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Abstract

Data mining techniques can be used for discoventggesting patterns in
complicated manufacturing processes. These patheenssed to improve
manufacturing quality. Classical representationguzlity data mining problems
usually refer to the operations settings and nthéa sequence. This paper examines
the effect of the operation sequence on the qualitile product using data mining
techniques. For this purpose a novel decisionfteeeework for extracting sequence
patterns is developed. The proposed method is @pamine sequence patterns of
any length with operations that are not necessamitgediate precedents. The core
induction algorithmic framework consists of fourimateps. In the first step, all
manufacturing sequences are represented as striokems. In the second step a
large set of regular expression-based patternmduoeed by employing a sequence
patterns. In the third step we use feature selectiethods to filter out the initial set,
and leave only the most useful patterns. In theskage we transform the quality
problem into a classification problem and emplaleaision tree induction algorithm.
A comparative study performed on benchmark datab#estrates the capabilities of
the proposed framework.

1. Introduction

In many modern manufacturing plants, data thatazttarize the manufacturing
process are electronically collected and storgtierorganization's databases. Thus,
data mining tools can be used for automaticallgairer interesting and useful
patterns in the manufacturing processes. Theserpaitan be subsequently exploited
to enhance the whole manufacturing process in atesds as defect prevention and
detection, reducing flow-time, increasing safetg, e

This paper focuses on mining quality-related dataanufacturing. Quality can be
measured in many different ways. Usually the gqualitbatches of products is
measured and not that of a single product. Thetguakasure can either have
nominal values (such as "Passed"/"Not Passed'9mtrmziously numeric values
(Such as the number of good chips obtained froiwosilwafer). Even if the measure
is numeric, it can still be reduced to a sufficigmliscrete set of interesting ranges. In
the cases that we examined, the goal was to fimddiation between the quality
measure (target attribute) and the input attrib(ttes manufacturing process data).



Classification methods can be used to improvedhming curve both in the learning
pace, as well as in the target measure that isbeglaat the mature stage. The idea is to
find a classifier that is capable of predicting theasure value of a certain product or
batch, based on its manufacturing parameters. §ubsdy, the classifier can be used
to set up the most appropriate parameters or tdifgehe reasons for bad measures
values.

When data mining is directed towards improving nfaciuring process, there are
certain distinctions that should be noted comp#éwdtie classical methods employed
in quality engineering, such as the experimentaigihe Data mining is considered as
a "secondary data analysis of large databases'd(H&98). The term “secondary”
emphasizes the fact that the primary purpose ofl#it@base was not data analysis.
That is to say, there is no control whatsoevemhendata collected. Other classical
methods, such as control charts, aim to monitoptbeess and not to infer the
relationship between the target attribute andipet attributes.

Moreover the volume of the collected data makesjractical to explore and detect
intricate relations between the parameters of @iffeprocessing steps using standard
statistical procedures. Also, comprehensive maanalysis of the voluminous data
becomes prohibitive, especially when on-line mamiig and control of the
manufacturing process are considered (Braha andl@&hen 2003)

While there are many works that analyze the effétihe operation parameters setting
(such as slicing speed) on the quality (see fdaime Rokach and Maimon, 2006),
da Cunheet al. (2006) have been the first to analyse the effetii@production
sequence. More specifically data mining is usedetermine the sequence of
assemblies that minimizes the risk of producindtygproducts. As motivated by da
Cunhaet al. (2006) the sequence analysis is particularly irgrarfor assemble-to-
order production strategy. This strategy is usetutn the basic components can be
used as building blocks of a variety of end product

In fact current manufactures are obligated to marsagrowing product portfolio in
order to meet customer needs. It is not feasdoléhle manufacturer to build all
possible end products in advance, thus the assampérformed only when the
customer order is received (da Curthal, 2006). Still in order to compete other
manufactures, the assembly lead-time should bé abanuch as possible and any
rework due to quality problems should be avoidBdcause the quality tests of the
components can be performed in advance, the quulitye final assembly operations
should be the focus. da Cunétaal, (2006) provide an industrial example of
electrical wire harnesses in the automobile ingudthere are millions of different
wire harnesses for a unique car model, mainly beeaure harnesses control many
functions (such as the electrical windows) and bseavery function has different
versions depending on other parameters such aseetygie.

This set of wires and connectors transmits elattrand information between
different devices all over the car (see Figure i¢.Tunctions (airbag, electrical
windows, headlights’ control, etc.) are performgccbmbination of different wires
and connectors. To illustrate the diversity of fhieduct, consider a standard wire
harness in a middle range car. This wire harnedemes 15 different functions.
Depending on the silhouette and the motor, thesetifons appear in different



versions (up to 9). Potential diversity is thenabo millions of different wire
harnesses for a unique car model.
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Figure 1:Wire harnesses in a car.

da Cunheet al, (2006) have realized that the classical reptesiens of quality data
mining problems are not sufficient in this case.sbtve this problem they suggest a
novel encoding of the sequence problem. Each coluartire table represents a
different sequence pair. By that "the precedenfmnmation is contained in the data
itself". For instance Figure 1 illustrates a pradwite which consists of 5 operations
followed by an inspection test targeted to ident#fylts. Because a fault was
identified, rework of operation 9 has to be doitée rework is followed by an
additional inspection test that indicates thatgraduct fits the product specification.
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Figure 1: lllustration of a product route.



da Cunhaet al, (2006) suggest to represent the sequence 1-3-By3he following
setof pairs:{B_1,1 5,5 9,9 3,3 2,2 F}. Ntitat B_1 and 2_F represent the fact
that the sequence began in operation 1 and théhdleoperation is 2. By proposing
this encoding, it is now possible to analyze tHeatfof the production sequence on
the quality of the product. For this purpose thayeéhused association rules algorithm
and have obtained very encouraging results.

Nevertheless the above representation is capabigndie only immediate
precedents. da Cunketal, (2006) suggest to solve the problem by focusim¢he
most critical operations. However automaticallyntiiying critical operations is not
always simple.

Additionally while this representation is capaliehtandle sequences whose length is
greater than two operations, it is not efficientlt;ng sequences, because it requires
much higher dimensionality. For instance in ordeexamine sequence of three
operations, one is required to add columns fatripllets (B_1 5,1 5 9, etc).
Increasing the dimensionally may cause some prabterdata mining algorithms — a
phenomena known as "Curse of Dimensionality”. Fyrihle above representation
assume that a normal operation can be performewsit once per product (i.e
sequence such as 1-3-2-1-4-3-1 is not allowed).

The goal of this work is to suggest a data miniracess that is capable to mine the
effect of the production sequence on the produalityu It extends the pioneer
research presented by da Cunha et al. (2006) bgtseg for sequence patterns of
any length and that may contains operations tleahat necessarily immediate
precedents. Moreover it can examine sequencesichwlie same operation is
performed more than once for the same product.pftygosed method can also
consider the makespan factor (i.e. the time spaaci operation, and the idle times).

The main contribution of this paper is developingesv data mining process that
employs concepts that have been developed in \&fields such as bioinformatics
and artificial intelligence and use them in mantfang applications.

2. Algorithmic Framework

2.1 Overview
In order to solve the problem presented above,uggest using the framework
presented in Figure 2. The process includes foasgst

1. Sequence RepresentationA domain specific task designed to represents
production sequences as string of tokens.

2. Patterns discovery The automatic creation of a regular expressidtepa
from each pair of sequences via the Longest Com&ubsequence (LCS)
algorithm or the Teiresias algorithm.

3. Patterns selection Applying heuristics and features selection teghas to
select the best patterns for correct classificatiotime concept.

4. Classifier training: Training a C4.5 decision tree classifier to comebi
several patterns.
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Figure 2: The process overview
The following subsections describe each of the alphases.
2.2 Representing the Production Sequence Using aifig of Tokens

Each product manufacturing data is representedstring of tokens in which each
token represents a different operation activitghd makespan factor is not important
then the representation is straightforward. Faiaimse the production sequence 1-5-9-
3-2 is represented as the string"B1593 2 F".

If the makespan factor is important then a moregoated representation is
required. For this purpose we first need to deuwitiat the desirable time granularity
is. Time granularity should be no more than theimirm operation duration in the
database.

After deciding what the desirable time granulaistywe can represent the
manufacturing process of each product instancesésng. Each time bucket is
represented as a single letter. Following RigousswkFloratos (1998), we denote by

> the alphabet of the manufacturing. Each letteX nepresents the identification of

the operation performed in this time bucket. ldheetis also represented by a special
letter (for instance "_"). The size &f depends on the number of operations needed to
be encoded. For instance the string "B 11 _ 3 3 3 F" represents a manufacturing
sequence with the operation "1" being performedhduthe first two time buckets.

Then during the four subsequent time buckets noatipe has performed followed

by three time buckets in which operation "3" isfpemed.

2.3 Patterns Discovery

The term sequence pattern usually refers to af stast sequences that is precisely
specified by some formalism. Following many reskancbioinformatics
(Hatzigorgiou et al., 2001) we are also adoptirgular expression in order to
represent sequence patterns. A pattern is defethyastring consisting of letter of
the alphabet and the wild-card character '.". The wild-carggaknown as the don't
care character) is used to denote a position #rabe occupied by any letter of the

alphabetz . For instance the pattern "B 11 .. 3. 31 lba matched against the
following production strings™B11 33311 24 313","11_7__
344" etc.

The pattern elemefit* denotes an arbitrary string of symbols (possilbliength 0),
"{3,5}" denote any string of between 3 and 5 characters.

In this paper, two alternatives for obtaining tegular expressions have been
considered



1. Longest common subsequence (Myers, 1986) thatgee\an efficient
method of finding the longest common subsequentwedas two sequences

2. TEIRESIAS (Rigoutsos and Floratos, 1998) - origindeveloped as a
combinatorial pattern discovery algorithm in bi@inmhatics for analyzing
DNA sequences. The algorithm identifies recurreakimal patterns within
sequences.

The following subsections describe each one oftinesthods.

2.3.1 Using the longest common subsequence algonith

One approach for discovering the sequence patterthe data is to compare any pair
of production sequences with the same quality Idbel "Passed"/"Not Passed").
From each pair, we create the longest regular segme that fits the two sequences.
For instance assuming we are given the following tsequences (note that the
spacing between the operations have no meaningranased for clarity)

B184234F
BO91427F

Table 1 illustrates how the longest regular expoessan be extracted from the two
strings. Every line in the table refers to a difetr part in the production sequences.
The first column enumerates the subsequence pad. fdllowing two columns
present the subsequences. Note that by concatgnidien subsequences, one can
obtain the original complete sequence. The lastinol presents the generalized
regular expression pattern that covers these subsegs. For instance in the first
line, both subsequences contain the character B#Qgi(), thus the generalized
pattern is also "B". In the second line, the fgsabsequence is empty (null) and the
second subsequence is "9", thus the generalizeskgubnce is the regular expression
".{0,1}" meaning that "one or no operation"” generatl these subsequences. Note
that whenever there was empty subsequence we adett card expression of
minimum length of 0 and maximum length of the compasubsequence. On the
other hand whenever there were two unequal subsegsiewe added a wild card
expression with the minimum length of the shortegbsequence and maximum
length of the largest sequence.

Table 1: Longest Common Subsequence Generation

# Sequence 1 Sequence 2 Pattern
1 B B B
2 9 {0,1}
3 1 1 1
4 {0,1}
5 42 42 42
6 34 7 {1,2}
7 F F F




By concatenating the expressions that appear ipdttern column, we can obtain the
following regular expression pattern:

B.{0,1}1 {0,1}4 2 .{1,2} F

In order to find the subsequences in Table 1, weetlus longest common subsequence
algorithm (Myers, 1986). One way to solve the peablis to covert it into the longest
path problem based on the lattice graph presentédjure 3. The nodes in the upper
horizontal line are labeled with the operationshef first sequence and the nodes of
the first vertical line are labeled with the operatof the second sequence. In this
graph all horizontal and vertical edges are possibtiditionally diagonal edges in
which the target node has the same horizontal artctal label, are also available. If
the horizontal and vertical edges have the length,and the diagonal edges have
length one, then the longest common subsequencesponds to the longest path
from the top left corner to the bottom right cornEhis graph is acyclic and is
frequently solved using dynamic programming. Thghhghted path presents one of
the longest paths. Note that the destination nddeedhighlighted diagonal edges
(B,1,4,2,F) are used in the regular expressionlevthe horizontal/vertical edges are
converted to the wild-card expression.

B 1 8

©
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Figure 3: The longest path for solving the longasihmon subsequence
2.3.2 Using the Teiresias algorithm

The Teiresias algorithm was designed for the disgpwof motifs in biological

sequences, an important research problem (Rigouisétoratos A., 1998). The

method is combinatorial in nature and able to pecedall patterns that appear in at
least a (user-defined) minimum number of sequenges,t manages to be very
efficient by avoiding the enumeration of the entpattern space. The algorithm
performs a well-organized exhaustive search. In wloest case the algorithm is
exponential, but works very well for usual inpugsirthermore, the reported patterns



are maximal: any reported pattern cannot be made mecific and still keep on
appearing at the exact same positions within tpetisequences. Teiresias searches
for patterns which satisfy certain density constrdimiting the number of wild-cards
occurring in any stretch of pattern. More speclficd eiresias looks for maximal
<L,W> patterns with support of at least K (i.e.the corpus there are at least K
distinct sequences of that match this pattern)afiepn P is called <L,W> pattern if
every sub pattern of P with length of at least Wraions (combination of specific

operations and "." wild-card operations) containeast L specific operations.

For example, given the following corpus of 6 negatproduction sequences (Note
that the begin and finish indicators are removed):

13254
1782
191011264
1122
131471122
1617131882

The Teiresias program (L=K=2 and W=5) discoversdurring patterns shown in the
following table:

Table 2: lllustrative results of the Teiresias algorithm

# Sequence 1
2 1122
2 13

2 82

3 1.2
2 2.4
2 1...2

The first column represents the support of theepattThe dot represents the wild-
card. Next we transform the Teiresias patternsefgular expression patterns by
replacing each dot with a regular expression sscf0d }, where L is the number of
dots.

2.4 Patterns Reduction

Obviously there are many patterns that can be exnlesia the LCS (each pair of
sequences with "Not Passed" class). In fact, Ihittao many patterns are created and
it is essential to keep with a manageable numbgatierns. For example, a training
set of 140 "Not Passed" sequences yielded 140*£3930 patterns. Assuming the
rework operation correlates with the faulty seqeempattern, we can reduce the
number of learned patterns via splitting the tragnas per the rework operation, then
learning the LCS/Teiresias patterns from each paud, finally merging the patterns.
Another simple reduction technique is by ranking thatterns according to their
descending support in the faulty corpus, keepiny the top patterns. In addition we
suggest using a two phase pattern reduction asildedan the following subsections.



In the first phase we introduce new patterns thmat Gieated by merging existing
patterns. In the second phase we reduce thesé gatterns using Correlation based
feature selection.

Simple heuristic for patterns generalization

The proposed simple heuristic for patterns reduacigsobased on the idea of merging
two or more patterns into a single pattern. Thegneris performed based on the
specific operations used in each pattern while rigigothe wild-cards. For instance
the "specific operation” representation of "B Y27} 3 F"is"B1 2 3 F".

All patterns with the same "specific operation"regentation are merged by the
smoothing wild-card expressions. This is obtaingthie taking the minimum and
maximum For example, the patterns “B 1 2 .{2,/"3and “B 1 2 .{3,9} 3 F” and "B
1.{1,3} 2 {3,4} 3 F" which all have the same "&pfic operation" representation of
"B 12 3 F" are generalized using the pattern “B013} 2 .{2,9} 3 F".

Any two or more patterns that their "specific opiena’ representations are different
in one position (Hamming distance of one) are gared by introducing a wild-card
to that position.

Correlation based feature selection

Feature selection is the process of identifyinggvaht features in the dataset and
discarding everything else as irrelevant and redohd-or this purpose each "regular
expression” pattern represents a different featarehis work we are use a non-ranker
filter feature selection algorithm. Filtering meatigat the selection is performed
independently of any learning algorithm. Non-rankerans that the algorithm does
not score each pattern but provides only whichepatis relevant and which is not.
The following Table 3 describes the training setrirdefore features selection. The
rows are training sequences (“Passed” and "Notde8sghe first K columns are the
regular expression patterns; the last column ist#iget class (“Passed” / "Not
Passed”),. The cell value is 1 if the regular egpi@en matches the sequence, 0
otherwise. The matrix described above is the inpdihe features selection algorithms
(Chizi and Maimon, 2005).



Table 3: Training set matrix before features selection

Sequence # | Pattern 1 Pattern 2 | Pattern 3 Pattern K | Quality
sequence 1 1 1 0 1 Passgd
sequence 2 1 0 1 0 Passgd
Passed
sequence N 1 0 1 1 Passé¢d
sequence N+1 1 1 1 0 Not
Passed
sequence N+2 0 1 1 0 Not
Passed
Not
Passed
sequence M 0 1 1 0 Not
Passed

In this work we use the Correlation-based Featulles&t Selection (CFS) as a subset
evaluator (Hall 1999). CFS Evaluates the worth ofsubset of attributes by
considering the individual predictive ability ofdafeature along with the degree of
redundancy between them. Subsets of featuresrhaighly correlated with the class
while having low inter-correlation are preferredhi§ approach is suitable to this case,
because in the first phase (the simple heuristip&tterns generalization), we create
merged patterns that are correlated with the baaiterns. In this phase we select
which of the patterns should remain.

The CFS algorithm was executed with Best First RodvSelection. This search
strategy searches the space of attribute subsetgdagly hill-climbing augmented
with a backtracking facility. It starts with the pty set of attributes and search
forward.

3.6 Creating a Decision Tree Classifier

The filtered matrix, together with the manual cifssation of each concept, is fed into
a C4.5 classification algorithm which creates asifecation decision tree (Quinlan ,
1993).

Using a decision tree as a classifier in this da@s® several advantages: (1). the
production sequence is not classified based onglespattern, but on set of patterns,
i.e. this classifier can be used to indicate thattaaluction sequence is classified to the
label "Not passed” only if it matched two pattearsd does not match to a third
pattern. This is more expressive than the clasajgatoach in which the classification
is based on a single pattern. Moreover in this imatead of searching of complicated
regular expressions, we can search for simple aeg@xdpressions and "rely" on the
decision tree to combine them. In fact in some dises possible to express a tree



path as a single complicated regular expression; TRe hierarchical structure of

decision tree enforces an order (priority) in treage of patterns, i.e. given a new
production sequence, not all patterns should behedtin advance but one pattern at
a time based on the specific branch traversing.; A8 oppose to other classifiers

(such as neural networks) the meaning of the dlasstan be explained to the

production engineer.

Experimental Study
1. Overview

The purpose of this study is to show that the psedanethod matches the
performance of the previous work in similar corah and outperforms when the
complexity of the problem domain increases, asanemealistic conditions.
Therefore we compare the classification performari¢be proposed method to an
association rules classifier. In addition we conegara Bi-gram based decision tree
classifier, a near equivalent representation to@asgon rules. We first explain the
Bi-gram representation method. Then we overviewetl@uation measures used in
the experimental study.

2. Algorithms Examined

The Bi-gram representation is a common and provethod used for text
classification problems. Texts cannot be direaitgiipreted by a classifier or by a
classifier-building algorithm. Because of thisyanisformation procedure that maps a
textd, into a compact representation of its content néatie uniformly applied to

the text corpuses (Sebastiani, 2002). In Text Qategtion (TC) a text, is usually
represented as a vector of term weightgwj, ..., W) wherer is the set of terms
(sometimes called features) that occur at least anat least one documentBf and

0 <w < 1represents, loosely speaking, how much termontributes to the
semantics of documedt . Differences among approaches are accounted/f(i)b
different ways to understand what a term is; (#edent ways to compute term
weights. A typical choice for (1) is to identifyrbes with words. This is often called
either the Set of words”or the ‘bag of words”approach to document representation,
depending on whether weights are binary or not.tA@opopular choice for (1) is to
identify terms with words sequences of lengtf his n-gram vector text
representation method is used to classify text oharus (Damashek, 1995).
Damashek selected the normalized frequency witlchvtiie n-gram occurs in the
document as the choice of (2) term weight. Eachovedentifies a point in a
multidimensional space, and similar documents apeeed to have points close to
each other. Damashek (Damashek, 1995) used thgrathict between two histogram
vectors as a measure of their similarity, but heted out that other measures are
possible. In this study we regard operations aslsidsinary weight and sequence
length of 2.

3. Evaluation Measures

The evaluation measures that we use are: PrecRexall, F-Measure, Accuracy and
Complexity



The notion of "precision” (the proportion of corlgalassified sequences to all the
classified sequences) and "recall” (The proportibcorrectly classified sequences,
out of all sequences belonging to that class) adelwused in information retrieval
(Van Rijsbergen, 1979) and data mining. Equatigrii{& formal definition of
precision and (2) of recall.

Number_of _correctly _classified sequences
Number_of _classified_sequences
Number_of _correctly _classified _sequences
Total _number_of _sequencesof _classified class

(1) Precision=

(2) Recall =

The weighted harmonic mean of precision and rettadltraditional F-measure is
defined in the following Equation (3):

2[PIR_ 2

P+R £+£

P R

() F=

Another evaluation measure we use is the Accuracguracy is the number of
correct classification / the number of classifiedsences.

We use the common complexity measure for a dectsganclassifier, the number of
internal nodes. For a binary tree (matched/not hemtthe number of leaves is
always the number of internal nodes + 1.

The experiments involving decision trees are cotetliasing the Weka data mining
framework. Performance testing is computed usiedltifold-cross-validation setup.

4. Results

Two test sets of 250,000 products routes each m@edomly generated with the
following constraints:

Test set 1 (same experimental setup presented ISubhaet al. 2006)

The aim of this test set is to examine if the sgtjgeethod is capable to solve the
original problem suggested by Da Curdtal. 2006and that it is does not harm.

* An operation can be performed as a normal taskn@@ework task) at most
once per product.
* Random faults are generated at 5% of the prodoates.
» Systematic fault sequences are introduced:
o |If operation 5 isn’t the last task, this operati@s to be redone.
o |If operation 2 precedes operation 4, operationsdthde redone.

The notation we use is as follows. Task b is thet siperation. Task f is the last
operation in case no work is redone. Task Rewahb by an additional (1-6) marks
that the additional task was redone. For exampéefdllowing products routes:



1. b254fRewd => 2 precedes 4 so 4 has to beneedo

2. b3652fRew5 => 5 isn't the last task so # twabe redone

3. b 26 3fRew2=>5% random faults, 2 is randontlgsen for rework out of
{2,6,3}

4. b26f => No work redone.

5. b362f => No work redone.

Following the same transformation presented by Dah@et al. 2006, ararff file
was created, using only the faulty sequences andected tolanagraformat using
the Datanamorfconversion program (0 replaced with F; 1 replasgd T to avoid
Tanagraissue). Association rules were then extracted fileendata set, using
supervised Assoc Rule algorithm with parametseupport=0.10; confidence =0.75;
and Max rule length = 2.

The association rule extracted for rework operafiast

Table 4: Association rules extracted for Test-Set 1 rewqr&ration 4

N° AntecedentLength  Support  Confidence Lift
1 a24=T 1 0.102 ( 0.00 1.000 ( 0.00 9.381 ( 0.00)

The following association rules were extractedréwork operation 5 after lowering
the support to 0.07:

Table 5. Association rules extracted for Test-Set 1 rewapg&ration 5
N° AntecedentLength  Support  Confidence Lift

1 ab5=T 1 0.150(0.00 0.898 ( 0.00 1.974 (0.00)
2 a56=T 1 0.090 (0.00 0.883(0.00 1.941 ( 0.00)
3 a52=T 1 0.086(0.00 0.837 (0.00 1.841 (0.00)
4 a54=T 1 0.099 (0.00 1.000 (0.00 2.199 ( 0.00)
5 a51=T 1 0.089 (0.00 0.901 (0.00 1.980 ( 0.00)
6 a53=T 1 0.088(0.00 0.901 (0.00 1.982 (0.00)

An ideal decision tree classifier is presentedmfollowing Figure 4.
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Figure 4: Ideal Decision tree classifier for Test 4

A Bi-gram decision tree classifier is presentethimfollowing Figure 5:

Figure 5: Bi-gram Decision tree classifier extradtfrom Test set 1

Next we apply the proposed method for automaticadiery of faulty sequences from
Test set 1. A subset of 10,000 sequences fromsgedt was randomly selected for
the experimental study. LCS based patterns werergtd using the sequences that
required redone.

Since we assume that the faulty sequences ardatedevith the required redone
operation, we can split the training of a LCS badedsifier into two phases. In the
first phase we train a classifier per redone tasff. fedone task 5), to distinguish
sequences requiring redone of the specific tagk §equences not requiring the
redone of that task. In the second phase we contiinpatterns obtained is phase 1,
from the various rework operations, to train a corat classifier. The combined
classifier is trained to classify sequences ineorddone task (task 4, or 5, or other
redone, or no redone).

For redone task 5 we first learn LCS patterns fid@ faulty sequences requiring
redone 5. The resulting 4,950 patterns are thekethaccording to their descending
support in the faulty sequences corpus, first X@kapt. Next we apply the
generalization procedure described above. For ebaitie generated patterns:
b.{0,3}5.{0,2}4 {0,4}f; b.{0,3}5.{0,3}1.{0,3}f; bQ,3}5.{0,3}2.{0,3}f;
b.{0,3}5.{0,3}6.{0,4}f; b.{0,4}5.{0,3}3.{0,3}fandb.{0,4}5.{1,4}fare added following
generalization of patterns having hamming distéhcEhe generated patterns
b.{0,3}5.{1,4}f; b.{0,3}5.{1,5}f; and b.{0,4}5.{1 4 are added following
generalization of patterns having hamming distarice Next we remove duplicated
patterns and obtain 109 patterns useful for detgdtulty rework 5 sequences.

Now we apply the same procedure to rework 4 se@siytelding additional 175
patterns. Finally we combining both redone 4 amibne 5 pattern files (total 221
patterns, after removing duplicate patterns), appBFS filter and train a J48 decision



tree. The resulting J48 decision tree includes¥ds, achieves 97.6% accuracy

(using 10 folds cross validation) in classifying ttequired rework sequences. This
result is identical to the Bi-gram classifier peni@ance and to the expected results
from an ideal classifier.

The following Figure 6 demonstrates the resultiegision tree.

Figure 6: LCS based decision tree classifier exeddrom Test set 1

The following Table 6 summarizes the results oft Bes$ 1. It indicates that in the first
test set all methods have obtained similar re$tdta the predictive power.

Table 6: Summary of Test set 1 result

Precision Recall F measure Accu.
Rew4 Rew5 NoRew Rew4 Rew5 NoRew| Rew4 Rewp NoReWw

Ideal 100% 100% 94.6% 95.69 99.3% 100%) 97.71% 99.6% 97.3%97.6%
classifier
Association 100% 100% 94.7% 95.69 99.3% 100% 97.8% 99.7% 97.3%97.6%
rules
Bi-gram 100% 100% 94.6% 95.69 99.3% 100% 97.7% 99.6% 97.3%97.6%
LCS 100% 100% 94.6% 95.69 99.3% 100%) 97.7% 99.6% 97.3%97.6%

( Number of association rules)

Compl
exity

Ideal 4
classifier

Association 7
rules

Bi-gram 7
LCS 4

The next test set is designed to demonstrate {hetbday of the proposed method to
handle some of the limitations described by Da Guatlal. 2006. The primary
limitations are: (1) Up to one normal task per prcigland (2) Representing only
preceding tasks.

Test set 2 (including some of the challenges desdrby Da Cunhat al. 2006)




The aim of this test set is to examine if the psgazbmethod is capable to handle non-
immediate precedents.

* An operation can be performed as a normal taskn@eework taskany
number of times
* Random faults are generated at 5% of the prodoatss.

» Systematic fault sequences are introduced:
0 In sequences including operation 5, if operatios 2erformed,
followed by any other operation then operation 4, operation 4 has to
be redone.

We follow the same notation as in Test set 1 abBueexample, the following 5

products routes:
1. b26574fRew4d =>5, 2 followed by some operatj then 4 so 4 has to be

redone

2. b263fRew2 =>5% random faults, 2 is randoatlgsen for rework out of
{2,6,3}

3. b2323f => Operation 2 performed as normsk taore than once. No
work redone.

4. b26f => No work redone.

5. b3562f => No work redone.



An ideal classifier for test set 2 is presentethanfollowing Figure 7:

Figure 7: Ideal Decision tree classifier for Test

The association rules for test set 2, rework opmrat are:

Table 7: Association rules extracted for Test-Set 2 rewqr&ration 4

No Antecedent Length
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ab2=T - ab4=12
ab2=T - a45=12
af5=T - a24=T2
af4=T - a25=T2
af4=T - ab2=T?2
ab5=T - a24=12
a25=T - a24=12
a25=T - ab4=12
a25=T - a34=12
a65=T - a24=12
abl1=T - a24=12
a24=T - a53=12
a24=T - a35=12
a24=T - a52=12
a24=T - a56=12
a24=T - ab4=12
a24=T - a45=12
a24=T - al5=12
a24=T - a55=12
al2=T - ab4=12

Support
0.008 ( 0.00
0.009 ( 0.00
0.010 ( 0.00
0.009 ( 0.00
0.008 ( 0.00
0.009 ( 0.00
0.002 ( 0.00
0.010 ( 0.00
0.002 ( 0.00
0.002 ( 0.00
0.002 ( 0.00
0.003 ( 0.00
0.003 ( 0.00
0.010 ( 0.00
0.003 ( 0.00
0.003 ( 0.00
0.011 ( 0.00
0.003 ( 0.00
0.003 ( 0.00
0.002 ( 0.00

Confidence
1.000 ( 0.00
1.000 ( 0.00
1.000 ( 0.00
1.000 ( 0.00
1.000 ( 0.00
1.000 ( 0.00
1.000 ( 0.00
0.897 (0.00
0.750 ( 0.00
1.000 ( 0.00
1.000 ( 0.00
1.000 ( 0.00
1.000 ( 0.00
1.000 ( 0.00
1.000 ( 0.00
1.000 ( 0.00
1.000 ( 0.00
1.000 ( 0.00
1.000 ( 0.00
0.767 (0.00

Lift

15.773 (0.00)
15.773 (0.00)
15.773 (0.00)
15.773 (0.00)
15.773 (0.00)
15.773 (0.00)
15.773 (0.00)
14.141 (0.00)
11.830 (0.00)
15.773 (0.00)
15.773 (0.00)
15.773 (0.00)
15.773 (0.00)
15.773 (0.00)
15.773 (0.00)
15.773 (0.00)
15.773 (0.00)
15.773 (0.00)
15.773 (0.00)
12.093 (0.00)



Next we apply the proposed method as describeddst set 1 above. The following

Figure 8 demonstrates the resulting decision ttee clearly shown that the
important sequence patterns are included in thisidedree.

Figure 8: LCS based decision tree classifier exeddrom Test set 2

The following Table 8 summarizes the results oft Be$ 2. It is shown that the LCS
classifier performs better than the Associatioeswdnd Bi-gram classifiers with

much smaller complexity. This observation is esglgcimportant in realistic

conditions, when the domain complexity increassglassifier complexity becomes a
limiting issue. In addition it is shown that themmethod performs very near to the

ideal classifier.

Table 8: Summary of Test set 2 results

Precision Recall F-measure | Accurac | Compl
Rew4 | NoRe| Rew4 | NoRe| Rew4 | NoRew y exity
w w
Ideal classifier 100% 94.4% 85.4% 1000 93.3% 97.%995.43% 3
Association rules 95.2% 945% 77.4% 99.7% 85/4% 1%7. 94.6% 20 |
Bi-gram” 97.6% | 94.6% 77.9% 99.9% 86.7% 97.1% 94.71% 4
LCS’ 100% | 95.1%| 86.6% 100% 92.8% 97.5%  95.38% z

( without feature selection
Number of association rules)

Test set 3s designed to demonstrate how the proposed metrodetect faulty
sequences with length greater than two. Test selil& test set 2 with the following
addition: In sequences including the subsequen&4'2(as-is) then operation 4 is
rework, no other faulty sequences may result rewloitk addition, in order to enable

enough faulty sequences, the sequence lengtheaded up to eight normal

operations.



An ideal classifier for test set 3 is presentethanfollowing Figure 9:

Figure 9: Ideal Decision tree classifier for Test 8

The following association rule was extracted favoek operation 4 after lowering the
support to 0.01 and confidence to 0.7:

Table 9: Association rules extracted for Test-Set 3 rewqr&ration 4

N° Antecedent Length Support Confidence Lift
1 a34=T - a23=12 0.014 ( 0.00 0.720 ( 0.00 31.178 ( 0.00)

The Bi-Gram tree for Test set 3 is presented irfahewing Figure 10:
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Figure 10: Bi-Gram Decision tree classifier for Tegt 3

Next we apply the proposed method as describedidst sets 1 and 2 above. The
following Figure 11 demonstrates the resulting sieci tree. The new method
automatically learned an equivalent of the “idestk@rn®.



Figure 11: LCS based decision tree classifier estied from Test set 3

The following Table 10 summarizes the results dtBet 3. It is shown that the LCS

classifier performs much better than the Assoamatides and Bi-gram classifiers
with much smaller complexity.

Table 10: Summary of Test set 3 results

Classifier Precision Recall F-measure | Accurac | Compl
Rew4 NoRe NoRe | Rew4 | NoRe |y exity
w w w
Ideal classifier 100% 95.39 o 1004 75.1% 97.696.35% | 3
Association rules| 72.0% 95.3¢ o 65.6% 3%7| 94.8% 1
Bi-gram 89.1% 95.1% b 99.9% 66.3% 97.4% 95.04%/
LCS 100% 95.3% 1009 75.1% 97.6% 95.3%% 3

© Number of association rules)

Conclusion and Future Research

It is shown that the proposed method matches tHerpgance of the previous work

in similar conditions and outperforms when the ctaxipy of the problem domain

increases, as in more realistic conditions. Tlpased method is more powerful due

to two main features. Regular expressions are m@meric representation than bi-

grams, and decision trees are more expressive cethfiasupport vectors. The bi-

gram representation is merely a specific type glil@ expression. The regular

expressions are not limiting in any way the re-ommces of tasks within a product

sequence. As shown, the LCS algorithm also captames complex sequences which

are very likely in realistic manufacturing enviroaent.

The proposed method is evaluated using a synttesticet. In the next phase we plan
to apply the method to actual data from a manufajlenvironment, e.g. a

semiconductor fabrication plant. Additional worknhcgeld improved patterns so that

the resulting decision trees will be clear and add&l to engineering staff in a
manufacturing environment.

One important extension to this work will be comb@the operation sequence with

the operation setting in the same decision tressiflar. As oppose to classic

classification problem, not all input attributestinis problem are given in advance.




This is true because the value of an input atteilbkiat is associated with an operation
setting is available only if the operation was atifuused in this product instance.
One way to solve this problem is to create a spaags@ng set in which most
attributes instances are set to a dummy valudr{sance zero) that represents that
this attribute is not relevant to this sequencear§ptraining set can prolong the
training time. Thus it is desirable to modify thesting decision tree induction
algorithm by adding a new step in which the tragnset is extended based on the
sequence matching. The operation setting attrith#esme available only after a
certain operation is matched as part of the op@raequence. Thus the decision tree
always begins with a sequence pattern that migfollmevs with either an operation
setting parameters or another operation sequeees. Wwhenever a new sequence
pattern node is added to the tree, we verticaltgrek the training set with the relevant
operation setting attributes.

Figure 12 illustrates the idea by presenting pbthe decision tree. For the sake of
comprehensibility we differentiate between thrgeetpf nodes: (1) full ellipse which
represents a sequence pattern (2) dashed elligsh vépresents operation setting. (3)
rectangle which represents the terminal node wighprredicted outcome.

Not Matched Matched

2.speed
Not
Matched @ = et
Matched
<=50
Passed
1.type

Passed

Not
Matched Matched
Not Passed
Passed
Passed Not
Passed

Figure 12: lllustration of a decision tree that cbmes sequential patterns and
operations settings
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