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Multi-Class Classification Approach based on
Fuzzy-Filteringfor Condition Monitoring

Hammoud Aljoumaa and Dirk &fker

Abstract—Analytical model-based methods have been devel- in each individual states [1], [5], [4]. Many signal/machine
oped during the last decades to achieve the goals of fault|earning-based approaches have been introduced in the last
diagnosis of systems. One of the drawbacks of these methods, iYecades such as artificial neural networks (ANNS), support

the necessity of precise models of the considered system in order . .
to design an appropriate fault detection/diagnosis system. This vector machine (SVM), and the related extensions to connect

strong assumption can not be fulfilled for all cases. Additionally, data and states [13], [14], [15], [17], [18], [19], [20], [21].

different models have to be defined for distinguishing different Despite the advantages of learning, generalization, fast con-
states of machines operation. Qualitative model-based methodsvergence, and high accuracy provided by the mentioned
and also signal-based methods avoid this problem due to their k65 and newest research: the artificial neural networks

different principle concepts of modeling. This contribution deals ffer f lexit bl d to their int |
with the idea of combining qualitative model-based methods surier from a compiexity problem due 1o ineir inierna

using fuzzy logic and statistical methods describing signal Structure [2], [1], [6], [11], [7], [8]. Whereby the number
properties. The desired goal is to design a condition monitoring of processing units in each of the input and output layers
system based on suitable and available signals, related measureqgre defined according to the number the variables/features in
ments experiments, and classifying information of the system to training datasets and dependant on the number of predictors
be monitored. The key idea of this contribution is the generation for th idered i Th b f . its t
of a set of features to distinguish related different states of the orthe C(_)n5| ere_ ISsue. € number of processing uniis 1o
system. For validation of the developed method, experimental b€ used in the hidden layer depends on the character of the
data are used from an experimental studyed friction and wear application and system to be modeled. The number of the
processes of a metal surface allowing the distinction of different processing units in the hidden layer is an essential factor to
wear states. The developed method shows good ability to distinctdeﬁne the ability of the designed neural network to model
the related states of \-N.ear. o N the system and its complex states. Increasing the number
Index Terms—condition monitoring, pattern recognition, ma-  of these units causes increasing of model’s ability the more
chine learning, feature extraction, fuzzy logic, fault diagnosis. complex states. The number of the processing units in the
hidden layer must be adjusted carefully. The inaccuracy of
process’s adjustment leads to:
I. INTRODUCTION
HE increased attention of monitoring and classification
systems rests upon a goal to define operational states

of a system. Therefore the following tasks/sub goals have toz) Underfitting/undertrainingcan be appeared if the de-

be achleve.d:_ ) _ ) sign of network is simplier or not satisfactory ; there-
1) Prediction of the faults and failures during an operation  t5re the designed network will not be able to detect

of the system before its occurrence, in order to reduce  the fy|| dataset expressing the complex situation of the
the downtime of system and to decrease the possibility  considered system [6], [11].

of production losses,

2) Improvement of the control of quality of products, Eor overcpming the problem of the overfit-
which are closely linked to the operation conditions ting/overtraining, several techniques are suggested
of the system such as "Jitter” technique based on the using the artificial

3) Reduction of maintenance costs, and noise beside the input data/signal to train the network

4) Avoidance of unplanned downtimes of the system [1 ,nd then to get smoother mapping In Input-output space
[14], [15], [16]. r faster convergence that is based on the stopping of
e itfzrations by using the cross validation, split-sample, or
Assuming measurements as data and related class[|) I- ; ; - . . .
ootstrapping during the training phase in suitable time

cations of available states a suitable knowledge batsoe get the satisfactory network without the reaching to

has to be built connecting measurements and Class'fy'n\?grfitting time [6], [11], [7]. These techniques will lead to

states. Therefore, a theoretical framework is needed to enat% . . ! :
o T : Ime consuming training because more time is needed to
the possibilities of linguistic/gradual expression of states In

mathematical and logical terms. This can be achieved diustioptimize the structure of ANNs model [6], [11].
: ) gical | ' ) Ye disadvantages of the SVMs methods can be summarized
using membership functionmtroduced by fuzzy logic. The

. . S as follows:
membership function allows linguistically to express and to

distinguish different states, its related numerical ranges anc> Multi-class applications and non separable data issues
also gradually to define an amount of occurrence of any event realted to SVMs are indirect. Because these classifiers
are binary, only for separable classification problems

Hammoud Aljoumaa and Dirk &fker, Chair of Dynamics and Con- and a direct decision function used in their structure.
trol, University of Duisburg-Essen, Campus Duisburg, Engineering Fac-

ulty, Lotharstr. 1-21 47057, Duisburg, Germany, Email:{hammoud.al- ® PrOblems_lowneSSEXBt_S during the_ tra_unl_ng phase. B_e'
joumaa;soeffker} @uni-due.de. cause principle of this process is finding of solution

1) Overfitting/overtraining problem indicating that the
neural network is designed more complicated than
necessary, and
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of the quadratic programming/optimization problem for
the large number of variables to get the optimal values System Human classification
of SVs [2], [22], [23], [11], [7], [12].

According to the above mentioned aspects, the devel- !

oped approach tries to provide suitable solutions based & B

on the following ideas: Data training for m states
1) The structure of the suggested classifying approach [

is based on a suitable number of features, which © Sliding-window feature constructor

are generated/selected as a compact set. The resulting g I

model is not based on any parameters. The training =) iy

. 7] £ Initial set of features for m states

phase appears as a selection process of the usefuf =

features (later defined as main set) from all possible & l

features (later defined as initial set), but not an opti- Fuzzy membership-based selector
mization process of the parameters. This advantage of I

the proposed approach is a main property and different Main set of features for m states

to known approaches. N . ) )

2) The proposed approach uses the suggested fuzzy (g v B

mapping method achieved to classify the considered 4 Fuzzy classifying model for m states
samples into multi-classes (including binary-classes) — § |

results. g Maximum fuzzy-based evaluator

-
Il. FUZzY-FILTER APPROACH
Threshold for Online-evaluation Prediction

A. Basic ideas emergency-stop

1) Requirements of basic idea3he requirements of the Fig. 1. General structure of proposed fuzzy-filter approach
suggested approach are as follows:

« Measurements of suitable signals generated from apy pefining a suitable feature spac&@he transformation
considered system are available. ~ process is usually calleteature extraction, which can be
« Related available information —and  expertisgjyided into two steps;eature constructionand feature
gained/generated by/ffrom a human classificatiafp|ectionprocesses [1]. In the context of this contribution two
and/or related previous observations/monitoring ays of features are used; the first set cailiitial set, which
assumed asavailable. consists of n possible relevant and irrelevant features, and the
According to these requirements, the suggested approaeicond set callethain set, which consists of p relevant fea-
(figure 1) can be understood assignal-based modeling tures. Relevant and irrelevant terms are identified according
process and also agwachine learningask. Dealing with the to the ability of the feature to distinguish the related states
considered system to be monitored; the related informatiaf, the considered system. A distinguishing abilityip is
expertise, and knowledge about related states of the congidsposed as an index of the relevance and irrelevance of the
ered system are used to generate a data matrix to preserfeature. Suggested types of the used features for the proposed
related states. The terstatehere is understood as a linguis-approach can be statistical, mathematical, geometrical, or
tic expression summarizing the conditions operation/relatedy other type to be related to the nature of the considered
states of the considered system. The linguistic expressigpplication. The suggested feature construction process in
is usually defined according to the human classification. $we proposed approach is callégature constructorusing
"healthy” or "fault-free” expressions can be used to represesiiding-window principle to generate the initial set of the
the situation of regular operation of the system and theatures for the m related states. The distinguishing ability
status of operation in abnormal state can be expresseddgyp of each feature in the initial set is calculated by using
"unhealthy” or "faulty”. The distinction of states allows afuzzy membership-based seledtokeep the relevant features
linguistic division of the related states, namely ("fault-freeand to delete the irrelevant features.
and "faulty”), into sub-states such as "healthy 1", "healthy 3) Building the classifying modelThe output of the fuzzy
2", etc., or "faulty 1", "faulty 2", etc. Usually, the generatedmembership-based selector is the main set of the features for
data matrix can be characterised aw data that can not the m related states. The features of the main set and the
give direct information able to distinguish the related stateslues of its related distinguishing abilities are used to build
of the system. Thus thewnessproperty should be removedthe fuzzy classifying model
by transformation of this data from its original form to a new 4) Evaluation processfor evaluation process, the fuzzy
and more useful form represented by a new quantity so-calledssifying model is used to calculate the p*m membership
feature. In this context, the term feature is understood asvalues for the considered data. These membership values are
synonym of an input variable/attribute/quantity to be able tosed as input of maximum fuzzy-based evaluatorindicate
highlight important relationships/underlying representatioribe related state of the data, so that this information can be
inside the raw signals with related states of the considerkdipful to trigger the tasks as thresholds for emergency-stop,
system in a best possible form of interpretation [1], [9]. online-evaluation, and also for prediction.
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In the next subsections these ideas and concepts will De Fuzzy mapping

explainedin detail. The proposed approach generates basically feature

and state spaces that should be mapped to achieve
B. Feature constructor the goal of classification. The proposed fuzzy-based

The proposed mechanism of feature construction (ﬁgun’éappmg/fuzzmcatlon process is based on the following

2), is used to build a vector of n features. The key elemen hetion (figure 4)

within this procedure is a sliding window with s elements L

to be able to scan a defined data vector of f elements pe (z5i) = 11 = ((zji — Tjk) * aq)| 1)
length continuously by shifting one value at equal time .

Once the sliding window shifts each time, the n featurjfslere/lk (z;i) denotes the membership value of value feature
vector, so-calledHybrid system state vect@@], is generated, 7 Of Samplei for the statek, zj; the value of mean

The term of"Hybrid” denotes that the vector consists o??aECter'St'C oftsrﬁnge OI fea;uyefor tt)he ‘?‘]t.at?ﬂ' Tth € valuhg h
several types/different quantities of features. THgbrid of z;, representsne center of membership function, whic

system state vectalescription helps to view the system froml> denoted byC’s, , of the states, i: 1 — f—s,j: 1 = p, oq

a problem/task-oriented side. The used principle of slidin notes to the factor the decrease in t_he membership value
window with s elements to construct the hybrid syste ccording to distance between the considered sample and the

state vector guarantees to generate the values of the feat@f ter of corresponding state. The values of features at points

representing different areas of the changes the signal. » B andC, as |IIu_strated in figure (4), are p'fese”ted as the
example for the using of the proposed mapping procedure to

calculate its membership values as follows:
C. Fuzzy membership-based feature selector 1) The membership values of the poiAtare calculated

The proposed approach uses only the main set of the by using the equation (1) only for the statesndm;
features to build the fuzzy classifying model, therefore the  the membersh|p values are zeros for cher states.
separation between relevant features and others of the initia?) The membership value of the poiiit is calculated

set of the features is needed. For separation the following by using the equation (1) only for the stage the
procedure (figure 3) is proposed: membership values are zeros for other states.

3) The membership value of the poi@itis calculated by
using the equation (1) only for the state — 1; the
membership values are zeros for other states.

« Building of a suitable fuzzy classifier for each feature
in the initial set,

« Selection of feature with certain value ©f; p, which is
defined according to predefined hypotheses space, and
adding it to the main set, M Hso Hsm Mk MHst Mgy

o Fuzzy classifiers of the features of the main set and 1 N A
its related values ofv4p are used to build the fuzzy
classifying model.

Initial set of features

v : . C \ GsRs2010
D?t.a min Cs2 Csm Csk Cst Csm-1max
trafl(?rlng Fuzzy classifier Values of feature (j)
m states
Fig. 4. Fuzzification process
No - - predefined Yes The sequence of membership functions of states with respect
value to the feature axis in figure (4) is according to the ascending

) order of the values of mean characteristic of states in the

Corresponding feature range of featurg.
is added to main set of
features

Corresponding
feature is removed

l

l E. Maximum fuzzy-based evaluator

By analysis of the samples the considered data using the
fuzzy classifying model, the p*m membership values are
Yesl generated. The desired goal is to fuse these values to one

value expressing the state. Therefore the procedure of the
fuzzy-based evaluator using the maximum operator principle
is developed by the following steps (as illustrated in 5):

Whole initial set checked?

©sRs2010

Fuzzy classifying model

« Calculation of the p*m membership values of the related
Fig. 3. Fuzzy membership-based feature selector sample by using fuzzification process as described in
subsection (lI-D),
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Considered data vector of size f
A —

Scanning vector
of size s
/—/%

w1 (w2 | = | Ws
1 ©F

T | m—

Feature filter Direction of scanning

Vector of n features

VO

Feature 1
Feature 2
Feature i

Feature n
Y Direction of situation change

Hybrid system
state vector

Fig. 2. Sliding-window feature constructor

« Calculationof a final membership value of the considtemperature, etc. based on analysis of the pressure, force, and
ered sample for each state using the following equati@tceleration signals generating from this system. According
» to the results, the best signal being is determined and
[Final (Tip) = ZM (zj:) *WADj, (2) Uused to build the classifying model. Thereforg temperature,
= pressures, and force as well as acceleration signals generated
from the system can be used to be analyzed.
wherew4p; is a weight of thej'" feature, and
« Definition of a final state of considered sample usin

the equation 8 Learning phase

In previous examinations it has been shown that the
Spinal (i) = S(max (frina (Tir)))- (3) pressure signal is the suitable signal to be used for further ex-
aminations [9], [10]. Based on the evaluation of experiments,
the five related states (m=>5) of surface conditions should be
L ——\ distinguished as follows:

oo, [ L

o0, ?%ﬁ—’ 1) Regular 1: Indicating the stable operation, represented
SE— | by green color.

N — T Weimum 2) Regular 2: Indicating the stable operation with minor

Fazy | I _— Ogﬂw [Sina changes, represented by cyan color.
System cassing oo —__| ’ B ) 3) Regular 3: Indicating the stable operation with accept-

w; B able changes, represented by blue color.
S el 4) Abnormal 1: Indicating the abrupt changing surface

b \1@/ : conditions with acceptable changes, represented by

L Max'mi'ya{ﬂzfg;based yellow color.

5) Abnormal 2: Indicating the Abrupt changing surface
conditions with non-acceptable changes, represented
by red color.

The related five data sets using raw pressure signal as training
data are used according to the subsection (1I-Al). An initial
set consisting of (n=17) statistical features is used to build

A test rig is used for studying/analysis friction and weathe feature vector/the hybrid system state vector as an output

processes of metal surface (see figure (6)) related to changgthe sliding window-based feature constructor as explained
of conditions of operation such as changes of lubrication aird procedure (lI-B). This initial set is used as input of the

Fig. 5. Maximum fuzzy-based evaluator as decision unit

I[11. EXPERIMENTAL RESULTS
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Fig. 7. Fuzzy classifiers/membership functions of the featurébeofmain
set (p=5)

Fig. 6. Metal surface to be analysed depeding on the changes of conditi¥&dlow and red colors, r_epresentir_lg the states of abnorm_a| 1
of operation and abnormal 2 of erosion rate with the progress of run-time

(see first five rows of figure (8)). The human classification

for the state changing of the data used for validation can be
fuzzy membership-based selector (as explained in procedggn based on the results of automated evaluation through an
(I1-C)) to generate the main set , which consists of the (Fipproximate transition of the changing state from states 1 to

F2, F3, F4, and F5) features. The selection of the featurgigte 2, and 3 to states 4 and 5 (see last row in figure (8)).
(F1, F2, F3, F4, and F5) is chosen such that the related

distinguishing ability is greater than a given, suitably choseR Testing phase
predefined value, like 0.7 as example. Based on the procedun]a.O test the suggested algorithm two datasets are used
explained in the subsection (lI-D), the fuzzy classifier (aR ’

) I : . ccording to the human classification the classifications
illustrated in Figure (7)) of each feature in the main set |rs sulting from these datasets are as follows:
built. The related values of the distinguishing ability each of 9 '

five features (F1, F2, F3, F4, and F5) are illustrated in (I). 1) 'In the first one, the erosion rate increases due to' the
increase of damages of the metal surface combined

TABLE | with the continued operation, and
WEIGHTS OF THE P FEATURES 2) In the second one, the erosion rate is within regular

Features F1 F2 F3 F4 F5 Ope_ratlon range.
Weights || 0.76 || 0.72 || 0.86 || 0.72 || 0.82 « Testing based on dataset number 1

The results of the evaluation using the first dataset are
illustrated in figure (9). As it can be seen from the
first five rows of figure (9), a gradual disappearance of
the related colors, namely green, blue, and cyan colors,
For validation of the proposed algorithm, the data set is presenting the states of regular 1, regular 2, and regular
used as input of the fuzzy classifying model and by using the 3 of erosion rate and a gradual appearance of colors,
procedure as described in subsection (II-E). The result of the namely yellow and red colors, representing the states of
evaluation is illustrated in figure (8). The result is consistent abnormal 1 and abnormal 2 of erosion rate changes with
with the human classification to the changes of the states the progress of run-time. Additionally an approximate
for the related data. According to the human classification, and continuously transition of the states from states 1,
the erosion rate increases due to the increase of damage of 2, and 3 to states 4 and 5, as it can be seen from the
metal surface combined with the continuous operation. This last row in figure (9). This result is consistent with the
classification is illustrated through a gradual disappearance human classification to the changes of the states for the
of colors, namely green, blue, and cyan colors, presenting related data.
the different the states of regular 1, regular 2, and regular 3. Testing based on dataset number 2
of erosion rate and a gradual appearance of colors, namely The results of evaluation of the second test dataset are

B. Validation phase
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Fig. 8. Results of the evaluation for the validation dataseetham the proposed algorithm

illustrated in figure (10). This results are also consistettte training data is necessary. The generation of classifying
with the human classification to the changes of statésatures from this is automated by the proposed approach.
for this data, which can also be seen by the complelderefore the approach provides a new definition (equation
appearance of the colors green, blue, and cyan colot$, for automated setting of triangular fuzzy membership
represented the states of regular 1, regular 2, and regdlanction parameters depending on the suggested parameter
3 of erosion rate as in the five rows in figure (10). Foty. The proposed definition differs from the usual one
the state space, namely the last row of figure (10), litased on three numerical values to be calculated manually.
is observed that the change of state is approximatélyne proposed definition the value; can be automatically

between the states 1, 2, and 3. calculated during the learning phase according to the range
of the considered state of each feature’s range and also to
IV. CONCLUSIONS AND SUMMARY the relations between the ranges of the m related states for

ntpe range of the considered feature. It works therefore as

This contribution introduces in detail the developme . e . .
of a new adaptive classifying algorithm. The proposed SN important algorithmic element for automatic data-driven

gorithm uses the combination of qualitative model—baséHOde”ng' V.Vi.th the use of the M.aximum fuzzy-pased gyalu-
methods based on fuzzy logic and signal-based meth r as decision unit; a pragmatic and systematic decision of

using statistical methods. The goal of this combination Oage overall state.based on the automated generated model can
to convert automatically raw data into a new presentati also automatically achieved. The used research example is

achieving automatic classification tasks. For initial training (H‘SEd to dlstln_gmsh_ Sl;rfaﬁe COT]d'tLOZS ofl_slldmg metal p{;\jrtfs.
the algorithm an originary related multi-class classification é macroscopic variable (here the hydraulic pressure used for
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Fig. 9. Results of the evaluation for the test dataset 1 baseteoproposed algorithm

realizing the tangential force for sliding of the metal parts) i8] F. Heijden, R. Duin, D. Ridder, and D. Tax, Classification, Parameter

used an analyzed. The application shows that the proposedEstimation and State Estimation: An Engineering Approach using
MATLAB, England: John Wiley & Sons Ltd, 2004.

approach can be used to classify complex material proceSﬁSD. Soffker, H. Aljoumaa, “Signal-based modeling a new method for

here indicating the state of the surface erosion rate. classifying system,7th Int. Workshop on Structural Health Monitoring,
Stanford University, Stanford, CA, USA, vol. 2, pp. 1519-1527, Sep.
20009.
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