ACC 3 90.0 95.0 97.1 97.6 98.8 98.9 99.5

SG 1 74.5 83.9 85.8 90.0 94.4 94.7 95.8

SG 2 64.2 75.5 84.3 85.7 90.0 91.1 96.0

Laser 1 77.7 87.1 90.0 91.6 94.5 95.4 98.1

Laser 2 85.5 90.0 93.7 95.3 97.2 98.1 99.2

Considering the case 2B, which means the two best sensor-/feature-based statement
(with the lowest a90/95 value) are detecting a fault, all other 5 sensors are not, it is
more probable, that there is a small fault than a bigger one, because if the better
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Figure 5.4: Belief values for different detection combinations, when 5 of 7 sensors
detect a fault [ARS19].
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Figure 5.5: Belief values for different detection combinations, selected by the best
(B) or worst (W) sensors detecting the fault [ARS19].

sensor-/feature-based statement have detected a fault, it could be possible, that the
fault is too small to be detected by the other sensors (with higher a90/95 value).
However, if the mass would be larger, the other sensors should also have detected
the fault. If there is a higher number of sensors detecting a fault (like in case 5W),
the belief values increase for increasing masses, because a larger fault is easier to
detect.

Lessons learned The combined POD curves resulting in one fused curve denote
the belief value for specific fault sizes (here masses). Depending on which detection
systems detected a fault, the probability, that a fault with a specific fault size exists,
increases or decreases with increasing fault size. In case of decreasing belief values,
it is more probable, that there is a small fault than a bigger one, because the better
sensor-/feature-based statement have detected a fault. The fault can be too small to
be detected by the other sensors with higher a90/95 value. The belief values increase
for increasing masses, if there is a higher number of sensors detecting a fault (like
in case 5W). A larger fault is easier to detect, so that more even worse detection
systems are detecting the fault.
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5.2.2 Damage detection in composites

The injection of damages in composites is more difficult than for other materials like
the addition of masses to the elastic beam. Using the data presented in [WBS18], the
measurement series of each specimen comprises a total of 25 data sets. The appeared
damages in these experiments are not known. Measurements were performed using 5
different excitation frequencies in the range of [2 Hz, 6 Hz] and 5 different amplitudes
in the range [6 mm, 18 mm]. Using Acoustic Emission measurements the data
is classified by Support Vector Machine (SVM), K-Nearest Neighbor (KNN) and
Artificial Neural Network (ANN).

The classification performance is assessed using probability estimation indicating
the likelihood that a particular observation is a member of the assigned class (de-
lamination, matrix crack, debonding, and fiber breakage).

From the classification results, mean values of probability estimation were computed
to investigate dependencies between classification reliability and loading conditions.
In Figure 5.6, the loading pattern is plotted on the x- and y-axes, respectively.
Corresponding probability estimates are indicated by the color scale. For each clas-
sifier (KNN, SVM, and ANN) as well as for each class (delamination, matrix crack,
debonding, and fiber breakage) the probability estimations are shown depending on
the excitation. The experimental results show that the classification performance
varies strongly with the excitation.

The precision values used for fusion can not be calculated for this data set, because
of the missing labels of the data samples. To fuse these classification results, the
probability estimations are used instead of the precision values.

Considering the fusion results of WV, the probability estimation has similar values
and similar distribution as for the individual classification. Using BCR, the values
change to over 80 % or 0 %. This means, that if there is a decision for one class,
the belief value of this class is over 80 % and therefore a crisper decision for one of
the classes can be obtained. The variation of the probability estimations with the
loading conditions is less significant.

Furthermore, the structure of the probability estimation distribution of the fused
results shows similarities to all individual classifiers such as the three areas of class
debonding, where the probability estimation is 0 % (blue). The area corresponding
to the amplitude of 6 mm is also existent for classifiers KNN, SVM, and in parts of
ANN. For amplitude of 12 mm and frequency of 6 Hz, there is a value of 0 % in case
of classifier KNN and SVM. The probability estimation for amplitude of 18 mm and
a frequency of 4 Hz is also 0 % in the results of classifier SVM and ANN.
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Figure 5.6: Probability estimations of classification and fusion results for different
load conditions [Rot+17].
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Lessons learned Fusion using the probability estimations instead of precision
values is possible. Using the BCR method, the belief value leading to a decision for
one of the classes is either higher than 80 % or 0 %, so that a crisper decision can
be made. The dependancy of the probability estimations to the loading conditions
(frequency and amplitude) is less than for individual classification.

5.3 Conclusions from the variation of performance measures

Using different performance measures (here POD and probability estimations) the
fusion methods have to be adapted. The experimental examples show, that rea-
sonable fusion results are computed using the fusion with the BCR by replacing
the precision value. Several individual performances and assignments can be fused.
The results of fusion using probability estimations show that fusion leads to crisper
decisions whether for one or the other class.
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6 Analysis of data and fusion method

characteristics influencing fusion performance

In this chapter fusion options are discussed to overcome the problem of not improv-
ing the performance using fusion and to define influencing factors on overall fusion
accuracy. As a result requirements for good or guaranteed or possibly increased
fusion performance and also suggestions denoting those options not leading to any
kind of improvement are given. For illustrating the effects, a practical example
based on three characteristics of fusion methods (type of classifier output, use of
these outputs and necessity of training) and four data properties (number of classes,
number of samples, entropy of classes and entropy of attributes) are considered and
analyzed with 15 different benchmark data sets, which are classified with eight clas-
sification methods. The classification results are fused using seven fusion methods.
From the discussion of the results it can be concluded, which fusion method performs
best/worst for all data sets as well as which fusion method characteristic or data
property has more or less positive/negative influence on the fusion performance in
comparison to the best base classifier. Using this information, suitable fusion meth-
ods can be selected or data sets can be adapted to improve the reliability of decisions
made in complex or safety critical systems.

In Chapter 6.1 the selected data sets, classifiers, and fusion methods as well as the
numerical analysis procedure are explained. In Chapter 6.2 the results of the numer-
ical calculations based on benchmark data with respect to the overall performance,
the fusion method characteristics, and the data properties are shown and discussed.
Conclusions are given in Chapter 6.3.

The content, figures, and tables in this chapter are prepared for publication of
[RKS19].

6.1 Concept of numerical analysis

To evaluate the influences of the above mentioned characteristics on the fusion per-
formance, various experiments are conducted. Experiments instead of analytical
calculations are used, because the final fusion result can not be calculated without
specific assignments from the classifiers. These classifier assignments also depend
on considered data sets [AS06], so that several assumptions and dependencies have
to be considered. The experimental evaluation offers the advantage, that these
assumptions and dependencies are fixed for the given benchmark data sets. For
example-related generalization training and test data sets are divided by nested
cross-validation. By means of the experiments, conclusions and suggestions to the
suitable fusion methods can be given.



6.1 Concept of numerical analysis 72

The specification of considered fusion methods and base classifiers, as well as the
definition of the applied data sets and their fundamental properties is introduced
first. The conducted experimental procedure as well as the intended purpose of
several experimental design decisions will be detailed.

6.1.1 Data sets

A large amount of potentially useful measures are known to describe data character-
istics. To cover a preferably wide range of characteristics, the conducted experiments
are based upon 15 different problems taken from the UEA & UCR Time Series Clas-
sification Repository [Bag+17]. Selected data sets and corresponding characteristics
are listed in Table 6.1. All selected data sets are characterized by nominal class la-
bels and continuous valued numerical attributes without any missing values present.

Table 6.1: Benchmark data selected for classification from the UEA & UCR Time
Series Classification Repository [Bag+17].

Name of Dataset Samples Classes Data Origin

Beef 60 5 Spectrograph

ChlorineConcentration
(ChlorineConc)

4307 3 Simulated

Earthquakes 461 2 Vibrations

ECG5000 5000 5 ECG measurement

FaceFour 112 4 Images

FordA 4921 2 Engine noise

LargeKitchenAppliances
(L.K.Appliances)

750 3 Energy consumption

Meat 120 3 Spectrograph

OliveOil 60 4 Spectrograph

OSULeaf 442 6 Images

Symbols 1020 6 Images

SyntheticControl
(SyntheticCont)

600 6 Simulated

Trace 200 4 Simulated

TwoLeadECG 1162 2 ECG measurement

Worms 258 5 Motion
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Each of the data sets has been reviewed prior to application in terms of standard-
ization, since incorrect or non-existent standardization can affect the results during
classification [Bag+17]. Each of the selected data sets originally contains standard-
ized samples of zero mean and unit standard deviation.

6.1.2 Classification methods

To generate classification results for fusion, the open source software package WEKA
[Hal+09] is used to apply the classification methods. The different hyperparameters
of each classifier are not considered, so the default-parametrization is used. The op-
timization of classifier inherent parameters is a highly problem specific task [Zhe15].
Different data characteristics usually require different parameter adjustments, so
the application of optimized models on differing data sets would lead to highly
biased results, when not specifically optimized for each of the given problems it-
self [Bag+17]. An optimization process requires additional amount of data, which is
often unfeasible due to the already limited number of samples available. Therefore,

Table 6.2: Mean accuracy [%] for each classifier and data set.

Data set

Classifier
C1 C2 C3 C4 C5 C6 C7 C8

Beef 58.33 81.67 46.67 53.33 61.67 81.67 25.00 33.33

ChlorineConc 92.80 99.98 61.07 41.30 99.33 70.20 38.26 37.98

Earthquakes 71.96 73.70 79.78 72.39 71.96 69.57 59.57 55.43

ECG5000 92.90 94.60 92.72 86.82 93.30 94.80 60.98 73.30

FaceFour 85.45 96.36 80.91 93.64 95.45 93.64 62.73 57.27

FordA 51.32 75.26 52.93 48.80 68.27 49.25 50.35 49.31

L.K.Appliances 54.67 36.27 45.73 50.27 58.27 45.87 44.80 39.33

Meat 95.00 100.0 95.00 97.50 99.17 100.0 55.00 83.33

OliveOil 88.33 91.67 80.00 91.67 88.33 88.33 78.33 71.67

OSULeaf 42.95 61.59 37.05 37.05 65.23 51.82 37.50 33.18

Symbols 94.41 96.96 90.00 93.63 96.37 95.88 67.16 65.10

SyntheticCont 80.00 94.50 81.00 97.00 90.33 95.50 56.33 61.33

Trace 89.50 88.50 68.50 87.50 91.50 78.00 41.50 41.50

TwoLeadECG 93.79 99.66 97.50 78.28 99.40 99.48 52.67 52.93

Worms 47.06 37.25 41.96 32.16 46.67 36.47 29.41 24.71
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to bypass the problem of limited data, and as done in several other contributions
( [Mor+06], [AS06]), the applied classifiers are implemented with the default param-
eter setting applying the WEKA machine learning toolbox version 3.8.2 [Hal+09].
The classification methods to be discussed are C4.5 Decision Tree (C1), Multilayer
Perceptron (C2), Radial Basis Function Network (C3), Naive Bayes (C4), K-Nearest
Neighbors (C5), Support Vector Machine (C6), Expectation Maximization (C7), and
Simple K-Means (C8). To enable the application of unsupervised clustering methods
with respect to the problem of classification, the WEKA ClassificationViaClustering
procedure [Hal+09] is implemented, which generates a mapping between the clus-
ters derived from training data and their corresponding class labels in a supervised
manner [Bou+13]. The results of the individual classifiers (mean accuracy for all five
folds) are given in Table 6.2. The best as well as the worst result for each considered
data set is printed in bold or is underlined respectively.

6.1.3 Fusion algorithms

For a consistent distribution of fusion methods to all attributes, seven different
fusion methods are selected. In Table 6.3, the methods Majority Voting (MV),
Highest Rank (HR), Borda Count (BC), Bayesian Combination Rule (BCR), Be-
havior Knowledge Space (BKS), Logistic Regression (LR), and Fuzzy Integral (FI)
are shown with their specific characteristics according to the utilized type of clas-
sifier output, the necessity of training parameters, and whether they are class-
conscious (bold) or class-indifferent (not bold). In the following analysis (in ac-
cordance to [KBD01]) the classifier output levels are distinguished into single class
label outputs (abstract) and ranking or measurement outputs (soft).

6.1.4 Procedure

Although several measures for assessing the performance of classification algorithms
exist [Zhe15], the focus of the conducted numerical experiments is given to the

Table 6.3: Different fusion methods ordered by characteristics (class-conscious meth-
ods are printed in bold) (referring to [KBD01]).

Trainable method

No Yes

O
u
tp
u
t
le
ve
l

Abstract Majority Voting Bayesian Combination Rule
Behavior Knowledge Space

Soft Highest Rank
Borda Count

Logistic Regression
Fuzzy Integral
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analysis with respect to the overall classification accuracy obtained by classifier
fusion. Therefore the accuracy gain is considered.

According to k-fold cross validation, data sets are divided into k folds. Random
partitioning of data into k disjoint folds is done [Mor+06,Krs+14]. The partitioning
conducted within each of the outer loops of cross validation is the same for every
classifier and fusion method (due to implementing seeded random partitioning in
WEKA) [Bou+13]. This way, by generating the exact same folds of data for ev-
ery classifier and fusion method, all of the conducted experiments are completely
reproducible when based upon the attached basic partitions of data. To prevent
additional bias caused by a dissimilar deployment of classes between training and
test data, each of the derived partitions possesses the same class distribution as
the corresponding original set of samples by implementing stratification of parti-
tions [BF04,Bou+13]. The suggested number of folds using cross validation accord-
ing to investigations in [Koh95] and [RPL10], strongly depends on the stability of
applied induction algorithms. For larger values (k = 10− 20), in [Koh95] a reduced
variance by simultaneous increasing bias of estimates is noted, while for smaller
values (k = 2) the variance increases significantly. In a similar way, the recommen-
dations proposed by [RPL10] ranges between two to ten folds. Here the applied
number of folds is consequently defined as k = 5 for both inner and outer loop of
cross validation, providing a trade-off between bias and variance while restricting
computational effort. The considered data set is divided into 5 folds, four of these
folds are used to train, one fold is used to test the classifiers. Using the test fold,
also the fusion methods are applied to compare the fusion performance with the in-
dividual classifier performance. This training/test procedure is repeated five times.
According to [VS06], the resulting mean value (here of gain of accuracy) is used to
compare the performances.

As explained, some of the selected fusion methods need also an additional train-
ing prior to the fusion process. Following the contributions [Krs+14,VS06,Won15]
generating unbiased performance estimates, every aspect of parameter tuning or se-
lection should be included within the procedure of cross validation itself, so a nested
approach of cross validation is considered. This means, that every training data
set (consisting of four folds of the entire data set) is again divided into five folds.
Four of these folds are used for training of the classifiers and the 5th fold is used
to calculate the necessary parameters for the fusion method. This is also done five
times for each training data set, so 25 times in total. From all calculated values, the
mean value is set as the final parameter used in the fusion process.

6.2 Numerical analysis

To evaluate the performance improvement and the influences of different character-
istics, the results are discussed in the following. First the overall performance will
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be shown. The results related to the characteristics of fusion methods and data sets
are discussed subsequently.

6.2.1 Mean performance of fusion methods

To analyze the overall fusion performance, the accuracy gain calculated for each
fusion method and data set is shown in Table 6.4. The best as well as the worst
result for each considered data set is printed in bold or is underlined respectively,
not negative values are highlighted in green. For all 105 combinations of data set
and fusion method, only 13 times no deterioration compared to the best individual
classifier occur. Considering the number of best and worst results, LR is the fusion
method with the best performance (12 times best result out of 15 data sets). This is
also confirmed calculating the mean percentage (−0.95 %) over all considered data
sets (Table 6.4 last row). The second best results are produced using FI (mean
percentage = −3.14 %). The mean percentage for the methods BCR, BC, and MV

Table 6.4: Mean accuracy gain [%] for each fusion method and data set [RKS19].

Data set

Fusion method
MV HR BC BCR BKS LR FI

Beef -18.33 -38.33 -23.33 -25.00 -48.33 -5.00 -11.67

ChlorineConc -16.39 -52.52 -15.46 -0.02 -5.27 0.00 -0.14

Earthquakes -2.59 -24.07 -1.73 0.00 -1.95 -0.43 -4.76

ECG5000 -0.66 -25.30 -0.76 -1.68 -2.78 0.08 -0.52

FaceFour -1.78 -32.02 -2.69 -10.63 -26.68 -1.78 -2.69

FordA -14.83 -24.36 -15.14 -2.48 -3.35 -0.06 -6.38

L.K.Appliances -8.13 -22.27 -5.73 -4.80 -14.13 0.93 -2.40

Meat 0.00 -22.50 0.00 -7.50 -10.00 0.00 -5.83

OliveOil -5.00 -10.00 -5.00 -11.67 -16.67 -3.33 -5.00

OSULeaf -15.63 -28.95 -12.89 -4.08 -35.28 0.00 -3.42

Symbols -1.27 -12.06 -2.25 -3.24 -19.31 0.39 -0.78

SyntheticCont 0.17 -30.67 -1.33 0.00 -17.17 1.67 1.00

Trace -9.00 -32.00 -13.00 -3.50 -19.00 -5.00 -2.50

TwoLeadECG -1.38 -31.24 -1.63 -0.17 -0.52 -0.26 -0.09

Worms -9.28 -20.94 -2.71 -5.81 -25.13 -1.52 -1.95

Mean percentage -6.94 -27.15 -6.91 -5.37 -16.37 -0.95 -3.14
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Figure 6.1: Mean, minimum and maximum accuracy gain over all data sets for each
fusion method [RKS19].

are in a similar range (−5.37 % to −6.94 %). The fusion method HR shows the
worst results for the considered data sets, for 10 out of the 15 data sets as well as for
the mean percentage, HR produces the least accuracy gain. The BKS shows worst
results for the remaining 5 data sets. In Figure 6.1 the mean percentage as well
as minimum and maximum value of accuracy gain are plotted for different fusion
methods.

The results show, that also the range between minimum and maximum value is lower
for those fusion methods with better mean value (LR and FI) and higher for those
with worse results (BKS and HR). Although there are strong tendencies for specific
fusion methods, the variety of results is very high, not only for the different fusion
methods, also for different data sets. The dependency of the results to the different
characteristics of fusion methods and data sets is analyzed in the following.

Lessons learned In most cases fusion lead to a deterioration in accuracy com-
pared to the best individual classifier. The LR fusion method leads to the best, HR
to worst results regarding the considered data sets and fusion methods.

6.2.2 Performance related to fusion method characteristics

The distinction between trainable and non trainable, class-conscious and class-
indifferent, as well as abstract and soft level-supported methods is illustrated in
Figure 6.2.

Considering the type of classifier output, which is used for the fusion methods, it
can not be stated that one type outperforms the other one (see Figure 6.2 top left).
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Figure 6.2: Mean, maximum and minimum accuracy gain over different character-
istics of fusion methods [RKS19].

Fusion methods with best and worst results (LR and HR) both use soft classifier
outputs. Further the mean value of the individual mean values (from Table 6.4) is
similar in both categories (abstract: −9.56 %, soft: −9.53 %). For the considered
data sets and fusion methods, the type of classifier output has no significant influence
although the information content is higher using the soft level.

Beside the mentioned type of classifier outputs, also the influence of different use of
these outputs is considered. In Figure 6.2 top right the results are distinguished in
class-conscious and class-indifferent fusion methods. The results show, that the two
best performances produced by LR and FI, as well as the two worst results produced
by BKS and HR are in different categories, whereas the best performance is produced
by a class-indifferent method, the worst by a class-conscious one. The mean of the
individual mean values also show a difference (class-conscious: −12.41 %, class-
indifferent: −7.40 %) and a tendency to class-indifferent methods.

Taking the necessity of an additional training into account, the best three perfor-
mance values can be reached using trainable fusion methods. The mean of individ-
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ual mean values show a smaller absolute value for trainable methods (not trainable:
−13.67 %, trainable: −6.47 %). This result shows, that additional training, provid-
ing additional information used in the fusion process, leads to better results.

Lessons learned The level of classifier output does not have significant influence
on the fusion performance. Class-indifferent and trainable methods perform slightly
better than class-conscious and non trainable methods.

6.2.3 Performance related to data characteristics

The following paragraphs focus the impact of data inherent characteristics. There-
fore the mean, minimum and maximum values of accuracy gain are plotted for each
fusion method and data set separately over the considered data properties.

Number of classes

The first data characteristic analyzed is the number of classes. In Figure 6.3 each
plot contains the accuracy gain for the 15 data sets depending on their number
of classes of one fusion method. The results show, that the number of classes has
not an influence on every fusion method. The methods MV, HR, BC, and FI do
not show a significant change in mean value, only the range between maximum
and minimum value increases and reaches its maximum at 5 classes considering the
methods HR and BC. Utilizing the fusion methods BCR, BKS, and LR, a decrease
of accuracy gain as well as an increase of the range can be observed for increasing
number of classes. For the LR method, the occurrence of this tendency is not
as significant as for the BCR and BKS fusion methods. Both methods (Bayesian
Combination Rule and Behavior Knowledge Space) rely on the previous training of
method inherent parameters. In the case of BCR, the probability matrix which has
to be computed prior to classification, grows quadratic with the number of classes.
Thus an increasing number of classes requires a higher number of training samples.
In a similar way the application of Behavior Knowledge Space relies on the previous
computation of probabilities for each of the possible combinations of labels generated
by the different base classifiers. Hence the knowledge space also grows exponentially
with the number of possible classes, which in the case of restricted data for training
also impedes derivation of proper results.

Lessons learned For most fusion methods an increasing number of classes (up to
5 classes) lead to a decreasing performance. For a small number of classes, BCR,
BKS, LR, and FI are suitable, but for a higher number of classes, only LR and FI
are recommended.
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Figure 6.3: Mean, minimum and maximum gain in accuracy over number of classes,
with respect to each data set and fusion method considered [RKS19].
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Number of samples

In Figure 6.4 the accuracy gain is plotted over the number of samples provided by
the individual data set. Here the number of samples of the applied data sets ranges
from 60 samples (Beef and OliveOil) to 5000 samples (ECG5000). The x-axis is
scaled logarithmic because of a slight majority of lower numbers. The mean values
of accuracy gain reached with the fusion methods MV, HR, LR, and FI show no
clear tendency for increasing number of samples except of the data set ChlorineConc.
(4307 samples) using HR method. Considering the methods BC, BCR, and BKS
the loss of accuracy decreases for increasing number of samples. Regarding the
range between minimum and maximum accuracy gain, the range decreases for all
methods except of LR for increasing number of samples. Some exceptions for some
data set/fusion method combinations should be stated: The data sets FaceFour (112
samples) and Meat (120 samples) show a small range and also a higher mean value
using the fusion methods MV and BC, also showing a small number of samples. All
exceptions only appear for fusion methods, where no additional training of fusion
parameters is necessary. The most drastic impact can be noticed for the methods
of BCR as well as BKS, with an improvement of over 20 % and 40 % respectively.

Lessons learned All trainable methods show increasing performance for increas-
ing number of samples. If a large amount of data is available, trainable methods
should be preferred, if only a small number of samples can be used, LR or FI should
be applied.

Entropy of classes

To evaluate the dependency of fusion results on the evenness of class distribution,
the accuracy gain is plotted against the entropy of classes for each data set and fusion
method in Figure 6.5. The within this work classified sets of data comprise a range
of entropy between 0.7245 to 2.5850 Bit for the Earthquakes and SyntheticControl
data set respectively. Regarding the methods BCR, BKS, and LR the results show a
more or less significant influence on the mean value of accuracy gain. With increasing
entropy, the mean value decreases except of data sets with entropy of more than
2.5 Bit (OSULeaf, Symbols, and SyntheticControl). The most clearly observable
tendency can be recognized for the method of BKS. The methods MV, HR, BC,
and FI do not show a tendency of mean value for changing entropy of classes. The
range between minimum and maximum value increases with increasing entropy. This
can be observed for all methods, the most drastic impact on maximum-minimum
range can be noticed for the methods of BKS, BCR, BC, and HR. The entropy of
classes, as a measure of class distribution, reaches the highest value with respect to a
specific number of possible classes, if all of the possible labels are represented by the
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Figure 6.4: Mean, minimum and maximum gain in accuracy over number of samples,
with respect to each data set and fusion method considered [RKS19].
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same amount of samples within the considered set of data. A higher value of entropy
corresponds to a higher probability for the samples of a specific class, to take part
in the set applied for inducing the models for classification. The fact that skewed
sets of data in many cases tend to cause overly optimistic results in terms of the
resulting accuracy, may explain the observed behavior for certain fusion methods.

Lessons learned An increasing entropy of classes lead to a decreased performance
for most fusion methods, although the information content is higher and the classes
are more even distributed for high entropy of classes. For a high entropy of classes,
only LR and FI show good performance, while only HR is not recommended to be
implemented for data with small entropy of classes.

Entropy of attributes

Not only the entropy of classes, also the entropy of attributes is considered in this
analysis. As mentioned, for each attribute of one data set, one entropy value is
calculated. To get one value specific for one data set, the mean value of the entropy
of all attributes is calculated. The within this work selected sets of benchmark
data, comprise a range of entropy from 1.1211 Bit to 8.0988 Bit for the Beef and
FordA data set respectively. The mean, maximum and minimum of accuracy gain
in dependency of the entropy of attributes is shown in Figure 6.6 for each data set
and fusion method. Considering the mean value of accuracy gain, a small increase
in mean for increasing entropy of attributed can be observed using the methods MV,
BC, and BCR, whereas using the BKS fusion method, the influence is significant.
The other methods (HR, LR, and FI) show evenly distributed mean values for all
entropies. The data sets ChlorineConc and FordA show the highest entropy of
attributes, but the mean of accuracy gain decreases significantly for one or both
of these data sets when using the fusion methods MV, HR, or BC (again only the
not trainable methods). For all fusion methods the range between minimum and
maximum decreases significantly for increasing entropy of attributes. The mean
entropy of attributes is defined as the arithmetic mean over all single entropy of
attributes. Given the fact that an attribute with an corresponding low value of
entropy comprises less change in magnitudes, these attributes tend to provide only a
slight amount of additional information usable for the task of classification [MST94].
The in Figure 6.6 illustrated results support these quotations, since for lower values
of mean entropy, and therefore less attribute inherent information, the performance
of the applied methods of decision fusion is clearly impaired.

Lessons learned An increasing performance can be observed for increasing en-
tropy of attributes, because more information can be extracted using data sets with
a high entropy of attributes. Considering data with low entropy of attributes, only
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Figure 6.5: Mean, minimum and maximum gain in accuracy over entropy of classes,
with respect to each data set and fusion method considered [RKS19].



6.3 Conclusions from the analysis of data and fusion method characteristics 85

LR should be used as fusion method. For data with higher entropy of attributes,
LR and also BCR, BKS, and FI can be recommended.

6.3 Conclusions from the analysis of data and fusion method
characteristics

The question if fusion methods are increasing the overall performance and which
characteristics are influencing the fused performance is considered. A summary of
all lessons, which can be generated from the numerical analysis is listed in Table 6.5.

The overall fusion performance illustrates the differences between the considered fu-
sion methods. While the Logistic Regression outperforms the other fusion methods,
the performance of the best individual base classifier can only be exceeded in 5 out
of 105 cases. In 92 of 105 cases, using fusion lead to a deterioration of performance
compared to the best individual classifier performance.

The type of classifier output (abstract or soft) as well as how these outputs are
used (class-conscious or class-indifferent) have no significant influence on the fusion
performance, whereas the trainable methods show slightly better performance than
methods without the additional training prior to the fusion process.

Considering data characteristics, the results show, that a higher number of classes
leads to worse performance for some of the fusion methods. The methods LR and
FI show the most constant performance for all numbers of classes, while BKS shows
the highest sensitivity to increasing class number.

The more samples the data set have, the more information can be used for training
the base classifiers as well as the parameters of fusion methods if necessary. This
results in a better performance of the trainable methods for data sets with higher
number of samples and can be concluded from results by the increasing mean value
only for trainable methods (BCR, BKS, LR, and FI).

Although a higher entropy of classes denotes more even distributed classes in the
considered data set, a decrease in performance (mean and also range between maxi-
mum and minimum accuracy gain) can be observed for most of the fusion methods.
Considering data sets with low entropy, all fusion methods except of HR (fusion
method with worst overall performance) show similar and good performance. In-
creasing the entropy of classes, only using LR and FI are recommended to reach
good performance.

Complementary to the entropy of classes, the higher entropy of attributes lead to
better performance of fusion methods. The higher the entropy, the more information
can be extracted from the attributes, which can also be concluded from the results
of all fusion methods.
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Figure 6.6: Mean, minimum and maximum gain in accuracy over mean entropy of
attributes, with respect to each data set and fusion method considered [RKS19].
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Considering all data characteristics, MV, LR, and FI show the least sensitivity
to a change in these characteristics. While LR is performing best in the overall
performance, the absolute influence of the changes is the least using LR. Hence the
LR method is denoted as the least sensitive method. The fusion method BKS is
most sensitive to changes of applied data characteristics.
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Table 6.5: Lessons learned from the numerical analysis [RKS19].

Characteristic Lessons learned

Overall
performance

In most cases fusion lead to a deterioration in accuracy com-
pared to the best individual classifier.
The LR fusion method leads to the best, HR to worst results
regarding the considered data sets and fusion methods.

Classifier
output level

The level of classifier output does not have significant influ-
ence on the fusion performance.

Use of
classifier output

Class-indifferent methods perform slightly better than class-
conscious methods.

Necessity
of training

Trainable methods perform slightly better than non trainable
methods.

Number
of classes

For most fusion methods an increasing number of classes (up
to 5 classes) lead to a decreasing performance.
For a small number of classes, BCR, BKS, LR, and FI are
suitable, but for a higher number of classes, only LR and FI
are recommended.

Number
of samples

All trainable methods show increasing performance for in-
creasing number of samples.
If a large amount of data is available, trainable methods
should be preferred, if only a small number of samples can
be used, LR or FI should be applied.

Entropy
of classes

An increasing entropy of classes lead to a decreased perfor-
mance for most fusion methods, although the information con-
tent is higher and the classes are more even distributed for
high entropy of classes.
For a small entropy of classes, only LR and FI show good
performance, while only HR is not recommended to be imple-
mented for data with higher entropy of classes.

Entropy
of attributes

An increasing performance can be observed for increasing
entropy of attributes, because more information can be ex-
tracted using data sets with a high entropy of attributes.
Considering data with low entropy of attributes, only LR
should be used as fusion method. For data with higher en-
tropy of attributes, LR and also BCR, BKS, and FI can be
recommended.

Sensitivity
to all data
characteristics

Using the fusion method LR, the results are at least sensitive
to the changes in the data characteristics, while BKS shows
the most sensitivity.
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7 Summary, conclusion, and future work

7.1 Summary and conclusion

The research work presented in this thesis is related to find influencing factors af-
fecting the fusion performance. The literature review of this thesis emphasizes, that
fusion results are depending on used application data, the selection strategy, or the
fusion method itself. The open question is to define the characteristics of data,
classifier, or fusion method leading to an influence on the performance. Therefore
in this thesis, each part of the multiple classifier system is considered and analyzed
to identify, which data characteristics, classifier properties, selection strategies, and
fusion method characteristics lead to a reliable information fusion and in which cases
fusion is not worth to be established.

To examine the effects from data structure to resulting accuracy using different en-
semble selection strategies and fusion methods two strategies for ensemble selection
are used: SCE and DCE. Seven data sets from the UCR Time Series Classifica-
tion Repository are classified with eleven classifiers using WEKA. As competence
measurements, the overall accuracy of the individual classifier and the precision of
each class for each classifier is used respectively. Two experimental applications for
condition monitoring (fault diagnosis of hot rolling mill and damage detection in
composites) are used to further analyze the selection strategies. All data sets are
divided into validation and test data using cross-validation. The results from the
numerical analysis show, that the applied SCE and DCE strategies can improve
the overall performance. The analysis using SCE generates better results according
to the fused accuracy than DCE. An optimal number of classifiers selected for an
ensemble can not generally be given. The optimal number is depending on the total
number of available classifiers. In the evaluated examples, the number of classifiers
selected in the ensemble generating the best results is around half of the number
of available classifiers. In case of eleven classifiers, the selection of five classifiers
produces better results than the selection of two classifiers. For fault diagnosis of
hot rolling mill, six base classifiers are available. The best result can be achieved
using four classifiers for the selected ensemble. The experimental results of damage
detection in composites, where four base classifiers are available, the best result is
achieved using two classifiers. During analysis using all combinations of selected
classifiers, the best results are not always generated using the best base classifiers.
In some cases, the selection of best in combination with worse classifiers, higher
accuracies can be achieved.

To analyze the dependency of the precision values of one classifier to the overall fused
accuracy and to get requirements for a good fusion performance a fictional classifier
is introduced. Four benchmark data sets with two classes and one experimental data
set with four classes (fault diagnosis of hot rolling mill) are considered and fused in



7.1 Summary and conclusion 90

different ensembles to show the dependencies of the precision values on overall fusion
accuracy. To ensure a certain kind of generalizability all results are based on the 3-
fold cross-validation. From the results it can be concluded, that varying the precision
values an improvement of fused accuracy using the FC compared to the accuracy
of fusion without FC can be obtained. The related precision values vary for every
case, so no general information about precision values can be given, nevertheless
for each data set and ensemble individually the improvement potentials can be
evaluated. The analysis of only one additional classifier revealed that an additional
classifier, which is worse than the other one, can have a wide range of precision
values leading to the same fused accuracy. The best individual one should have
specific precision values when combining with an additional worse classifier. The
dependency on used ensembles, number of available data samples, and data sets
can also be concluded from the results, because the improvement potentials vary
for different combinations. In general and by the nature of the problem no overall
suggestion for the requirements for good fusion performance can be established.
To overcome this problem it can be shown that the considered factors (precision
values) have an influence on the performance. Furthermore the potential to improve
the fusion performance using a fictional classifier can be shown. If an improvement is
possible, the precision values as well as the ensemble selection and classifier set as FC
from training can be used for fusion of new samples. In general, the evaluation using
the introduced concept of a fictional classifier can help to analyze the improvement
potentials. It can assist by deciding if a fusion of results will be successful or the
individual classifier should be preferred.

To answer the question, which influence the performance measure of a classifier
used for fusion has on the fusion performance, a new concept of POD-based fusion
is introduced. The concept is applied to fault diagnosis in elastic structures with
an elastic beam as example. The measurements used are acceleration, strain, and
displacement. The POD characterization depends on the sensor position, fault posi-
tion, and the feature selected. Using the fusion approach introduced, the probability
of the existence of a fault can be obtained based on the individual performance and
assignments of the sensor-/feature-based statement. The use of probability estima-
tions as classifier output is also possible using the BCR and WV fusion methods.
The results show a crisper decision for the fused results than for individual classifiers.

To investigate relationships between fusion methods and data characteristics, the
question to be answered is: Which fusion method improves in which case the overall
performance? Therefore 15 different sets of benchmark data with different number
of classes and samples as well as different entropy of classes and attributes were
classified by eight base classifiers implemented using the WEKA machine learning
toolbox. The generated classification results were fused by seven selected fusion al-
gorithms. The fusion methods use different types of classifier outputs (abstract and
soft) in different ways (class-conscious or class-indifferent). Some need additional
training prior to fusion, some not. During experiment, nested 5-fold cross validation
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is used to distribute the data sets into training and test for classifiers, and training
and validation for fusion methods to obtain representative and (with the given re-
strictions) generalized results. The main and most important result is that in most
cases the use of fusion methods do not outperform the maximum individual clas-
sifier performance. However, the use of fusion has advantages like insensitivity to
overfitting or redundancy. The numerical analysis clearly points out, that trainable
methods produce better results, while Logistic Regression outperforms the other
fusion methods. Considering the data characteristics, a lower number of classes,
more available samples (especially for trainable fusion methods), a lower entropy of
classes, and a higher entropy of attributes lead to better performance for most of
the used fusion methods. The results lead to the conclusion, that the fusion perfor-
mance strongly depends on the individual fusion method in combination with data
characteristics.

The results and analyses in this thesis lead to the conclusion, that the fusion perfor-
mance is depending on characteristics of each part of the multiple classifier system.
Several ways to identify these influencing factors and recommendations to ensure a
reliable fusion performance are given.

7.2 Future work

In this thesis the accuracy as well as the precision values are used for selection of
the classifier ensemble. Other measures like the recall and the false alarm rate, as
well as diversity measures can be considered and analyzed to show the influence of
the performance measure on fusion performance during selection of ensembles.

The concept of the POD-based fusion is introduced and applied to one example to
evaluate the feasibility of the introduced concept. To examine the influence on the
fusion performance, further experiments have to be done where all sensor/feature
combinations are detecting a fault or not. Using the results of the experiments,
individual accuracy as well as fused accuracy can be compared.

Using the results of this thesis, an approach selecting the ensemble, the performance
measures of the classifier, and the fusion method depending on the data set can be
realized.
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Probability of Detection (POD)-based sensor/information fusion for
vibration-based analysis of elastic structures. PAMM-Wiley Online,
2018.

[Rot+17] Rothe, S.; Wirtz, S.F.; Kampmann, G.; Nelles, O.; Söffker, D.: En-
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