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ENHANCING MAINTENANCE AND REPAIR IN MANUFACTURING

Summary

Maintenance and quality of products are absolutely crucial for any organization to
succeed in the industrial and manufacturing engineering. Current research studies have
confirmed the presence of a high correlation between these two factors, namely maintenance
and quality of products, in industrial organizations. Nevertheless, no extensive research has
been conducted in order to study the link between maintenance and the quality of products in
manufacturing. In this paper, we conduct a study in this domain and examine the relationship
patterns between maintenance and the quality of product using manufacturing data on
maintenance and the product quality. Specifically, we employ association analysis and
association rule mining with large and extensive sets of product quality, repair, and
maintenance data. Our main objective is to discover interesting and non-trivial associations
for feature failure resulting in the repair or maintenance of a product with unapproved quality.
The results of evaluation are quite interesting. The resulting association rules with high values
of confidence and lift suggest some essential associations between the product features and
the failure; such findings have not been known and used before. This can help quality
engineers and maintenance teams to enhance maintenance and repair operations and lower
the overall cost of manufacturing.

Key words: Association Rule Mining in Manufacturing, Data Mining in Manufacturing,
Quality Control, Maintenance and Repair in Manufacturing

1. Introduction

It has been discovered and confirmed that maintaining a high quality of the product and
lowering the cost of production are essential tasks and the main objectives of successful
manufacturing organizations. In such large manufacturing organizations, the most crucial
factors affecting the success and prosperity of the organization are the maintenance and repair
operations. One of the most viable ways to keep the organization up to date and competitive in
the market is to adopt efficient techniques for utilizing the data and information collected during
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the manufacturing process. With the current highly advanced systems used in manufacturing,
most organizations can collect volumes of data and information about all aspects of operation
and production.

Maintenance can be defined as a combination of activities required to monitor, control
and supervise a system to perform its intended functions. The goal is to restore the system to a
state in which the predetermined task can be carried out with a reduced risk of equipment
breakdown and increased availability of production systems. Maintenance tasks are divided into
preventive and corrective categories [1,73,74].

Preventive maintenance is a planned activity (time-line plan) which is performed on the
basis of a given schedule. The goal is to decrease the chance of sudden unexpected breakdowns
by making sure the machines have a good operational status. The probability of unplanned
repair and the need for corrective maintenance is not completely eliminated by preventive
maintenance. In order to minimize the probability of breakdowns, the plan implements the
required maintenance [2-5]. When there is a machine failure, corrective maintenance is a policy
that is carried out. It is unplanned and the goal is to restore the machine functionality and resume
production. In Condition-Based Maintenance (CBM), activities are performed as a response to
a specific condition. The ability for predicting breakdowns is a major feature of CBM [6, 7].
Physical conditions are determined using sensors or other means (e.g. vibration or temperature)
of monitoring [8-11]. To restore the machine to the desired level, maintenance shall be carried
out once the machine reaches one or more predetermined levels of condition. CBM is conducted
on the basis of particular critical signals before any failure, and therefore it is considered as
preventive and not corrective maintenance [12-14].

While production engineers are more interested in the availability of resources,
maintenance is treated as a cost centre and is used for the required budgeting by the budgeting
office. It is not an easy task to measure maintenance performance and require data that may not
always be accessible [15, 16]. The most common indicators of maintenance performance are
costs and efficiency. Efficiency is measured in terms of total production time, downtime, and
number of failures. For the analysis of its economic value, the total maintenance cost is used
[17-20]. Determining the maintenance cost requires the manager to collect information such as
expected life, frequency of repairs required, unplanned repair costs, corrective maintenance,
and equipment replacement cost [21-23]. In this paper, a plan is to propose a model to calculate
the total expected maintenance cost and to apply it for selecting the best policy. Due to the loss
of sales and high costs of unplanned repairs, the impact of production system downtime is
significant. For example, the estimated downtime costs of US automobile plant assembly lines
are as much as $10,000-15,000 per minute, while the estimated hourly costs on an off-shore
platform are $20,000 to 25,000 per hour [1, 24-26]. The oil and gas industry is continuously in
search of “premium” technologies to enhance the life-span of their strategic components. The
industry is mainly driven by performances, sustainability, and downtime reduction [27-30, 75-
77]. Maintenance is a crucial function for maintaining resources for producing products of high
quality [31-33]. Studies have seldom been focused on how the interaction between quality and
maintenance is used for the implementation of CBM systems. Most of the research relates to
the quality control or total quality management tools, without any direct correlation with the
quality and maintenance of the actual product [26, 34-36].

Typically, in a manufacturing organization, the data on product quality, product defects,
maintenance, failures, repairs, and breakdowns are continuously collected [37]. To utilize these
massive volumes of data collected over several years, the need for computational and data
analysis techniques is of extreme significance for the organization to improve its productivity
and benefit from it. Data mining can help significantly in this domain [2]. Data mining is a
branch of science that includes methods which enable us to work with data and utilize it so that
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knowledge, interesting patterns, and non-trivial relations can be extracted from it [37 — 43]. As
one of vital techniques of data mining, Association Rule Mining (ARM) can be used for
extracting relevant, important and interesting relationships from given transaction data [38, 39].
In this paper, we are interested in applying association analysis and association rule mining in
the manufacturing domain for product quality and maintenance [40, 41]. In fact, to prosper and
remain successful, maintenance and the quality of products are of utmost importance to any
successful manufacturing organization. Moreover, the presence of a high correlation between
these two aspects of any industrial organization, namely the product quality and maintenance,
has been confirmed. However, no extensive research analysing and investigating the
relationship between maintenance and the quality of various products in manufacturing has
been conducted [42, 43, 71,72].

An integrative preventive maintenance approach that considered the quality loss while a
manufacturing system is in operation was presented by Piatetsky-Shapiro [44]. Functional risks
in the manufacturing system were considered in the first stage, and later, the degradation path
of machine performance was also included. In the end, the optimal maintenance strategy was
presented and verified through a numerical example. In another study, conducted by He, Gu,
and Chen, an integrative preventive maintenance method was presented; it included both the
quality control and mission reliability analysis [45]. The results revealed that the suggested
methodology attained approximately 26.04% of cost savings.

To cope with the contemporary intelligent manufacturing systems, a maintenance strategy
was proposed in [46]. This methodology has four stages; in the first stage, the operating
mechanism was characterised by including mission reliability. In the second stage, a
quantitative model which includes maintenance resources and real-time quality data was
developed. In the third stage, a decision model for a multi-state manufacturing system was
developed with constraints. Finally, in the fourth stage, particle swarm optimization was
employed to solve that optimization problem, and the developed methodology was verified
using a numerical example. Fault diagnosis is a vital step in the maintenance process, and it is
always better to make it at initial stages. A methodology based on fuzzy data envelopment
analysis was developed for root causes of infant failure [47]. To verify the efficacy of the
proposed methodology, a typical infant failure of the vibration and noise of a washing machine
problem was presented. A real-time maintenance strategy was proposed for deteriorating
machines [48]. The objective was to select the optimal maintenance level for a machine, and
hence reduce the overall maintenance cost. The model considered both the resource cost and
the cost incurred due to stoppage.

In this paper, we conduct research into this area to investigate the correlation between the
quality of product and maintenance by using data on maintenance and the product quality. We
use Association Rule Mining (ARM), specifically, with product quality data in large data sets
including repair and maintenance data. The association rule analysis has been applied and proved
successful with various problems in the field of manufacturing, see for example [28, 38, 39, 42-
44, 49]. However, in the context of maintenance/repair and product quality, we could not find
studies related to ARM. Therefore, the main objective of this study is to discover some interesting
and non-trivial association rules for feature failure in the presence of a product with unapproved
quality that might require repair or maintenance. This objective will significantly improve the
maintenance and repair processes and reduce the overall production costs. Thus, the main
contribution of this work is twofold:

1. examining the relationships between the quality of product and maintenance, and
2. discovering associations of feature failure, which result in repair and maintenance.

The evaluation results and outcomes of the proposed methodology are very promising in
producing highly reliable information about the product quality and maintenance. The resulting
association rules suggest some vital associations between the product features causing the
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failure with fairly high confidence and lift values; such findings have not been known and
utilized before. Improving maintenance and repair and reducing manufacturing costs can assist
maintenance and quality engineers.

2. Previous Work and Literature Review

The subject of data mining is extremely beneficial in several application areas and in
many branches of science [50]. Production processes, control, maintenance, decision support
systems, quality improvement, failure detection, maintenance, and engineering design are some
examples of the many manufacturing areas in which data mining is used [2, 42]. For instance,
data mining has assisted in Computer Aided Design (CAD) elements in search and retrieval
operations [51, 52].

Previously, data mining was referred to as knowledge engineering (also, sometimes,
knowledge management). It has been an elusive and unusual technology until recently, explored
more by theoreticians in the fields of artificial intelligence. In the study [53], data mining is
described as a step in the Knowledge Discovery in Database (KDD) process involving the
application of computational techniques which, under appropriate computational efficiency
constraints, generate a specific list of patterns or models over the data. A more general
definition that is currently used by many researchers was presented by Adriaans and Zantinge
in [54]. They stated that data mining is a process of searching for unknown patterns or trends
through details of data. They highlighted and stressed the importance of possessing an efficient
search method in vast amounts of data until a sequence of patterns appears, whether complete
or in an acceptable probability.

Very large databases are frequently searched for relationships, trends, and patterns, which
are neither known nor detectable prior to the investigation. Engineers and marketers usually
assume that these relationships or trends exist. However, a proof can only be provided by the
data itself. The new knowledge or information enables the community of users to be better at
what it does. An issue that often occurs is that very few facts that are searched for in very large
databases will give us the necessary information. Furthermore, when researching a new trend
or pattern, the algorithm and the search criteria used in a single database can change and each
database may require a different search criterion as well as new algorithms which can be
adapted to the new data conditions and problems. Often, understanding and visualizing large
data sets proves to be rather difficult to humans. In addition, as Fayyad and Stolorz stated in
[55], data can grow in two dimensions defined as the number of fields and the number of cases
for each one of these fields. The way they explained this is that human capacity for analysis and
visualization does not extend to high dimensions and massive data volumes. Also, the growth
rate of data sets far exceeds the conventional rates that 'manual' analytical techniques can cope
with. This fact is the second factor that further increases the importance of data mining, making
it a necessity. This means that a normal method used by a company to extract knowledge from
a database will leave large amounts of data unsearched because the data growth exceeds
traditional mining procedures. Consequently, this leads to the need for a technology that will
enable people to tackle the problem by using large amounts of data without disregarding or
losing valuable information that can help to solve any type of problems involving large data
sets. In the study [56] it was stated that “data mining is asking a processing engine to show
answers to questions we do not know how to ask”. The author clarified that the aim of data
mining is to find similar trends that will somehow address the desired questions raised by the
engineers or marketers, instead of asking a direct question about a singular occurrence on a
database in the standard query language. If the questions that are asked or relationships that are
looked for are too explicit in a database, the process will be more complex and time-consuming.
Moreover, several vital relationships may be missed or disregarded. Several enterprises have
developed infrastructural databases that contain data about their products and processes.
Potentially, these databases were a gold mine containing terabytes of data with much "hidden"
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information that was not easy to comprehend. Machine-learning methods have been developed
thanks to the great advances made by artificial intelligence researchers. Knowledge extraction
from large databases has now been made easier and more productive than ever due to genetic
algorithms, neural networks, and other appropriate learning methods. Data mining is an iterative
process [57]. As the process progresses, new knowledge and new hypotheses should be
developed in order to adapt to the quality and content of the data. In order to further elaborate,
the quality of the data being studied will determine the time and precision of any given data
mining algorithm, and important information about a problem will be found if the flexibility of
the algorithm is sufficient, even if the central question has not been answered in full.

Some researchers (e.g. Purarjomandlangrudi [37]) have proposed an approach to data
mining that employs an anomaly detection (AD) learning algorithm in order to detect the
anomalies in early stages. In the proposed anomaly detection algorithm, Kurtosis and Non-
Gaussianity Score (NGS) are the two features used to diagnose any early defects of a system.
To lower the total number of maintenance visits, Ullrich, ten Hagen, and Lassig [58] suggested
a data mining approach by employing group maintenance visits based on predictive
maintenance. In this maintenance strategy, the repair recommendations for an ensemble of
pieces of equipment located close to each other are combined into one maintenance visit and
consequently, the total number of maintenance visits is reduced compared to a reactive strategy.
Two approaches were proposed in [59] for the purpose of modelling the relationship between
quality and maintenance. Since maintenance affects the equipment failure pattern, the first
approach is based on imperfect maintenance. The second approach is based on an approach by
Taguchi. A data-driven software reliability model (DDSRM) was developed by Yang, Li, Xie,
et al. in [5]; DDSRM considers the software failure process as a time series process. However,
unlike previous DDSRMs, there is a disregard of the non-realistic assumption that a software
failure has a strong correlation with the latest failures. A failure prediction decision support
model was proposed in [60] for the purpose of predictive maintenance of a critical machine
component by the use of the condition monitoring data. Several data mining techniques were
tested to identify upcoming failures, and the best technique was identified among them.
Moreover, the developed model was compared with the proposed model of Advanced
Semiconductor Materials Lithography (ASML) and the developed model was shown to increase
the availability of the system and decrease the (associated) costs. In the study [61], visualization
and data mining for condition-based maintenance was utilized. In the proposed approach,
reoccurring patterns are recognized; this helps decision makers determine evolving technical
problems and take proper counter measures. In order to recognize failures of process units, the
authors of the study [62] address the application of probabilistic networks by the use of data
mining approach and by extracting knowledge from databases. Previously, in order to extract
data from data sets, Vaz et al. [57] employed software based on the Principal Component
Analysis (PCA), hierarchical classifiers and prototype methods. The authors used hierarchical
classifiers to diagnose irregular operations and found that there is a connection between the
performance of the method and the extent of the failure and its localization. Additionally, to
better define failure types, they developed a hybrid approach which combines hierarchical
classifiers and prototypes. In the study listed under [2], co-occurrences were responsible for the
proposition of a methodology. The following move was to employ such co-occurrences in order
to extract temporal association rules resulting in unusual goal events requiring immediate
corrective maintenance actions. Ciflikli and Kahya-Ozyirmidokuz [49] developed a knowledge
induction model based on the C4.5 decision tree algorithm, which was used to detect the failure
of the process in a carpet manufacturing firm located in Turkey. The authors used pre-
processing techniques to enhance the quality of data. There is an application for the Binarization
approach to the target data and for a variable reduction attribute relevance analysis with the use
of information gain. Sun, Wang, Wang et al. [63] studied the causes of rupture in the water
supply networks; they attempted to identify high-risk areas in water supply networks and
demonstrated that the data mining of spatial pipe networks while changing the initial parameters
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can be very beneficial in the analysis of spatial clusters of bursting pipes. Iwata, Tsumoto, and
Hirano [64] employed a temporal data mining process (similarity-based visualization approach)
for the maintenance and construction of clinical pathway. Through overusing clustering, they
were able to define the temporal dimensions of nursing orders and find the missing information
in the clinical pathway. Using test data collected from life cycle tests, Li, Wu, Wang, et al. [31]
measured the capacity, resistance, and the life cycle of lithium iron phosphate batteries of
products. Furthermore, the data mining method was used for pattern recognition, and the battery
reliability was estimated using cluster analysis; as a result, a suggestion was put forward for a
strategy for the improvement of reliability based on a statistical analysis and the study of the
macro mechanism of product failures. Based on a small sample and the data mining of failure-
physics, Zhou, Liu, Jin, et al. [65] developed a new reliability estimation method for some
special areas such as aerospace and military. In their study, Momentum Wheel (MW) is taken
as an example of how to apply the method step by step; the method was verified through the
reliability estimation of the MW of a satellite and physical experiments. To develop a predictive
maintenance system, Bastos, Lopes, and Pires [66] presented a new conceptual framework for
discovering failure patterns with the goal of early detection of faults in machines; it is
characterised by autonomy in data collection and the use of the knowledge gathered from data.
A study done by He, Han, Gu, and Chen [69] also presents the importance of predictive
maintenance as compared to reactive maintenance.

3. Proposed Methods and Techniques
3.1 Background

Data mining is also called Knowledge Discovery in Database (KDD); some consider data
mining as an analysis step in KDD, but it is actually the heart of KDD [67]. Data mining has
been one of the fastest growing research areas in the last two decades. In general, data mining
deals with discovering important knowledge and interesting relations and patterns and
extracting them from large data sets in all application areas. Association Rule Mining (ARM)
is one of the important areas in data mining which is concerned with extracting useful association
rules and patterns from large data sets [49, 63].

A set of transactions T = {71, 2, .. , ta} given so that each transaction # consists of items chosen
from a data set / of all available items 7 = { iy, i2,.. , im }, Where n is the total number of
transactions and m is the total number of items, constitutes a model of data.

In data mining, this model of data is commonly known as market basket analysis data [68]. As
shown in Table 1, each such transaction # may or may not contain a particular item, and so the
market basket analysis data can be represented as a binary matrix. The data in Table 1 includes
five items (columns) with four transactions (rows). Each item in a transaction data set is
represented in a column, and each row represents one transaction # with all items in # having
a value of 1.

For example, in a common market basket analysis task, the data represent shopping transactions
at a supermarket where products may be juice, cake, milk, etc. Also, the data can be features
of certain products or parts, e.g., spare parts for certain machines, produced by a given
manufacturing plant, a cutting machine, or an assembly line in an industrial plant. From the set
I of all items, the collection of k items is called A-itemset. Each transaction can include any
combination of the & items. In the analysis of association rules, the support count o of an itemset
is defined as the total number of transactions that contains a particular itemset as follows:
o(X)=|t;and X € t;|
In Table 1, for example, the itemset {i,, i3} occurs three times and therefore
o({i1, is}) = 3;
and o({i2, i3}) = 2.
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We note here that the itemset {i/, i2} is called a 2-itemset and the itemset {i+} is a /-itemset.
Thus, we can generate five 1-itemsets (see Algorithm 1) from Table 1. In association rule
mining, an association rule is defined in the following expression:

X 27,
Table 1 Example of transaction and item data for the market basket analysis where the data are in binary format.
Transaction Id i i i3 iy is
t 1 0 1 0 1
1 0 1 1 0 0
13 1 1 1 1 1
14 1 0 1 1 0

where the operator = is an implication operator indicating that the presence of the itemset X
in a transaction implies the occurrence of the itemset Y; and X and Y are disjoint sets, that is:

XnY=29

In the rule X 2 Y, the itemset X is called the anfecedent and Y is known as the consequent. A
simple example of association rule is
{ix}2{iy}

which is interpreted as {i, } implies {i,} ; it refers to those transactions that have ix and 7. In

this scenario, one of the main goals is to extract and quantify all important and most significant
rules in the transaction data. In the data mining research, we use three main metrics (or
measures) to identify significant association rules: Support, Confidence, and Lift. The Support
(s) for the rule X 2 Y, denoted as s(X = Y), is defined as the fraction of all transactions in the
data set that contain the itemset XUY. This means, the fraction of transactions comprising all
products from both X and Y is defined as:

S(X > ¥) = a(XNUY)

(1

As a matter of fact, we would like to know how important a rule is in a given transaction data
set by calculating how often the items of the rule occur in the data set.

Algorithm 1: Determining and generating frequent itemsets:
qg=1
Find all frequent 1-itemsets: { x |% > threshold}

repeat
q=q+1
generate all candidate itemsets Cg:
generate g-itemset from (q-1)-itemsets
prune g-itemset based on min support threshold mst
For each transaction 7 in 7' do
Recognize all contenders that belong to t: Ct=subset(Cq, t)
For each contender itemset ¢ belong to Ct do
o(lc)=o0a(c)+1
end for
end for
Extract the frequent k-itemset F;, = {c | o (c) > threshold}
until F; = @
return U F,
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For example, in Table 1, the rule i;—> i3 has a support of % {i.e., s(i;=>i3)= 0.75} because three
of the four transactions (¢1, 3, t4) contain both i; and i3; moreover, s(i3-2>i4) is 0.50, as can be
seen from Table 1. Therefore, by support only, we conclude/estimate that the rule i/—=>i3 is
more significant than i3—2>i4 in this data set. Notice here that the support is a symmetric
operation: s(X=2Y) = s(Y22X). In the above example, the support s(i;=>i3) = s(i3>ir) = 0.75.

The Confidence c(X2Y) of the rule XY is the number of transactions containing the itemset
X that also contains the itemset Y.

In other words, the confidence ¢(X—2>Y) calculates from (among) the transactions containing X
how many transaction also contain Y; it is defined as follows:

XUy
cX-Y)= G(G(X) ) (2)

This implies that the confidence estimates the rule accuracy in terms of the support count of the
itemsets in X and Y among the transactions containing the itemset X. For example, in Table 1,
the rule i; 24> confidence is 0.33 whereas the confidence of ;=2 i3 is 1.0; thus, the rule i; 23 is
more significant in terms of confidence (has more confidence) than i;=>i2. The confidence
operation is asymmetric:

c(X2Y) # c(Y 2X).

In statistics, the confidence is basically a conditional probability of the consequence
conditioned by the antecedent; that is c(X 2Y) = P(Y|X).

All rules which have the support and confidence above certain threshold values are extracted in
association rule mining. Another useful and reliable measure for association rules is Lift (/)
which refers to the ratio of the confidence of a rule XY to the support of the consequent
defined as:

X-Y
I(X>Y) = % 3)

This means that the lift estimates the confidence of a rule divided by the expected confidence
if the antecedent and consequent are independent; here, the expected confidence is measured in
terms of the support of the consequent [6]. Notice that the support of Y s(Y) in statistics is the
simple probability of Y in the data set:

s(Y) = P(Y

From Table 1, the confidence c(i; = is) of the rule {i; =2 is} is 0.67 and the support of the
consequent is is 0.50; therefore, the /ift I(i; = i4) is 0.67/0.50 = 1.34. Let us take another
example: for the rule {i/ = i2} in Table 1, the lift /(il = i2) is 0.3/0.5 = 0.6. Notice that the
lift operation is symmetric, the same as the support operation:

IX>Y) =1 (Y>X)

Usually, the /ift value shows that the occurrence of X and Y together happens more often than
anticipated if the lift /(X->Y) >1.0. Thus there exists a positive co-occurrence relationship
between X and Y, which is useful for identifying significant association rules. Algorithm 1
shows how frequent itemsets are generated [40]. The algorithm starts by determining all
frequent 1-itemsets. As explained earlier (section III), Table 1 contains a total of five items and
therefore we have a total of five /-itemsets and ten 2-itemsets from Table 1. The 2-itemsets in
Table 1 are: {is, iz}, {i1, i3}, ..., {i4, is}. The transactions in Table 1 have only one 5-itemset:
{i1, i2, i3, i4, is}. The algorithm and the methodology are illustrated in Figure 1.
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Y

prune g-itemset based on min support threshold mst

_/

Y

Contenders generation

—
T Recognize all contenders that belong to t:
Ct=subset(Cq, t)

For each transaction t in T do

Contender update N

Y

For each contender itemset c belong to Ct

¥

Update support count of c:
o(c) €< o(c)+1

Y

Extract the frequent k-itemset
Fqg= {c |o(c)>threshold }

|

No Fq= 0O

yes

Output all Fg sets
(Ufq)

Fig. 1 Tllustration of the algorithm and the association rule process.

3.2 Application of Association Rule Mining in Manufacturing

In this study, we want to apply the association rule analysis in the manufacturing and
maintenance processes in major manufacturing and industrial organizations. The central aim of
association rule mining is to find non-trivial and significant rules and extract them from a given
transaction data. The interplay between quality, maintenance, and repair in a manufacturing
system is very interesting and it attracts researchers to examine and model these important
manufacturing factors. Within a given manufacturing system, there are products, parts, and
other items being produced and worked on in daily operations. Such items and products are
produced by various machines and have a number of features; these features should be within
some (predefined) acceptable range. For example, in the context of cutting machines, e.g.
Computerized Numerical Control (CNC) machines, a cutting machine produces and cuts parts
that have several dimensions (up to 15 dimensions in some cases). Each one of these dimensions
must be within certain acceptable ranges and limits. When any dimension is outside the
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acceptable range, then a quality issue arises and the product is destroyed and classified as a
manufacturing error. Of course, each produced part is subject to certain quality assurance
inspection and will be either approved or not approved. This study and the proposed
methodology are not limited to CNC and can be applied to any industry where quality control
(acceptable or not acceptable) has to be in terms of which are the features causing the quality
not approved. For example, in the food industry [78], the (final) product can be acceptable or
not acceptable. If it is not acceptable, then there are one or more features that are bad, such as
colour, viscosity, taste, texture, and packaging. If the part (the product) passes the quality
approval, we denote it by qa (for quality approved), otherwise, the part is referred as gna
(quality not approved). In general, a number of reasons can lead to a gna part; one of them can
be that one or more of the dimensions are outside the range. For example, one of the dimensions
(say dimension 4 or d,) of some product P, must be between 0.25 and 0.27 inches (dimension
d, is represented by feature f;). If one item of P, is produced with d, = 0.28 inch, then the
feature f, is determined as a bad feature in this transaction. In this context, we can use the
dimensions as features of each part; and a gna of a part p; is an indication that one of the
dimension d; of p; is outside the range. In this case, we assume that the part p; has one or more
bad features.

Assumptions:

1. Each manufactured part is either ga or gna (that is, each part after being cut will be
determined as approved or not approved in its quality).

2. If'the part is determined as gna (quality not approved), there can be several reasons for
that. In this study, we focus on the dimensions only.

3. [If'the part is ga (approved quality) we utilize it in learning good features versus bad ones.

Let the part orders be our transactions, and let the dimensions, or features, of each part be the
items. We often use the terms feature and dimension interchangeably to refer to the same
concept. We also use the terms fransactions and orders interchangeably to refer to the same
concept. Let us refer to the dimension d;by feature f;. Then, we assign f;=1 if the feature f; is
good; that is, the d; dimension is within the acceptable range. On the other hand, a feature value
of 0 indicates a bad feature, e.g. the dimension is outside the range. A simple example with
three transactions and two features is shown in Table 2 (note: the feature in this scenario are
items in ARM). In Table 2, the two features shown are fi and fj and the three transactions are
the rows: fx, ty, #z. Each transaction represents one order for cutting/producing a part in
accordance with certain dimensions. As we can see in Table 2, the feature fj is bad (/=0) in the
transaction #x and it is good in the other two transactions.

Table 2 Manufacturing data represented in a format appropriate for the association rule process. Each row
signifies a transaction while each column signifies a feature.

fi Vi
Tx 1
Ty 0 1
1z 1 1

We also notice that the feature fi in the transaction #y is bad, as shown in Table 2. In a data set
of bad orders (e.g. representing the data on gna parts) we expect each transaction (row) to
contain at least one 0 (where 0 represents a bad feature) due to some problem (mechanical
problem, electrical problem, software problems, etc.).
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From all the transactions of each part in the data, we are most interested in the gna ones (i.e.
transactions involving one or more dimensions outside the range). These orders suggest the
need for maintenance, which can be immediate or not immediate. In this study, we utilize ARM
with the data of the manufactured parts to extract the association rules and interesting relations
and analyse them. We also want to analyse the relationship between bad features and
maintenance/repair process features (notice that here a bad feature, like one dimension of the
cut part being outside the range, is considered as a manufacturing error or a failure).
Data pre-processing is one of the initial steps in most data mining operations. During the data
pre-processing step, all data are cleaned and converted into transaction data. All items and
transactions are extracted independently. Then the data are ready for the mining task. Various
data mining tasks, such as classification, regression, clustering, and pattern discovery, require
specific data pre-processing steps. After data pre-processing, rule mining techniques are
executed to identify important associations and rules. The main goal is to investigate whether
any significant and non-trivial and previously unknown associations exist between features of
the cut parts at certain threshold levels. For a manufacturing plant, the resulting relationships
and outcomes will have several applications and benefits for the design engineering. For
example, if a given part number i on the order number # has a bad feature /5 (f5=0) indicating
that the dimension dj5 is outside the range, then it would be easier for the design engineer and
quality controller to inspect both d5 and d9 (i.e. whether 19 is 0 or 1) as these two dimensions
(d5 and d9) are outside the range most of the time due to some kind of known mechanical failure
at that point in time. In general, we would like to know which features/dimensions are more
related and dependent and which features are independent in the existence of failures. The
extraction of all possible sets of rules from the data set is a computationally-intensive task. In
this study, using association rules mining, we extract interesting, significant and nontrivial rules
from the transaction data of part cutting (cutting machines) for a large manufacturing
organization.

4. Evaluation and Experiments

4.1 Manufacturing Data

The data set used for the evaluation and discovery of association rules consists of
manufacturing data with order transactions from an industrial plant. Each transaction includes
a bad part with one or more bad features representing outside-the-range dimensions caused by
some electrical, mechanical, or software failure. For the association rule discovery and for
extracting the significant association from the data, we pre-processed the data to accommodate
the process. The data were collected over a period of more than five years. The collected data
include a large number of parts, as shown in Table 3.

Table 3 Details of the manufacturing data.

Total number of orders/transactions 401,000

Period From June 2004 to
October 2009

Duration of data collection 5 years and 4 months

Total number of different parts 1,900

Total number of features/dimensions 15

Number of orders with 10 or more dimensions | 2,415

Average number of dimensions 6.3

Average number of orders per part 211
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Each transaction represents one order on a part and it is recorded if the part is determined as the
gna class (quality not approved). The whole data set contains ~401,000 transactions. Every
transaction has one or more bad features indicating one or more outside-the-range dimensions.
The total number of features (dimensions) in the data set is15; however, some parts have less
than that. Of course, these 15 features are all the features needed for this application (note that
the manufacturing system collects these 15 features over the period of 5 years). Table 3 contains
the details of the first data set. In the data pre-processing phase, we made certain data cleaning
and data conversion steps that are needed for the ARM operations. For example, we deleted all
the records with many missing values. We also removed every feature that occurs in less than
1000 orders. This step eliminated the last five features f11 ... f15 leaving us with the remaining
10 features: f1 to f1o; see Table 5. Initially we conducted experiments with all transactions and
the entire data set. We performed the association rule analysis; the outcome included association
rules with the three metrics (explained earlier): support s, confidence c, and lift . We conducted
extensive experimentation to derive the best threshold/cutoff for support and confidence. We
used 0.003 as a cutoff (experimentally derived) for support producing around 1200 rules
extracted from the entire data set. The support threshold was set to 0.003, which enabled us to
evaluate the data set with the first 9 features (see Table 5). For example, feature f9 has a support
of 0.004, which is higher than the threshold:

s(f9) = 1744/401000 = 0.004.

This makes feature /9 included in the association rule mining, and features after f9 (namely
f10 ...f15) will not be included in the process as their support is below 0.003. Moreover, for the
confidence threshold, we used 0.510, which means that for the rule fi = fj, more than half of
transactions containing fi contain fj as well. Table 4 shows the top 10 (most significant) rules
which were sorted by /ift values. These association rules, have high /ift values (the mean lift
value is 20.5), which indicates a significant correlation between the antecedents and
consequents of each rule. For example, in the first row in Table 4, the rule {f4, f4} = {f7} has
the highest lift value (37.02) indicating that there is an important pattern: when the features f7
and f4 are both outside the range, then the feature /7 will be most likely outside the range as
well. Another example from Table 4 shows that if the features /7 and /8 are bad, then it is highly
likely that /2 and /3 are also outside the range. Such information and relations are important for
manufacturing and maintenance processes, and may lead to the initiation of certain maintenance
or repair tasks that may reduce further failures.

Table 4 The most significant association rules from the entire data set (manufacturing data).

Rule | Antecedent Consequent Support Confidence Lift
1 f1, f4 17 0.0035 0.79 37.02
2 /118 12,3 0.0035 0.53 35.05
3 B.17 /8 0.0046 0.59 26.96
4 113, /4 f1, /5 0.0144 0.58 19.88
S5 4./ f6 0.0077 0.66 18.96
6 |f2,/6 /5 0.0083 0.65 17.11
T \fLR2 S5 14 0.0095 0.74 17.11
8 | f3 12, f6 0.0038 0.7 16.03
9 |2f f3 0.0495 0.79 12.57
10 | /6 f1 0.0725 0.68 4.17
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4.2 Experiments and Feature Analysis

Next, we conducted an extensive analysis of the features in terms of their occurrence with
the failure vs without the failure; the results are shown in Table 5. As we can sece in Table 5,
the featuref, for example, appeared in transactions more than 320K times, of which fiwas
outside the range more than 27K times (~8.5%). For better visualization, these occurrence and
failure details of all the features are shown in Figure 2. Moreover, the percentage of failure of
each feature is shown in Table 6. As explained earlier, in subsection 3.2, gna means the product
(or the part) is not approved (quality not approved: gna) because one or more features, which
can be f1, f2, and so on, is/are outside the range. Therefore, each final product is determined
(and classified) by quality assurance as either ga or gna. If ga is determined, no further action
is needed and the final product is within the quality range. On the other hand, if the final product
is classified as gna, then the bad feature should be determined. We noticed that the feature
f 6 has the highest percentage of failure, i.e. 49.9%. These feature failure percentages are shown
in Figure 3. In that figure, we notice that the feature f3 has the second highest failure percentage
of ~27%. So, these two features, {f3 and f¢}, are closely related to failures and call for further
investigation.

350000
300000 .\.\ ........
250000 sssassassmsensensensanten
200000 s
150000 SES—
100000
50000 ./
0
f1 f2 f3 f4 5 fé 7 f8 o fio f11 fi2 fi3 fi4 fi15
—=a— Total number of occurrences of the feature —=&— Number of orders the feature was outside the range

Fig. 2 Distribution of feature occurrences (in how many orders) and the number of occurrences in which the
feature is outside the range

% of feature occurrences that are outside the range (gna)

60

50 o

40
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Fig. 3 Illustration of the percentage of gna orders for each feature. For example, 50% of the orders containing
feature f5 result in a bad f; feature.
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We investigated two features, {f¢, f3}, and looked further to see how often these two features
fail together and we got the following result:

Transactions with failure in:

f3 fe |fsandf,
65748 42461 23099

This means that 54% of the failures of f¢ are associated with the failures of f3 (in other words,
in every two transactions with f ¢ failures, one of them also includes an f3 failure); in addition,
35% of the time when f3zhas failure, f¢ also has failure, which is statistically significant
(p < 0.001, hyper geometric test). Then, we analysed only the top five features with the highest
failure percentages in the context of association rule mining to identify the two most co-
occurring feature failures. The five features with the highest failure percentages are:
{f6.f3,f4,fs,f7} The results confirm that the pair { f3, fe} has the highest co-occurring
failure percentage, followed by the pair {f4, f}. We would like to apply these findings in the
maintenance and repair processes to improve the overall production and to reduce the cost of
the manufacturing system; refer to discussion in Section 5.

Table 5 The top features sorted based on their occurrences in the data set.

Total number of occurrences of the | Number of orders the feature was out of
Feature
feature range
f1 328169 27764
12 323275 42400
/3 246806 65748
J4 199286 50652
Al 181841 38536
f6 84931 42461
17 63103 10335
/8 60894 6390
19 28430 1744
f10 2415 72
f11 14 0
f12 0 0
f13 0 0
f14 0 0
f15 0 0

Table 6 The failure percentage of each feature.

Feature | % of feature occurrences that are outside the range (qna)
f1 8.5
12 13.1
13 26.6
14 25.4
/S 21.2
f6 49.9
17 16.4
/8 10.5
19 6.1

f10 2.9
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Moreover, we then investigated and analysed the two most frequent features, {f1, f,}, in the
transaction data in the context of association rules analysis. The results are:

Transactions with failure in:

fi Lo |fiandfr
27764 | 42400 | 10107

This means that in 36% of the transactions when f; fails, the feature /> fails as well; further, in
24% of the transactions with /> failure there are also f7 failures. Giving this large number of
transaction and feature occurrences, these figures are significant with p <
1075 (hypergeometric test). In the discussion section, we explain how these results and
findings will help the maintenance and repair processes.

5. Discussion

In this paper, we present the results of our methods for extracting the relationships and
association rules in the product features and failure data of the manufactured parts. We
employed association rule mining as an unsupervised method for extracting interesting and
useful patterns in the product quality in relation to the maintenance/repair processes.
Association rule mining is one of the established and efficient techniques for data mining and
unsupervised learning with wide application in many fields of science [23, 38]. One of the
contributions of this paper is the methodology of examining association rule mining in the field
of manufacturing for the purpose of identifying the causes and relationships that help the users
improve the manufacturing process (e.g. reduce cost).

The data we use include a large number of transactions that include products with quality not
approved (gna). It is interesting to note that if the features /7 and /4 fail, then the feature /7 also
fails with confidence of 0.79 and lift of 37, as shown in Table 4. These are fairly high confidence
and lift values (0.79 and 37, respectively) suggesting that this can be a very interesting rule.
From industrial engineering and quality control points of view, this rule is meaningful and can
be applied to improve the process or reduce maintenance and repair costs. After careful
examination of the repair data that include time and date, duration of repair, and type of repair,
we noticed that there is some date-time correlation between a particular failure and the repair
that was conducted. In this study, we just want to extract significant associations among the
features in the presence of failure in more than 400K transactions of failure data. So, this paper
serves as a proof of the concept and future research will include extensive experimentation and
analysis of the data with the repair and maintenance information. For this application, we
should mention that features represent dimensions of a certain part produced by the
manufacturing plant. The part is not approved if one of the dimensions, say dg, is outside the
range, and thus we record that the feature fg fails in that particular transaction. Several types of
failures (e.g. electrical, mechanical, and software) can occur in machines used in
manufacturing. The features and dimensions of the products are standardized according to some
norm. For example, two adjacent features, e.g. /3 and f4, fail together most likely because of a
mechanical failure. Therefore, association rules will be valuable to design and maintenance
engineers for adjusting the maintenance and repair schedules. Sometimes, some of the gna
parts (parts with bad dimensions) are outside the range due to some external reasons such as
the part is not aligned with the cutting/milling machine or the raw material is of low quality.
Also, sometimes there are external pollutants/props that cause the part to shift slightly during
cutting, causing an outside-the-range dimension and a gna part. The association rules can assist
manufacturing engineers in determining the cause of the failure. As we mentioned earlier, the
maintenance and repair data sets include all the maintenance and repair operations conducted
on the machines used in the first data set. This way we can correlate the gna with maintenance
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and repair operations using the data and time fields. In other words, we can use the extracted
significant association rules to predict the relationship between bad features and subsequent
repairs.

6. Conclusion

In this study we investigate the application of data mining in industrial and manufacturing
systems to analyse good features and feature failure patterns so as to improve quality and reduce
cost. The main goal is to extract and discover interesting and non-trivial rules and patterns from
feature failure data in the presence of products with unapproved quality, in which case repair
or maintenance operations might be required. Successful manufacturing and industrial
organizations devote special attention to maintenance and the quality of products, which are
considered to be of utmost importance to the organization. As reported in the industrial and
manufacturing literature, the quality of products and maintenance are highly correlated, and
further research is needed in this direction. This paper presents a study in this direction to
investigate and discover some interesting association rules and relationship patterns between
quality and maintenance using manufacturing (maintenance and product quality) data.
Consequently, we use association rule mining, as a methodology, with a large and extensive set
of data collected over five years; the set includes the data on the product quality, repair, and
maintenance. Our evaluation results and outcomes are very interesting and encouraging.
Discovering the features that are linked together and the features that are associated with
failures will be very helpful for manufacturers. Repair and maintenance teams can benefit
greatly from any information indicating that the feature x is closely related to the failure of type
y. With high confidence and lift values, the resulting association rules suggest fairly important
associations between product features and the failure, and such findings have not been known
and utilized before. These outcomes and findings can assist quality engineers and maintenance
teams to improve their overall operations and reduce manufacturing cost.
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