duinveayanang HisveNINMIaIanTeY

AN ALTERNATIVE SOLUTION FOR
HARD DISK DRIVE CLASSIFICATION PROCESS IMPROVEMENT

QT

NATTHAKRITTA RUNGTALAY

K A oni M A MG L MR
| . R

IQUTRLL. ST N AN 3 Y :
lawm ‘"'nuu...(.)..?ﬁ 075 £ J':
Sl ] BAH. 2500 S sy o swed.

A THESIS SUBMITTED IN PARTIAL FULFILLMENT
OF THE REQUIREMENT FOR THE DEGREE OF
MASTER OF ENGINEERING IN DATA STORAGE TECHNOLOGY
INTERNATIONAL COLLEGE
KING MONGKUT’S INSTITUTE OF TECHNOLOGY LADKRABANG
2016
KMITL-2016-1C-M-005-001



COPYRIGHT 2016
INTERNATIONAL COLLEGE
KING MONGKUT’S INSTITUTE OF TECHNOLOGY LADKRABANG



ydadvenfinug Tmamudeniauiudsanssurumsnsiuunariafaniass

infinwn WBRIFNOAT JIMEIa
shaUszing? 54600712

Usayny FrINITUAERTUN VAN
#1913 wialuladmsduiindeya
WA 2559

a1sgITneIventinug  duismansnansd as. i s

unAnLa
Jagduiinszuiumsuiudseianarugnisiuiudwanssurunsnageud ndusedld
ANNENNTNYRINYEE TsifienIyuIuMIVaauiiaudutaugInTEUINNITUTUY TR

1 o = A & i al c‘j a o 1 LS
ﬂ’ﬂllgﬂéf’i)ﬂLLll‘LJEﬂ‘U'éNﬂ'iSU')Uﬂ’]‘iViﬂﬁ@UﬁNl‘ﬂu&"IUV]EI'Iﬂﬁ"!U"lﬂLLﬁﬁI‘UL’Jﬁ’TH'm dnvadadianladng

L4
& &=t

o et v @ = P ) u a w a ¢ a qguea -

figedneng aeuluiveninusiRalddnavanisldmadadutyyivssfuiieldiduniaden

dwfumsiudseinmnanugndesiduginenssuiumfnuenvande
Tagussadvansiinwasill Ae nmsasialumanianugndowaiudigaarlininens

seuumiiethluldluniswunansadadfignAnusniia

- e L4 &t o

v o v P a ¢d o ¢ a e o
eniiwusavuilladwauemsliimaiiasulygseAvsiieduunarinfantgnAnuen

o & at -

= < by "y o ¢ o sda way |
fin sndafanfgnAnuenintiuannsandsldiiuasaUseinn Ao oriafainiinuandilunsenn

U

] ~ = £

AuseInsignduuniusisafaniidauauiinsanunnudanis (false pass) wazensndar

A Aty EJ o = E;E’ el 1 £
niauandRnsmuanudeinisignduniliusisefiasndauanidliasminaiudaanis

U

ol e

(false fail) LiipameauuAnANTERINEInRan daumantRtlinTsmIuAIUABINSNgNIUN
[

Wussafanfidnuautinswuaudednis (false pass) wagariaraniidanantingmiunii

2

P o o, ¢ o oo araM 1 v Gy 2oa o Y ov e Y
asnsngnIundusinfaniiinuaudlinsimiunusionis (false fail) giavudslaidantd
o ar 1 v oo o aexat ar ' ] 3 5 . . =y at
Wiauwdinguandds Ao Bn1sdaudingulaelddoninu (text classification) uas3gni1sdn
wdangulneldudnniimnealid (statistical classification) IngAgnmsdauungulaglddaminu

. . g va ¢ a sda sy 1 %) = o [ £ a &
(text classification) Wuldiuaniafanniianaui@linswmanussinmsignduundusiinfan



ninuaudinsminaNudadnts (false  pass) kasdsnidandnguineldndnnisnieaia
(statistical ~ classification) 14fuaninfaninilquanvifnsminaltudoanisiigniuumiy
L) € =l o ey ' ar . < at wr T !
g1infannlauaudilinstaiuainudednis  (false  fail) lnsnisfAnwiiunisdrudangy 4
dane3ny Usenausie naive Bayes, k-Nearest Neighbor (k-NNJ), artificial neural network wag
C5.0 lagfi naive Bayes uag k-NN danadfiuussandldiuiinrsdaudingulaglddaniu (text
classification) uay artificial neural network uag C5.0 Sanasiudsegnaldivizn1sdnuungy

1 X

lagldudnnimaalidl (statistical classification) Jumsudidgdusaunsnionisuszynsld

nszvIunsnssdeyatioannisdrdeusesteyauarantoyailidniumiel fifisfoyadl
AvuMInERenIsTIATIEN nsvuIumsnssleyadihsaniiuivililumsifuteyauas dirae
Ussndaninenssruudndiy 3Bnisuondrunaaaunaisngunaasuldgniunldifiede
UsvAvBmmwaeausavdane$iiu mavassiiafing artificial neural network Sane3fiuussney
Wée 5 nsvieaeadsil nswaresUiunnevandudiogaeud nsvaeesUiusnausuvesiy
Jousntuiinils nmeasaiuswruduredudeusaduiians nrsvenesufumsan uazns
neaeUiuAdassisul nsvinasaiiiefnei C5.0 Saneifiuuseneulude 3 nannaesdsil
mimaaaﬂ%’uﬁﬁwmuwma%’agaﬁﬁaaﬁqﬂlwﬁqﬁq (minimum records per child branch)
MsvinapIUTUAITINIUNITYAARY (boosting iteration) N15MARBIUIUAIAIINTULTIVRINIAR
W4 (pruning severity) NIsMAABIRBANY k-NN Sanesfiudsenaulidhe 2 nsmeassdad n1s
naaeUssyndld LN Saneliiulaglddnisldnszurunisnsosdoyasiudie nsnaaes
Uszgnald kNN Sanesfiulaefinidldnszurunisnseadeyaiousie nsvassufiodnw naive
Bayes dana3fiuusznavluiieg 1 nnsvmanifie minsaasdszandld naive Bayes dana3fiulng
finsldnsyurunisnsastoyasueig
NnRaMsHaRBswUhAEsaTuRSRALENFULUUHAN SNARBUTRILUUT1ADATILA
90 k-Nearest Neighbor fmaunsalunisdmuensisnfandsinuautilinsmunudionis

a oo

= ° - wa v ° =
ngnduuniuaniafanifianaudinsmiunnusienis (false pass) 100% wazuuudiasild

-l L3

90 C5.0 danuanunsnlunsdauenensafanfinuaudfnssmuaissisanisignduuniy

£

ginfannlinnauURlissinuanudains (false fail) 98.4%



Thesis Title: An Alternative Solution for Hard Disk Drive Classification Process

[mprovement
Student: Natthakritta Rungtalay
Student ID: 54600712
Degree: Master of Engineering
Program: Data Storage Technology
Year: 2016
Thesis Advisor: Assistant Prof. Dr. Chanon Warisarn
ABSTRACT

Currently, the process to improve test classification accuracy usually requires
hurman abilities. This is a very difficult work for a human due to the complexity of a test
process unavoidable, such a working model needs time and cost. Since there are some
benefits to use machine learning instead of human, an alternative solution to improve
pass-fail classification process is proposed.

The objectives of this study were to develop a high accuracy classification model
to classify misclassified drives and minimize classification model system resource
consumption.

In this thesis, we introduce the use of machine leaming to re-classify misclassified
drives. In general, the misclassified drives have two categories: false pass (should have
failed), and false fail (should have passed). Because of differences between false pass
and false fail failure characteristic, we can use two different classification methods: text
classification (false pass drives classification) and statistical classification (false fail drives

ctassification). Four classifiers were selected in this study: the naive Bayes, k-nearest



neighbors (k-NN), artificial neural network, and C5.0. The naive Bayes and k-NN used for
text classification. Whilst artificial neural network. and C5.0 used for statistical
classification. The first important step is to apply a data filtering process to eliminate
redundant information and reduce unnecessary data. It also helps reducing space and
system requirements. Multiple split tests method used for evaluating machine learning
algorithms. Five experiments were set-up for the artificial neural network classifier:
training set size experiment, hidden layer one node experiment, hidden layer two node
experiment, alpha value experiment, and the leaming rate experiment. Three
experiments were set-up for the C50 classifier: minimum records per chitd branch
experiment, number of boosting iteration experiment, and pruning severity experiment.
Two experiments were set-up for the k-NN classifier: k&-NN classifier without data fittering
process experiment and k-NN classifier with data filtering process experiment. An
experiment was set-up for the naive Bayes classifier, which is the naive Bayes classifier
with data filtering process experiment.

Our experimental results suggest that it is feasible to determine which classifiers
can predict incorrectly classified pass drives and incorrectly classified fail drives. We
found that k-NN classifier can offer 100% accuracy for incorrectly classified pass drives.

For incorrectly classified fail drives, C5.0 classifier can offer 98.4% accuracy.
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CHAPTER 1
INTRODUCTION

1.1 Backegrounds and Problem Statement

In each step of the test process, a large amount of data is ¢enerated called the
testing log. Testing logs are used during the hard disk drive (HDD) test process for
recording the testing history of individual drives. Testing logs are typically used for failure
analysis to diagnose the failure symptom when drives fail. Failed drives are separated
from passing drives by a fail event. Possible results of the drive in test process consist of
true pass, true fail, false pass (should have failed), and false fail (should have passed) as
shown in Figure 1.1. The ideal process should have only two portions: true pass and true

fail.

Pass Fail
Predict Pass True Pass False Pass
Predict Fail False Fail True Fail

Figure 1.1 Possible results in test process.

The false fail portion is sometimes called over rejection. It unnecessarily increases
costs because this portion should have been classified as passing drives instead of waste
that requires treatment and disposal costs. Often, the process to reduce false fail drive is
to rerun some failed drives to make sure that those drive are true fail drives
(repeatability). The low percent repeatability means the fail drive has low chance to
repeat fail so the factory has high chance to get good drive. Because of a ot of false fail
drive failure symptoms are mixed in the test process, the lowest percent repeatability

was selected to study first in this thesis. Currently, the lowest percent repeatability is



when drives fail due to the delta fly height between the outer zone and inner zone being
over a failure limit.

The false pass portion is the most serious issue in the testing process. It impacts
the reliability and quality of test process. Currently, the factory has an additional
screening to capture this kind of failure. However, this screening is costly. Since a lot of
drives are tested in a day, it is hard to find false pass and false fail drives which are mixed
with millions of true pass and true fail drives. As such, there are clear benefits to more
automated and proactive system management. Therefore, this paper proposes a method
to establish a prediction model for classifying the incorrectly classified drives. We
collected 4,842 drive testing profiles to build a high accuracy prediction model. Within
the large amount of data in a testing log, there is some useful information and some not
so useful information. A data filtering process [1] used to eliminate redundant information
and reduce unnecessary data was an important first step to allow meaningful analysis of
log data, which also helped reduce space and system requirements. We filter the log
data and process it to be used in classification and prediction algorithms. We applied a
number of classification and prediction algorithms such as the naive Bayes [2-4], C5.0 [5],
artificial neural network [6], and k-NN algorithm [7] which can classify the false fail drives

with 100% accuracy.

1.2 Objective
The objectives of this study were to develop a high accuracy classification model
to classify misclassified drives and minimize classification model system resource
consumption. To achieve this goal, the specific objectives are as follows:
a) To study possibility to apply machine learning based model in the manufacturing
process.
b) To study how text classification work.
c) To study how statistical classification work.
d) To study how k-NN and the naive Bayes classifiers classify in text classification.
e) To study how artificial neural network and C5.0 classifiers classify in statistical

classification.



f)  To study how to develop a high accuracy classification model.

g) To study how to minimize classification model resource consumgtion.

1.3 Scope of Work

The scopes of this thesis are described below.

a) Use one HDD product model to study.

b) All failure samples collected from a manufacturing database to simulate with
computer programing.

¢} Four classification algorithms were selected to study: neural network, C5.0, the
naive Bayes, and k-NN.

d) Use Clementine 12.0 application to run neural network and C5.0 classifiers.

e) Use RapidMiner 5 application to run the naive Bayes classifiers.

f)  Use self-writing application developed based on the python language to run k-
NN classifier.

¢} The lowest percent repeatability was selected to study. Currently, the lowest
percent repeatability is when drives fail due to the delta fly height between the

outer zone and inner zone being over a failure limit.

1.4 Expected Benefits
a) Reduce manufacturing classification process cost.

b} Develop an automatic classification tool.

1.5 Research Outline
This thesis is oreanized into five chapters as follow:
a) Introduction: presents the backeround, objectives, scope of work and benefit of
the thesis.
b) Theory: explains the related theory. The first topic is the hard disk drive test
process overview. The second topic is adaptive fly height test state characteristic.
The third topic is fly height measurement in hard disk drive manufacturing which

has two sub-topics: contact detection, and fly height measurement results. The



c)

d)

fourth topic is data mining. The fifth topic is the naive Bayes classifier for text
classification which has two sub-topics: advantages of the naive Bayes classifier,
and disadvantages of the naive Bayes classifier. The sixth topic is k-nearest
neighbors classifier for text classification which has two sub-topics: advantages of
k-nearest neighbors classifier, and disadvantages of k-nearest neighbors classifier.
The seventh topic is artificial neural network classifier which has eight sub-topics:
the perceptron concept, single layer perceptron networks, multilayer perceptron
networks, back-propagation, gradient descent method, back-propagation rules,
advantage of artificial neural network classifier, and disadvantages of artificiat
neural network classifier. The eighth topic is C5.0 classifier which has two sub-
topics: advantages of C5.0 classifier, and disadvantages of C5.0 classifier. The ninth
topic is literature review which has three sub-topics: customer failure modes
prediction for hard disk drive using neural network rank-level fusion, hard disk
drive failure mode prediction from SMART aitributes using data mining method,
and study of neural network for fly height failure pattern classification in hard disk
drive.

Research methodology: present the description of the research methodology. The
first topic is the measurement system which has two sub-topics: repeatability in
measurement system, and novel system for recovering failed drive. The second
topic is data and sample collection. The third topic is data analysis which has two
sub-topics: appearance of false fail drives, and appearance of false pass drives.
The fourth topic is data pre-processing which has two sub-topics: data pre-
processing for false pass drives, and data pre-processing for false fail drives. The
fifth topic is classification process which has two sub-topics: classification system,
and classification evaluation.

Experimental and results: presents the evaluation and performance comparison of
false pass and false fail classification, which is associated to classifier and settings.
The first topic is artificial neural network classifier experiments which have five
experiments: training set size experiment, hidden layer one node experiment,

hidden layer two node experiment, alpha value experiment, and the learning rate



e)

experiment. The second topic is C5.0 classifier Experiments which have three
experiments: minimum records per child branch experiment, number of boosting
iteration experiment, and pruning severity experiment. The third topic is k-NN
classifier experiments which have two experiments: k-NN classifier without data
filtering process experiment, and k-NN classifier with data filtering process
experiment. The fourth topic is naive Bayes classifier experiments

Conclusions: presents the conclusions and recommendations for the model as

suitable to classify false fail drives and false pass drive in HDD manufacturing.



CHAPTER 2
THEORY

2.1 The Hard Disk Drive Test Process Overview

In the HDD industry, every hard disk drive is tested against customer specification. Test
process is a process for sorting out hard disk drives that do not meet specifications. The
sequence starts with the PWA operation which installs a PCBA (Printed Circuit Board
Assembly) onto the HDA, and then the fully assembled component hard disk drives are
brought to test in the tester, which for examples-consists of instant AFH (Adaptive Fly
Height) and VBAR (Variable Bit Aspect Ratio) for individual head fly height measuring and
drive capacity measuring respectively. Finally, all-of passer drives are pack and ready to

ship to customer as shown in-Figure 2.1.

Customer

Figure 2.1 Simplified test process flow.

2.2 Adaptive Fly Height Test State Characteristic

In the test process, “Adaptive Fly Height” is one of the test process sequences which
can measure fly height and adjust fly height to appropriate fly height. This sequence can
reject the drive with some criteria. For example, if the delta fly height between the outer
zone and the inner. zone is-over a certain specification. A Fly height profile of a drive

failing such a criteria is shown-Figure 2.2.
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Figure 2.2 Fly height profile of failed drive.

2.3 Fly Height Measurement in Hard Disk Drive Manufacturing

Fly height (FH) measurement in the hard disk drive (HDD) manufacturing process
uses thermal fly-height control (TFC) technology to measure the spacing between the
recording head.and the disk by applying power to the heater element of the recording
head until it contacts the disk. Figure 2.3 shows elements of the recording head (the
reader and writer) .get closer to.the disc while applying power to the heater element.
Figure 2.4 shows that without applying power to_the ‘heater-element, the reader and

writer fly further away fromthe disc.



Figure 2.3 Elements of the recording head when applying power to the heater element.

Heater

heater off

Figure 2.4 Elements of the recording head without applying power to the heater element.

The objective of FH measurementis to determine the most suitable heater power
in each data” zone. to perform read.and write operations. The 'clearance target
requirement is less than three nanometers from the disk [8], so FH measurement is an
important drive. testing function, as one of the critical’ methods for increasing areal
density capacity (ADC) is'FH reduction. Figure 2.5 presents a _schematic diagram of the
head-disk interface [9].



Suspension Arm

Figure 2.5 Schematic diagram of the head-disk interface. [9]

2.3.1 Contact Detection

FH measurement requires specific head and data zone testing. Several attributes
and designs, the air bearing surface (ABS) pattern, the mechanical assembly, including the
head gimbal assembly (HGAYsuspension and the lubricant type on the disk all contribute
to different FH characteristics.

A widely used technique for contact detection on the drive level is applying the
servo system with a position error signal {PES). The servo system controls the position of
the recording head, and moves the head stack assembly (HSA) from the current to
another desired track. The embedded servo shown in Figure 2.6, has a magnetic pattem
(servo pattern) to generate the signal when the reader passes over it. Each of the servo
sectors are written by a specific pattern of magnetization, with a unique number for each
track. Thus, the embedded servo information identifies which track the recording head is
on. A servo sector consists of a DC-gap field, automatic gain control (AGC) field, sernvo

timing mark (STM) field, grey coded track ID field, and PES burst pattern field.
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Figure 2.6 Embedded servo on a disk. [8]

The PES is generated using utilization from the grey-coded track ID field and PES
burst pattern field: The: grey coded track 1D field -contains information of the track
number, ‘while the PES burst pattern is used to measure the off-track position of the
reader from the track center. Every time that the reader come out of center track, the
PES signal will rise and feed back to servo controller to control the reader back to the
center track again. as'shown in Figure 2.7.

PES signal rise
A
1 7 LY

bl -

1——J——— - SR S S W D M M S me e S s

lE__:_:—-‘:__ﬂ"—. A S el a0 G w— --}TraCk

e —————————et— ' Width

== == = Cantertrack == == == Canterofreader

Figure 2.7 PES signal rising process.

A simple example for servo burst pattems is shown in Figure 2.8. For a setting
using A/B burst patterns, when the reader passes over the burst pattern, a read back

signal will be generated [10]. For example, when the reader stays on position number 0
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(desired track), the amplitude difference between A burst and B burst equals zero. On
the other hand, at the center of position number 1, the read back amplitude from B
burst is a negative maximum value. The read back amplitude is proportional to the

length of the part of reader when it flies over the burst.

A
|
... Trackcenteri _____ / .

— e
Head g‘____j‘_l B
0

bl Track center -1 \ \ .
; \
.
P

Figure 2.8 Servo patterns with A/B burst to generate off-track error, [8]

PES is computed by the ratio of the difference between the signal amplitude

coming from A and B bursts as shown equation as follows:

A-B
PES =—_, @.1)
A+B

where A and B represent the track average amplitude (TAA) of the A and B bursts,
respectively [11].

The FH measurement utilizes PES to detect a contact incident. When applying
heater power, the recording head will be protruded. Every step of the increasing voltage
bias to the heater is monitored by PES, using the fast Fourier transform (FFT) algorithm.
When the recording head touches the tubricant of the disk, this produces a force

between the head and the disk that generates an off-track error. The contact force is
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perpendicular to slider. This sideways force pushes the head off-track as shown in Figure

2.9,

Figure 2.9 The contact force diagram.

The contact detect algorithm is/called dPES (delta position error signal). In Figure
2.10, a significant ‘outlier from 'the baseline signal that will be considered to be the

contact signal.

Contact Signal
B \A) IS r y Frd \

&) S
i | PV &
e = &
10 o {IIUE‘? QE 1 Q e L
. ., et y o "'__ ; ,
dPES  © % 5

Servo Sector

Figure 2.10 The contact signal.
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The change in PES is detected by the FFT algorithm, and identifies the passive FH
distance in digital to analog converter (DAC) units between the recording head and the
disk. For the DAC, it is an 8-bit value that the preamp uses to control the voltage of the
heater. It can also convert the power to milliwatts, using the formula from the preamp
vendor’s datasheet. However, this research considers only data pattern, so DAC from log-

file will be not transformed to milliwatt units, because DAC is directly proportional.

2.3.2 Fly Height Measurement Results

In this research, the value of contact power represents the FH distance. Figure
2.11 shows the FH distance of a recording head, where the y axis is the contact heater
power value, and the x axis is the data zone of a disk in order of the outer diameter
towards the inner diameter, composed of ten data points for each read/write operation.
The FH distance for the write operation is always lower than the read operation, because
the thermal power from the writer element during the write operation causes more

protrusion.

| Operation mode |

i

|
| ~#- Read

Heater power (DAC)
3
=
I B

oD tonard s [0 of disk

1 2 3 4 s & 7 8 9 B
Data zone

Figure 2.11 FH distance of a recording head.

After completing FH measurements, the head-disk spacing change at various
levels of heater power was computed from the basics of the Wallace spacing loss

equation: [12, 13], defined as follows:
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AFH = 2= Incyy, (2.2)
21 Az

where AFH is the difference in FH between the heater power and the reference, A is
the written wavelength, In is the natural logarithm, A1 is the reference read-back signal,
Aj is the amplitude of the heater power, and A /A, is the amplitude ratio of the read-
back signal. Therefore, each step of applied heater power is proportional to the change in
head-disk spacing. The result of the relation between AFH from the reference (delta FH
= 0) on the vy axis, versus the various levels of heater power on the x axis is illustrated in

Figure 2.12.

146 -

120 - ¥ = 4,3375% + 5.6339
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Heater power {DAC)

Figure 2.12 Delta FH at various levels of heater power. [8]

Finally, the contact distance is calculated by computing the active FH (working)

distance from the formula in equation as follows:

AFD = (TD —TGD, (2.3)

where AFD is active FH distance, CTD is contact distance, and TGD is FH target

distance. The FH target distance is the appropriate spacing from the disk to the recording
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head to perform read and write operations. The target distance depends on product
design. For example, 20 angstroms from the disk will achieve the areal density to reach
the product’s requirement. Figure 2.13 shows a schematic diagram of the contact

distance, the target read FH distance, and the target write FH distance.

= Reader
- Heater
- Writer

Contactdistance

Target read FH

Target write FH

WW\HIJW

Figure 2.13 Schematic diagram of the contact distance, the target read FH distance, and the

target write FH distance.

2.4 Data Mining

Data mining [14, 15].is the process of discovering interesting knowledge, such as
patterns, association, changes; anomalies and. sienificant structure, from large amounts of
data stored in databases; data warehouses,-or other information repositories. Due to the
wide availability of huge amounts of data in electronic forms, and the imminent need for
turning such data into useful information-and knowledge for broad application including
market analysis, business management, and decision support, data mining has achieved a
great deal of attention in the information industry in recent years [16].

Data mining has been popularly treated as a synonym of knowledege discovery in
databases, although some researchers view data mining as an essential step of
knowledge discovery. In general, a knowledge discovery process consists of an iterative

sequence of the following steps:
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® Data cleaning, which handles noisy, erroneous, missing,'or irrelevant data.

® Data integration, where multiple, heterogeneous data sources may be
integrated into one.

® Data selection, where data relevant to the analysis task are retrieved from the
database.

® Data transformation, where data are transformed or consolidated into forms
appropriate for mining by performing summary of aggregation operations.

® Data mining, which is an essential process where intelligent methods are
applied in order to extract data patterns.

® Pattern evaluation, which is to identify the truly interesting patterns
representing knowledge based on some interestingness measure.

® Knowledge presentation, where visualization and knowledge representation

techniques are used to present the mined knowledge to the user.

In this research, a data mining system is applied to accomplish the Classification
task, which is one of the major tasks of data minine.

In general, data mining tasks can be classified into two categories: descriptive data
mining and predictive data mining. The former describes the dataset in a concise and
summary manner and presents interesting general properties of the data; whereas the
latter constructs one or a set of models, performs inference on the available set of data,
and attempts to predict the behavior of new data sets.

A data mining system may accomplish cne or more of the following data mining
tasks.

1. Class description. A class description provides a concise and succinct
summarization of a collection of data is called class characterization; whereas the
comparison between two or more collections of data is called class comparison or
discrimination. Class description should cover not only its summary properties, such as
count, sum, and average, but also its properties on data dispersion, such as variance,
quartiles, etc. For example, a class description can be used to compare European versus
Asian sales of a company, identify the important factors which discriminate the two

classes, and present a summarized overview.
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2. Association. Association is the discovery of association relationships or
correlations among a set of items. They are often expressed in the rule form showing
attribute-value conditions that occur frequently together in a given set of data. An
association rule in the form of X => Y is interpreted as “database tuples that satisfy X are
likely to satisfy Y”. Association analysis is widely used in transaction data analysis for
directed marketing, catalog design, and other business decision making processes.
Substantial research has been performed recently on association analysis with efficient
algorithms proposed, including the level-wise Apriori search, mining multiple-level, multi-
dimensional associations, mining associations for. numerical, and interval data, meta-
pattern directed or constraint-based mining, and mining-correlations.

3. Classification. Classification analyzes a-set of training data (i.e., a set of object
whose class label is known) and constructs a model for-each class based on the features
in the data. A decision tree or a set of classification rules is generated by such a
classification process, which can be used for better understandine.of each class in the
database and for classification of future data. For example, one may classify diseases and
help predict a kind of disease based on symptoms of patients. There have been many
classification methods developed in the fields of machine learning, statistics, databases,
neural networks, rough sets, and others. Classification has been-used in customer
segmentation, business modeling, and credit analysis.

4. Prediction. This mining function predicts the possible values of some missing
data or the value distribution of certain attributes relevant to the attribute of interest
(e.g., by some statistical analysis) and predicting the value distribution based on the set of
data similar to the selected object(s). For.example, an-employee’s potential salary can
be predicted based on the salary.distribution-of similar employees in the company.
Usually, regression analysis, generalized linear model, correlation analysis and decision
trees are useful tools in quality prediction. Genetic algorithms and neural network
models are also popularly used in prediction.

5. Clustering. Clustering analysis is used to identify clusters embedded in the
data, where a cluster is a collection of data objects that are “similar” to one another.

Similarity can be expressed by distance functions, specified by users or experts. A good

078075
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clustering method produces high quality clusters to ensure that the inter-cluster similarity
is low and the intra-cluster simiarity is high. For example, one may cluster the houses in
an area according to their house category, floor area, and geographical locations.
Data mining research has been focused on high quality and scalable clustering methods
for large databases and multidimensional data warehouses.

6. Time-series analysis. Time-series analysis is to analyze large set of time-series
data to find certain regularities and interesting characteristics, including search for similar
sequence or subsequences, and mining sequential patterns, periodicities, trends and
deviations. For example, one may predict the trend of the stock values for a company
based on its stock history, business situation, competitors’ performance and current

market.

2.5 The Naive Bayes Classifier for Text Classification

The naive Bayes classifier [17, 18] algorithm: Let C = (¢, ...,C;p) be m
document classes. Given a new untabeled document D and its corresponding word-list
W = (Wi, e Wdf) {(defined in the same way as the word-list for the training set), the

naive Bayes approach assiens D to a class Cpg as follows [17]:

df
Cre=\ 258 max P(c)) 1—[ P(W;|C;), (2.4)
¢ .
i=1

where P((;) is the a priori probability of class C; and P(W;{C;) is the conditional
probability of word W; given class C} The underlying assumption of the Naive Bayes
approach is that for a given class Cj the probabilities of words occurring in a document
are independent of each other. When the size of the training set is small, the relative
frequency estimates of probabilities, P(VVL-|CJ-), will not be reasonable; if a word never
appears in the given training data, its relative frequency estimate will be zero. Instead, we
applied the Laplace law of succession to estimate P(W;]|C;). The estimate of the
probabitity P (W;|C;) is given as:
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Ny +1
J
P(Wi[G) = ———~,
where N is the total number of words in class Cj, Nyj is the number of occurrences of
word W; in class €; and kj is the vocabulary size of class €. This is the result of the
Bayesian estimation with a uniform prior assumption, i.e. probabilities of the occurrence

of words appearing in class ¢; are equally likely.

2.5.1 Advantages of the Naive Bayes Classifier
The naive Bayes is potentially good at serving as a document classification model
due to its simplicity. Many researchers have found that the naive Bayes achieves very
good performance in their experiments (2, 3, and 19]. Moreover, there are many
advantages of the naive Bayes as described follows.
a} Conceptually very easy to understand.
b) Simplicity and efficiency.
c) Reguires a small amount of training data.
d) Fast to train (single scan). Fast to classify.
e) Not sensitive to irrelevant features.
f) Handles real and discrete data.
g) The method is well defined in cases of missing attributes: training or test

examples where some values are not observed.

2.5.2 Disadvantages of the Naive Bayes Classifier
However, for all Naive Bayes advantages and positive aspects, the naive Bayes
also has its disadvantage as describe follows.
a) Assumption: class conditional independency, therefore loss of accuracy.
b) Practically, dependencies exist among variables.

¢} Dependencies among variables cannot be modeled by the naive Bayes classifier.
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2.6 k-Nearest Neighbors Classifier for Text Classification

The basic concept of k-nearest neighbors (k-NN) classifier is classified by a majority
vote of its neighbors, with the object being assigned to the class most common amons
its k nearest neighbors (k is a positive integer, typically smal). If k = 1, then the object is
simply assigned to the class of that single nearest neighbors. For k-NN algorithm [7], the
training examples are vectors in a multidimensional feature space, each with a class
label. The training phase of the algorithm consists only of storing the feature vectors and
class \abels of the training samples:

Figure 2.14 show.an example of k-NN classification. The test sample (green circle)
should be classified cither to the first class of blue squares or 10 the second class of red
triangles. If k =3(solid tine circle) it is assigned to the second class because there are 2
triangles and only 1 square inside the inner circle: if k =5 (dashed line circle) it is

assigned to the first class (3 squares Vs. 2 triangles inside the outer circle).

Figure 2.14 Example of k-NN classification. [20]

In the classification phase, kisa user-defined constant, and an unlabeled vector
(a query or test point) is classified by assigning the label which is most frequent among
the k training samples nearest to that query point. In this thesis, we use the TF-IDF (TF is
the term frequency in a document and IDF is the inverse document frequency) weighting
scheme and use the cosine similarity [17, 21] instead of Euclidean distance 10 measure
the similarity of the two documents. Given two documents D1 and D, their

corresponding weighted feature vectors are Ty = (tuﬁil)?=1 and T, = (t2i5i2)?_;1,



21

where 8 is the weight of word Wy in document k (TF-DF). The similarity between Dy
and D5 is then defined as:

T,
S(Dy, D) = 0 (2.6)
: (T
where ||. || denotes the norm of the vector. To save system resource we use k=1

If k = 1, then the object is simply assigned to the class of its single nearest neighbors.

Although, k-NN is easy to apply, it is computationally expensive and memory intensive.

2.6.1 Advantages of k-Nearest Neighbors Classifier
k-NN is one of the most popular algorithms for fext classification [22, 23]. Many
researchers have found that the k-NN algorithm achieves very good performance in their
experiments {24, 25]. There are many advantages be described in detail as follows.
a) Simple and powerful. No need for tuning complex parameters to build a model.
b) Simple to implement.
o) Flexible to feature/distance choices.
d) Naturally handles multi-class cases.
e) Can do well in practice with enough representative data.
f) No training involved (“lazy”). New training examples can be added easily.
g) Complex concepts can be learned by local approximation using simple

procedures.

2.6.2 Disadvantages of k-Nearest Neighbors Classifier
However, for all k&-NN advantages and positive aspects, the k-NN also has its
disadvantage as describe follows.
a) It is computationally expensive to find the k nearest neighbors when the dataset
is very large.
b) k-NN requires a lot of memory.

d) Must know we have a meaningful distance function.
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d) The model can not be interpreted (there is no description of the learmned

concepts).

2.7 Artificial Neural Network Classifier

The neural networks concept has inspiration from the complexity of the human
brain consisting of multiple sets of neurons [26, 27]. The initial idea of neural networks
was developed as a model for neurons. The first applications of ANNs did not present
good results and showed several limitations (such as the treatment of linear correlated
data). However, the initial perceptron architecture (a single-layer neural network) was
developed into multilayer networks. The introduction of nonlinearity between input and
output data and this new architecture of perceptrons yielded positive improvements in
ANN results. Moreover, the learming algorithm called “back-propagation” helped the ANN
popularization.

In general, ANN techniques [26] are a family of mathematical models that are
based on the human brain functioning. All ANN methodologies share the concept of
«neurons” (atso called “hidden units”) in their architecture. Each neuron represents a
synapse as its biological cdunterpart. Therefore, each hidden unity consists of activation
functions that control the propagation of one neuron signal to the next. A hidden unit is
adjusted by a regression equation that processes the input information into a non-tinear
output data. Therefore, if more than one neuron is used to compose an ANN, non-linear
correlations can be developed. Because of the non-linearity between input and output,
we compare the hidden unities of ANNs to a “black box”. Figure 2.15 shows a

comparison between a hurnan neuron and an ANN neuron [27].
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Figure 2.15 (A) human neuron; (B) artificial neuron or hidden unity; (C) biological synapse;

(D} neural network synapses. [27]

The general purpose of ANN techniques is based on stimulus—response activation
functions that accept some input and vield some output. The difference between the
neurons of distinct artificial neural network consists in the nature of activation function of
each neuron. There are several standard activation functions used to compose ANNs:
the threshold function, linear function, and sigmoid function. However, the sigmoid
function is the most popular for ANN techniques. Figure 2.16 shows a graph of the
sigmoid activation function f(x) = 1/1 + e~ [28].
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Figure 2.16 Graph of the sigmoid activation function f(x) =1/1+ e * [28]

Different ANN techniques can be classified based on their architecture or neuron
connection pattemn. The feed-forward networks are composed by unidirectional
connections between network layers. In other words, there is a connection flow from the
input to output direction.

Each ANN architecture has an intrinsic behavior. Therefore, the neural networks
can be classified according to their connections pattern, the number of hidden unities,
the nature of activation functions and the learning algorithm. There are an extensive
number of ANN types and Figure 2.17 exemplifies the general classification of neural

networks showing the most common ANN technigues.

Artificial Neural Network

Feed-Forward Networks

I
| l

Single-Layer Perceptron Multi-Layer Perceptron

Figure 2.17 The most common neural networks.
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According to the previous brief explanation, ANN techniques can be classified

based on some features. The next topics explain the most common types of ANN.

2.7.1 The Perceptron Concept

The perceptron is a simple algorithm for binary classification where the weights
are adjusted in the direction of each misclassified example [291. It is simplest neural
network possible: a computational model of a single neuron [30]. A perceptron consists

of one or more inputs, a processor, and a single output as shown in Figure 2.18.

Input T -
p \\\

.
"\\‘\

Processof  p————— Qutput

L=
Input 2 =l

Figure 2.18 The perceptron.

Perceptron follows the “feed-forward” model, meaning inputs are sent into the
neuron, are processed, and result in an output. In the diagram above, this means the

network (one neuron) reads from left to right: inputs come in, output goes out.

2.7.2 Single Layer Perceptron Networks
Single layer perceptron networks can be presented by the model show in Figure

2.19. Each output consists of the summation of each input multiplied by their weight [31].
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Figure 2.19 Single layer perceptron chart.

The output from model in Figure 2.19 can also be described in Equation as

follows.

n
y=o(3 (e

where W;; is the connection weight of branch(i, j), @; is the input data of node i, and
g s the activation function.

The number of input nodes depends on the number of input data components
and the activation function can be a threshold function (2.8) or sigmoid function (2.9). If
the output is a discrete output: ‘yes’ or ‘no’, the output function is the threshold
function. On the other hand, if the output is a continuous output, the output function is
the sigmoid function.

1L,x>T
fo=lgx<r “

where T is the threshold level

1
X)=——. (2.9)
f&X) 1+4+e7*
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2.7.3 Multilayer Perceptron Networks

Multilayer perceptron (MLP) multilayer networks can solve more complicated
problems than single-layer networks [8). The term “multilayer” is used because this
methodology is composed by several neurons arranged in different layers. Each
connection between the input and hidden layers (or two hidden layers) is similar to a
synapse (biological counterpart) and the input data is modified by a determined weight.
Therefore, a three layer feed-forward network is composed by an input layer, two hidden
layers and the output layer.

MLP is also called feed-forward neural networks because the data information
flows only in the forward direction. In other words, the produced output of a layer is only
used as input for the next layer. An‘important characteristic of feed-forward networks is
supervised learning.

An important task in the MLP methodology is the training step. The training or
learning step is a search process for a set of weight vatues with the objective of
reducing/minimizing the squared errors of prediction. This phase is the slowest one and
there is no euarantee of minimum globat achievernent. The most popular one is the
back-propagation algorithm. This algorithm uses the error values of the output layer
(prediction) to adjust the weight of layer connections. Therefore, this algorithm provides a
guarantee of minimum (tocal or global) convergence.

The main challenge of MLP is the choice of the most suitable architecture. The
speed and the performance of the MLP learning are strongly affected by the number of
layers and the number of hidden unities in each layer. Figure 2.20 displays the influence

of number of layers on the pattem recognition ability of neural network [27].
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Figure 2.20 Influence of the number of layers on the pattern recognition ability. [27].

The increase in the number of layers in a MLP algorithm is proportional to the

increase of complexity of the problem to be colved. The higher the number of hidden

layers, the higher the complexity of the pattern recognition of the neural network.

2.7.4 Back-propagation

Artificial neural network are a supervised learning method [26]. Normally, a neural

network requires a large training set of complete records to teach the model to improve

f the model just like @ human learning process. As each observation from

the accuracy O
the training set is processed through the network, an output value is produced from the
output node as in Figure 2.21.

Input Layer Hidden Layer QOutput Layer

' 3¢
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Figure 2.21 Simple neural network. [26]

This output value is then compared to the actual value of the target variable for

this training set observation, and the error (actual—output) is calculated. Then the error
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value of the output layer is used to adjust the new weight of layer connections. To
measure how well the output predictions fit the actual target values, most neural

network models use the sum of squared errors:

SSE = Z Z (actual — output)?, (2.10)

records output_nodes

where the squared prediction errors are summed over all the output nodes and over all
the records in the training set.

The problem is therefore to construct a set of model weights that will minimize
the SSE. In this way, the weights are analogous to the parameters of a regression model.
The “true” values for the weights that will minimize SSE are unknown, and our task is to
estimate them, given the data. However, due to the nonlinear nature of the sigmoid
functions permeating the network, there exists no closed-form solution for minimizing

SSE as exists for least-squares regression.

2.7.5 Gradient Descent Method

Gradient-descent method [26] is used to find out the set of weights that will
minimize SSE.  Suppose that we have a set (vector) of m weights
W = Wy, Wi, Wo, «..; Wy In OUT neural network model and we wish to find the values
for each of these weights that, together, minimize SSE. We can use the gradient descent
method, which gives us the direction that we should adjust the weights in order to
decrease SSE. The gradient of SSE with respect to the vector of weights w is the vector

derivative:

(2.11)

—

0SSE O0SSE  9SSE
VSSE(w) = [ ) Yy ],
owy  dwy OWyy,

that is, the vector of partial derivatives of SSE with respect to each of the weights.
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To itllustrate how gradient descent works, let us consider the case where there is
only a single weight Wy. See Figure 2.22 that plots the error SSE against the range of
values for Wy. We would prefer values of Wy that would minimize the SSE. The optimal
value for the weight Wy is indicated as w1 . We would like to develop a rule that would

help us move our current value of Wy closer to the optimal value wj as follows:

Whew = Weurrent T AW yrrent » (2.12)

where Weyrrent 15 the curent location of W and AW yprent 15 the change in the

current location of W.

A

SSE

L

Wi Wy Wip Wi

Figure 2.22 Using the slope of SSE with respect to Wy to find weight adjustment direction.

Now, suppose that our current weight value Weyrrent 15 near Wy . Then we
would like to increase our current weight value to bring it closer to the optimal value
wi. On the other hand, if our current weight value Weyrrent WETE near Wy , we would
instead prefer to decrease its value, to bring it ctoser to the optimal value wi. Now the
derivative OSSE /8wy is the slope of the SSE curve at Wy . For values of Wy close to

Wy, , this slope is negative, and for values of Wy close to Wyg, this slope is positive.
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Hence, the direction for adjusting Weyrrene is the negative of the sign of the derivative of

SSE at Weyrrent » @ shown in equation as follows:

(2.13)

) ( dSSE )
San OWcyrrent -
Now, how far should Weyyrrent be adjusted? Suppose that we use the magnitude

of the derivative of SSE at Weyrrent: When the curve is steep, the adjustment will be
large, since the slope is greater in magnitude at those peints. When the curve nearly flat,
the adjustment will be smaller, because less slope. Finally, the derivative is mulftiptied by
a positive constant 77 {eta), called the learning rate, with values ranging between zero and

1. The resulting form of AW yyrent s 2s follows:

_aiSE—-) (2.14)

AWeyrrent = =1 (

OWeyrrent

Meaning that the change in the current weight value equals negative a small

constant times the slope of the error function at Weyrrent-

2.7.6 Back-propagation Rules

The back-propagation algorithm [26] takes the prediction error (actual — output)
for a particular record and feeds back the error to the network, assigning partitioned
responsibility for the error to the various connections. The weights on these connections
are then adjusted to decrease the error, using gradient descent. Using the sigmoid
activation function and gradient descent, Mitchell {18] derives the back-propagation rules

as follows:

Wijnew = Wijcurrent T AWij (2.15)
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AWU = T](SJXU ’ (2.16)

where 1} represents the leaming rate and X;; indicates the input index { and node J, and
(5:,- represents the responsibility for a particular error belonging to node j. The error
responsibility is computed using the partial derivative of the sigmoid function with respect
to net j and takes the following forms, depending on whether the node is in the output

layer or the hidden layer. If node J is in output layer, 5]- is as follows:

6; = output;(1 — output;)(actual; — output;), (2.17)

If node J is in hidden layer, é}- is as follows:

5] = output](l Vi Outputj) Z Vija'; (2.18)

downstream

where Edowngtmam Vij 6}- refers to the weighted sum of the error responsibilities for

the nodes downstream from the particular hidden layer node.

2.7.7 Advantages of Artificial Neural Network Classifier
Artificial neural network are widely spread and used in everyday services,
products and applications [32]. One of the greatest advantages of artificial neural
network is their capability to learn from their environment. Moreover, there are many
advantages of artificial neural network as described follows.
a) Can be applied to many problems, as long as there is some data.
b} Can be applied to problems, for which analytical methods do not yet exist
c) Can be used to model non-linear dependencies.
d) If there is & pattern, then artificial neural network should quickly work it out,
even if the data is ‘noisy’.

e) Always gives some answer even when the input information is not complete.



2.7.8 Disadvantages of Artificial Neural Network Classifier

However, for all artificial neural network advantages and positive aspects, the

artificial neural network also has its disadvantage as describe follows.

a) Like with any data-driven models, they cannot be used if there is no or very little

data available.

b) There are many free parameters, such as the number of hidden nodes, the

learning rate, minimal error, which may greatly influence the final result.

c) Not good for arithmetics and precise calculations.

d) Artificial neural network do not provide explanations. If there are many nodes,

then there are too many weights that are difficult to interpret,
2.8 C5.0 Classifier

C5.0 algorithm is an extension of €4.5 algorithm which is also extension of ID3. It is

the classification algorithm which applies in big data set. [t is better than C4.5 on the

speed, memory and the efficiency [331. Table 2.1 shows comparison between different

decision tree algorithm [34].

Table 2.1 Comparisons between different decision tree algorithm

iD3 c4.5 C5.0
Type of data Categorical Continuous and Continuous and
categorical categorical, date,
times, timestamps
Speed Low Faster than ID3 Highest
Pruning No Pre-pruning Pre-pruning
Boosting Not supported Not supported Supported

Missing values

Can’t deal with

Can’t deal with

Can deal with

Formula

Use information
entropy and

information gain

Use split info and

gain ration

Same as C4.5




The process of a decision tree is to find the best attribute variables of
classification ability. Then through the best attribute variabtes, the data will be divided
into multiple subsets. To each subset, the best property of the classification capability is
found, which can be used to be divided into multiple sub-sets further. This is always an
iterative operation until all subsets contain only one category or the number of samples
is smaller than a certain threshold [5]. Finally, examine the lowest level split, thosé
sample subsets that do not have remarkable contribution to the model will be rejected.
(5.0 is easily handled the multi value attribute and missing attribute from data set [35].

The C5.0 algorithm uses the concept of information gain or entropy reduction to
select the optimal split. Suppose that we have a variable X whose k possible values
have probabilities p1, p2, ..., pk. What is the smallest number of bits, on average per
symbol, needed to transmit a stream of symbols representing the values of X observed?

The answer is called the entropy of X and is defined as follows [26]:
0 =~ ) Piloga (p;). 219
J

Where does this formula for entropy come from? For an event with probability p,
the average amount of information in bits required to transmit the result is —log, p. For
example, the result of a fair coin toss, with probability 0.5, can be transmitted using
—log, p = 1 bit, which is a zero or 1, depending on the result of the toss. For variables
with several outcomes, we simply use a weighted sum of the —log,(p;)’s, with
weights equal to the outcome probabilities, resulting in Equation 2.19.

(5.0 uses this concept of entropy as follows. Suppose that we have a candidate
split S, which partitions the training data set T into several subsets, Ty, T5, ..., Ty.. The
mean information requirement can then be calculated as the weighted sum of the

entropies for the individual subsets, as follows (26):

k
i=1
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where p; represents the proportion of records in subset i . We may then define our

information gain to be gain(S) = H(T) — H(T), that is, the increase in information

produced by partitioning the training data T according to this candidate split S. At each

decision node, C5.0 chooses the optimal split to be the split that has the greatest

information gain, gain(§).

2.8.1 Advantages of C5.0 Classifier
C5.0 is one of top 10 algorithms in data mining [36].The main advantage of 5.0 is

interpretability. In this research [37], C5.0 provides the best performance compare to 1D3,

and C4.5. Among all these classifiers C5.0 gives more accurate and efficient result. There

many advantages of C5.0 that will be described as follows [35].

a)

b)

c)

High accuracy and low memory usage.

C5.0 requires little data preparation. Other techniques often require data
normalization, dummy variables need to be created and blank values to be
removed.

C5.0 able to handle both numerical and categorical data. Other technigues are
usually specialized in analyzing datasets that have only one type of variable.

C5.0 usually do not require long training times to estimate.

Able to handle multi-output problem:s.

(5.0 also offers the powerful boosting method to increase accuracy of
classification.

C5.0 models are robust in the presence of problems such as missing data and
large numbers of input fields.

In addition, C5.0 models tend to be easier to understand than some other model
types, since the rules derived from Clementine the model have a very
straightforward interpretation. The model in form of irees also can be visualized.
By contrast, in a black box model (e.g,, in an artificial neural network), results may

be more difficult to interpret.
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2.8.2 Disadvantages of C5.0 Classifier
However, for all C.50 advantages and positive aspects, the C50 also has its
disadvantage as describe follows.

a) (5.0 can create over-complex trees that do not generalize the data well. This is
called overfitting. Mechanisms such as pruning, setting the minimum number of
samples required at a leaf node or setting the maximum depth of the tree are
necessary to avoid this problem.

b) There are concepts that are hard to leam because C5.0 does not express them
easily, such as XOR, parity or multiplexer problems.

¢} (5.0 creates biased trees if some classes dominate. It is therefore recommended

to balance the dataset prior to fitting with the C5.0.

2.9. LITERATURE REVIEW

2.9.1 Customer Failure Modes Prediction for Hard Disk Drive Using

Neural Network Rank-Level Fusion

In this paper [38], key parameters from manufacturing are selected to predict
head disk interaction (HDI) failure as show in Figure 2.23. In this paper, HDI related failure
modes are studied. 512 samples are collected to create the model. PCA (Principle
Component Analysis) is applied to screen for important key parameters. Applying PCA
improved accuracy 2-3%. The author selected four classifiers: Neural Network (NN),
Discriminant Analysis (DA}, Bayesian Networks (BN), and Support Vector Machine (SVM).
The total samples were split randomly to create a 60% training set and a 40% testing set.
The author {ooked at the performance of all combinations of four classifiers through 3
different rank-levels: Borda Count, Logistic Regression, and Neural Networks Fusion. With
Neural Networks Fusion method, the combination of NN + BN + SVM + DA shows the
highest accuracy at 86.6%.
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Figure 2.23 Key parameters and respective measurements taken during the manufacturing of

HDD. [38]

2.9.2 Hard Disk Drive Failure Mode Prediction from SMART Attribute
Using Data Mining Method

In this paper [39], the C5.0 algorithm can be used for the multicast classifier on
mixed types of data with 93.03% accuracy for failure mode predication. Table 2.2 shows
model results of each classification algorithm.

In this thesis, the software not only can help the analyst to group or sample
drives for failure analysis (FA), but it also reduces turnaround time (TAT). The analyst will
be able to find the root cause and the corrective action of the failure much faster by
using the software. Moreover, it will also directly increase the quality and the reliability of
the product.

The author will develop this software to analyze data for production, to screen
some failed drives before sending drives o the customer. The author also will develop
software to monitor hard disk health and performance at the customer site to alert when
the drive has a failure waming, which will increase quality and reliability for production

and the customer.
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Table 2.2 Model results of each classification algorithm

Model Accuracy
5.0 93.03%
Neural Network 56.25%
Bayes Network 53.00%
SVM 42.03%

2.9.3 Study of Neural Network for Fly Height Failure Pattern
Classification in Hard Disk Drive

For this thesis [8], three neural network (NN) models were studied and used for
Fly Height (FH) failure pattern classification in hard disk drive (HDD) manufacturing
process: leamning vector guantization (LVQ), back propagation (BP), and probabilistic
neural network (PNN).

In this thesis, the fly height failure pattern was studied. There are 6 types of
failure patterns that are found in test process, as shown in Figure 2.24. In a FH profile,
the y-axis is the heater power and the x-axis is the data zone of a disk ¢oing from the

outer diameter toward the inner diameter of the disk.
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Figure 2.24 Six types of failure patterns from FH measurement. [8]

Based on this-failure analysis data, each FH pattem-can indicate one of three
causes of failure; Pattern no.1 and no.2 indicate failures are from physical damage on
head gimbal assembly (HGA). Patterns no.3, no.4 and nol5 relate to contamination on
the slider air bearing surface (ABS). Pattern no.6 is head instability. Examples of failure

analysis results.are shown in Figure 2.25,.2.26, and 2.27.
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Pattern no.2
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Figure 2.25 FA result of pattern no.1 and no.2. [8]
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Figure 2.27 FA result of pattern no.6. [8]

The FA results. of pattern no.1 and no.2, in Figure 2.25, show the side view of
head stack assembly (HSA).The-bent suspension-is ebviously seen as a root cause of
failure. The second FA result of pattern no.3, 4, and 5, in Figure 2.26, is illustrated by an
FESEM (Field Emission Scanning Electron Microscopy) image. There is a contamination on
the face of the slider ABS. The last FA result of pattern no.6 in Figure 2.27 shows the

read back signal from media with various write patterns. This is monitored by
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oscilloscope, which is observed via a baseline popping noise. These abnormal cases are
screened by FH testing before shipment to customers.

[n this thesis, the author found that the PNN can achieve the highest average
accuracy at 96.2% while LVQ reaches 90.7%. BP has the worst performance with the

highest average accuracy of only 81.8%.



CHAPTER 3
RESEARCH METHODOLOGY

This research methodology consists of five steps including the measurement
tool, data and sample collection, data pre-processing, and classification process.

The new software written in the python language was used during data-
preparation. RapidMiner 5 and Clementine 12.0 applications were used in the analysis
process. This chapter presents the steps of the measurement system and setup
procedure, assumptions on materials and methods, how to collect and prepare the
desired data, how to evaluate based on various conditions and the expected results of

this experiment. A procedure for accurate measurement will also be presented.

3.1 The Measurement System

The HDD tester is the measurement tool used in this experiment. It can measures
drive performance based on the test sequence identified in the test script. Each test
sequence HDD is tested against certain specifications. If it meets all specifications, it can
be shipped to the customer. The HDD tester keeps all information collected during the

test process and accumulates it into one text document. The text document is called

the “testing log”.

3.1.1 Repeatability in Measurement System

With regards to the “Repeatability” study, we found that drives can pass the test
process without any component replacement. A temporary fail may occur if the system
generates noise and disturbance during the test. This fact told us that we can recover

false failures by re-test or re-calibration.

3.1.2 Novel System for Recovering Failed Drive

Because of the repeatability study, the HDD factory sees an opportunity to
recover false fail drives. The recovery process may help to change some properties for

some drives and cause the test result to be different. This is a clear benefit to create a
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new method that helps reduce the number of failing drives by reclaiming over-reject
drives. This new method is an in-process recovery that is more effective than current
methods because we are able to put additional certification/calibration during the test
process that the traditional system does not have. The traditional approach only
performs a simple re-test or recommends changing out parts/components (which can be
costly). We call this method “intelligence Recovery” or iRecovery for short. The flow of

“iRecovery” is shown in Figure 3.1.

Traditional iRecovery
= %\, Recover
g Retry
i
@

o
®
=]
2
w
=
| @
b=
B
=3
o

Figure 3.1 Work flow comparison between old vs. new method.

3.2 Data and Sample Collection

In this research, Data is collected from-the actual test process in the form of a
testing log. The testing log contains information about the drive performance which can
be generalized into three basic categories: testing command, testing result, and debug
message. The testing command is a low level command sent to the drive to test
something (e.g. seek, read, and write). The testing result is the result from the test
algorithm performed by the testing command. The debug message is a human readable

message for analysis. Figure 3.2 shows three basic categories message in testing log.
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Jan 04 2013-02:58:05 Execution Parameter 600: COMMAND_NAME
Jan 042013-02.58.05 —---> STARTING st(600)

Testing command

/\

Jan 04 2013-02:58:05 Parameters==> ([600]. []. {FUNCTION" 2. timeout" 54000, 'MAX_COMMAND_TIME" 43200
'CHECK_DELAY" 60, 'spc id" 1})

Jan 04 2013-02:58 05 **SPC_ID32=1 CMT=None

TEST_FUNCTION 2 (0x0002)
STATUS_CHECK_DELAY 60 (0XD03C) "
PG00_SELF_TEST_STATUS.
SELF_TEST_OPTION SELF_TEST_STATUS
2 0
P600_SELF_TEST_TIMING
DST_TIME DST_TIME_SPEC
29989 43200
Debug message
%

Jan 04 2013-11:17:57 **TestCompleted=600,29992 70
Jan 04 2013-11.47:58 FIN|SHED Testingsi(6500), TestStat 0. Test Time 20992 70 <—

Figure 3.2 Three basic categories information in testing log.

To build the false pass classification model, testing logs were collected from
“Pass” samples ‘at test process: There are 4,142 samples of true pass drives and 21
samples of false pass-drives. It is hard to find false pass drive samples because it is a
kind of event that rarely occurs.

To build the false fail: classification model; testing logs were collected from
“Fail” samples. at test process. There.are 305 samples of ‘true fail drives and 374

samples of false fail drives.

3.3 Data Analysis

Based on failure analysis of false fail drives, false fail drives can be mixed in with
many failure symptoms. Therefore, we selected to study only the highest value failures;
that is the failures with the highest recovery rate. This allows the factory to obtain more
good/passing drives out of a failure symptom. The symptom called “delta fly height
between the outer zone and inner zone is over a failure limit” is selected to study in

this research.
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Based on failure analysis of false pass drives, we choose to analyze only one
failure symptom. The symptom is called “Passer from fail”.

The analysis details of false fail drives and false pass drives will be described in
the section named “Appearance of false fail drives” and “Appearance of false pass

drives” as follows.

3.3.1 Appearance of False Fail Drives

In this research, we select to study drives where the delta fly height between the
outer zone and inner zone is over a failure limit, because these failures have a high
recovery rate. In the fly height measurement process, the spacing distance between
recording head and media are considered in terms of the voltage values that are applied
into the heater element of the recording head. It causes the writer and reader elements
to protrude until they are in contact with the media, which is detected by the servo
detector system. The heater voltage values are in the Digital to Analog Converter (DAC)
unit for both read and write operations in each location (data zone) on the media. Data
zones are separated into 3 groups: outer disc (OD), middle disc (MD), and inner disc (D).

A typical false fail drive has a fly height profile such as patiern no. 4 (see Figure
2.26). The main cause of poor repeatability of failure drives comes from noise and
disturbance during the test. Noise and disturbance can cause measurement errors, Figure
3.3 and Figure 3.4, shows the fly height profile of the failed head of a false fail drive.
During the first run (red line) the drive failed because the delta fly height between the
outer zone and inner zone the test’s failure limit. Re-running the drive allowed it to pass

with an acceptable/eocd fly heicht profile (green line).
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Figure 3.4 Example of false fail drive profile.

3.3.2 Appearance of False Pass Drives

A false pass drive can come from an excursion in the test process where the fail

process suddenly stops testing the drive but does not report a failure message. A fail



47

process is a test state that is performed when a drive fails. A false pass drive skips some
of the test process but still returns a passing status as shown in Figure 3.5. However, a

false pass drive can be detected by a verification process that occurs after test process.

]

Y

Fail process

;
No / \\\ Yes
T——xExcursion /——

S
*’ h 4

Perform only test

Perform all test

sequences before excursion

b F Friais T

Y 3

"'_, /"""’ L Y 47-_-_-_“——_*‘\\
| Classified as fail /' (Classiﬁed as pass)
Ve ;

—

Figure 3.5 Flow chart of false pass drives.

Based on failure analysis, a false pass drive was shown to have skipped some
tests in the fail process.-However, -t is difficult to-detect false pass automatically by

machine because a lot of information (some irrelevant) is mixed in the testing log

3.4 Data Pre-processing
Because of differences between false pass and false fail failure characteristic, we
have to use two different classification methods. Data pre-processing depends on the

classification method.
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3.4.1 Data Pre-processing for False Pass Drives
In order to establish a methodology to classify the false pass portion, Text
classification was applied. Input data is a file that contains text information. In the
literature [1], it is shown that filtering data can improve the accuracy and effectiveness
of classifying algorithms. The data filtering process is used to eliminate redundant
information and reduce unnecessary data. To reduce unnecessary data, the new
software written in the python language was used in the data transformation process.
Data transformation is applied to convert a set of data values from the data format of a
source data system into the data format of a destination data system. The use of regular
expressions with arguments [40], a programming technique for locating specific character
strings embedded in character text, would allow all instances of a particular pattern to
be replaced with another pattern using parts of the original pattern.
For example, original data shown in Figure 3.6 could both be transformed into a more

compact form as shown in Figure 3.7.

Jan 04 2013-02:58:05 Execution Parameter: 600: COMMAND_NAME
Jan 04 2013-02:58:05 > STARTING si{600)
Jan 04 2013-02:58:05 Parameters==> ([600], [, {FUNCTION' 2, timecut’; 54000, 'MAX_COMMAND_TiME"; 43200, ‘CHECK_DELAY"

60, 'spc_id’; 1)
Jan 04 2013-02:58:05 *"SPC D32=1 CMT=Noene
TEST_FUNCTION 2 {0x0002)
MAX_COMMAND_TIME 43200 (0xABLO)
STATUS_CHECK_DELAY 60 (0x003C)

PE00_SELF TEST STATUS:
SELF_TEST_CPTION SELF_TEST_STATUS
2 0
P600_SELF_TEST_TIMING:
DST_TIME DST_TIME_SPEC
29989 43200
Jan 04 2013-11:17:57 *"TestCompleted=600,29992.70
Jan 04 2013-11:17:58 FINISHED Testing st(600), Test Stat: 0, Test Time: 2999270 <----

Figure 3.6 The data format of a source data system.

StParam([600], [], {FUNCTION 2, 'timecut’: 54000, 'MAX_COMMANC_TIME': 43200, 'CHECK_DELAY* 60, 'spc_id" 1}

Figure 3.7 The data format of destination data system.
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In other words, longer format of command calling would be replaced with a
shorter format using all of the original set of arguments. After passing the data filtering

process, data will be in text format and ready for text classification classifiers.

3.4.2 Data Pre-processing for False Fail Drives

In order to establish a methodology to classify the false fail drives, statistical
classification was applied. Statistical classification input is a set of properties but our
data is in the form of a testing log.-Because the testing log contains all of the drive test
information resulting in-a_large text document, datapre-processing is used to retrieve
only the interesting/applicable information and gather it inte ene document. New pre-
processing software specifically written for this study was created. This filtered each of
the results files, retrieved the target information and- transformed that information into
records in an Excel file. The final Excel file contains multiple records that are information
from individual-drives. For example, information of 100 drives will:be transformed into
100 records. Each record contains the interesting properties of ‘each drive. Each property
is represented in one golumn: as show in Figure 3:8. The data in Figure 3.8 is only an

example. It is-not actual data.

SN STATUS Property 1  Property2 Property3 _ Property4 Property5

Drive No.1 | True fail | ~— 20 X 10 Aoy, R 1
Drive No.2  Truefail </, 0 10, A\ A W __‘_I
Drive No.3 | True fail._| 0 \1Y 7”7”2 w 4
Drive No.4 True fail | ‘g 13 W i
Drive No.5 True fail Bl 10 14 R 1
Drive No.6 False fail 9 10 15 W_ 1
Drive No.7 ~ False fail 1 10| 16| R 1
DriveNo.8  Falsefal 8 10 7 R 1
Drive No.9 | False fail 0 10 18 W 1

Figure 3.8 False fail classification input.

We then sent selected interesting properties as input of the classification

algorithm. See Table 3.1.
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Table 3.1 Interesting properties from testing log

Description Type

Failed Head number. {1,2,..10}
Temperature upon finding fly height. Continuous
Mean temperature of the whole test process. Continuous
Name of sensor that failed. Reader or Writer {“R”,"W"}
Count of sensor that failed in the same mode. Continuous
Count of retries in finding fly height process. {1,2,3,4}

Error code of each retry. Continuous
Contact DAC of each zone. Continuous

3.5 Classification Process
To explain classification process, two sub-topics: classification system, and

classification evaluation will be presented.

3.5.1 Classification System

The classification system used in this research is separated into 2 systems. First is
a classification system for false pass drives. Second is a classification system for false fail
drives.

In the classification systemn for classifying false pass drives, empirical data were
filtered to primary testing commands such as read/write command, which were then
applied to machine-learning based algorithms. There are a lot of parameters in passing
drives, and selecting parameters to a small sub-set of parameters would be a limitation.
As such, we need to add all test parameters to the prediction model. There are clear
benefits to using text classification which can keep all parameters and apply machine-

learning based algorithms. False pass drive classification system as shown in Figure 3.9.
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Figure 3.9 False pass drive classification system.

In the classification system for classifying false fail drives, empirical data were
filtered to a set of related parameters, and then machine-learning based algorithms

were applied. False fail drive classification system as shown in-Figure 3.10

Data Statistical

Empirical Data : B Finalize Model
Pre-Processing Classification

Figure 3.10 False fail drive classification system.

3.5.2 Classification Evaluation
Accuracy is also used as a statistical measure of how well a binary classification
test correctly identifies. The accuracy is the proportion of true results (both true

positives and true negatives) among the total number of cases examined [41, 42].

) - TP + TN -
Y S TP EP + TN+ FI" |
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where TP is true positive (classify as 1 when the sample test result is 1), TN is true
negative (classify as 0 when the sample test result is 0), FP is false positive (classify as 1
when the sample test result is 0), and FN is false negative {(classify as 0 when the
sample test result is 1). An accuracy of 100% means that the measured values are
exactly the same as the given values.

In this thesis, the test options used for evaluating machine learning algorithms
are multiple split tests [43]. The concept of multiple split tests is split test getting
different results on different splits of the dataset is to reduce the variance of the
random process and do it many times. We can collect the results from a fair number of
runs (10 for this thesis) and take the average.

For example, we split our dataset 90%/10%, ran our algorithm and got an
accuracy and we did this 10 times with 10 different splits. We might have 10 accuracy
scores as follows: 87, 87, 88, 89, 88, 86, 88, 87, 88, and 87. The average performance of

our model is 87.5.




CHAPTER 4
EXPERIMENT AND RESULTS

This chapter presents the evaluation and performance comparison of false pass
and false fail classification, which is associated to classifiers and settings. The topics
include: (1) artificial neural network classifier experiments, (2) C5.0 classifier experiments,
(3) k-NN classifier experiments, and (4) the naive Bayes classifier experiments. Topic (1)
and (2) were used to classify false fail drives. Topic (3) and (4) were used to classify false

pass drives.

4.1 Artificial Neural Network Classifier Experiments

For all following experiments, the model is built based on the “artificial neural
network” classifier developed in-Clementine '12.0 [44]. Figure 4.1 illustrates the artificial
neural network overall setting in- Clementine 12.0.used to create prediction model and

then measure prediction performance.

data Partition Type \STATUS

_....Q\

&

STATUS Analysis

Figure 4.1 The neural network overall setting in Clementine 12.0.

The goal of experiment is to find highest accuracy model. 305 true fail and 374
false fail drives testing data were collected to be used to build the output model. The
artificial neural network experiments include: (1) training set size experiment, (2) hidden
layer one size experiment, (3) hidden layer two size experiment, (4) alpha value

experiment, and (5) the learning rate experiment.
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4.1.1 Training Set Size Experiment

Suppose we have L number of training samples variant from 10% to 90% of all
data samples. The networks are trained with these samples and the number of testing
sample is equal to (100 - L) %.

In this experiment, training set size and training cycles are varied and average
accuracy is observed. The default setting of the Clementine 12.0 application training

cycle was set to 250 cycles. The result is shown in Figure 4.2.
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Figure 4.2 Average accuracy of each training set size.

From experiment.result in. Figure 4.2, the'line-graph represents the average
accuracy increases with increasing training.set-size.. The average accuracy also increases
with increasing training cycle loop.

In clementine 12.0 application has the option to fix training time instead of fixing
training cycles. We set the experiment to train the model for 1 minute and monitored its
behavior. The average accuracy was increased following the training time until it became
stable around the 1 minute mark. Even if we continue training more than 1 minute,

average accuracy will not increase any further as shown in Figure 4.3, the X-
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axis represents the average accuracy, while the Y-axis represents training time. In Figure

4.3, we capture training time for 60 seconds.
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Figure 4.3 Accuracy profiles in 1 minute trainine time.

From accuracy profiles in 1 minute training time graph, the eraph represents the
average accuracy increased quickly in few seconds then slightly increased until stable at
around 30 seconds.

The training set size experiment on Figure 4.2 results.show-that 90% training set
and 1 minute training time provides the best performance with an average accuracy at
89.3%. Therefare, 90% training set and.1 minute training time is selected for all following

the artificial neural network classifier experiments.

4.1.2 Hidden Layer One Nodes Experiment
In this experiment, hidden layer one nodes is varied and average accuracy is

observed. Average accuracy of each hidden layer one nodes is shown in Figure 4.4.
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Figure 4.4 Average accuracy of each hidden layer one nodes.

The hidden layer one nodes experiment in Figure- 4.4 result shows that the
model which contains 20 nodes of hidden layer one provides the hest performance with
an average accuracy at 96.7%:

From' hidden layer one nodes experiment overallperspective, the graph
represents increasing’ ‘of . hidden “layer one-nodes from 5 to 80 is no significant
improvement in the average accuracy, just random fluctuation. Increasing hidden layer
one nodes from 85 to 100, “however, shows-decreasing in the average accuracy
significantly.

The reason the average accuracy decreases when too many nodes are in the
hidden layer one is called overfitting [45]. Overfitting occurs when the neural network
has so much information processing capacity that the limited amount of information
contained in the training set is not enough to train all of the nodes in the hidden layer.
A second problem can occur even when the training data is sufficient. Too large a

number of nodes in the hidden layer can increase the time it takes to train the network.
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The amount of training time can increase to the point that it is impossible to sufficiently

train the neural network.

4.1.3 Hidden Layer Two Nodes Experiment
In this experiment, the number of hidden layer two nodes is varied and average
accuracy is observer. Average accuracy of each hidden layer two nodes experiment is

shown in Figure 4.5.
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Figure 4.5 Average accuracy of each hidden layer two nodes.

The hidden layer two nodes experiment in Figure 4.5 result shows that hidden
layer two nodes 45 provides the-best performance with an average accuracy at 90.48%.
However, the hidden layer two performance is still lower than using the hidden layer
one only.

From hidden layer two nodes experiment overall perspective, the graph
represents increasing the hidden layer two nodes from 5 to 65 is no significant
improvement in the average accuracy. However, hidden layer two nodes from 70 to 100

shows a dramatically decrease in the average accuracy.
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The reason the average accuracy decreases when too many nodes are in the
hidden layer two is also overfitting (same as the overfitting that occurs when too many

nodes are in hidden layer one).

4.1.4 Alpha Value Experiment

The meaning of alpha setting is a momentum term @ used in updating the
weights during training. Momentum tends to keep the weight changes moving in a
consistent direction. The alpha setting is a value between 0 and 1. Higher values of
alpha increase momentum, decreasing the tendency to change direction based on local

variations in the data. Figure#.6 shows the result of each alpha value setting.
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Figure 4.6 Average accuracy of each alpha value setting.

The alpha value experiment in Figure 4.6 result shows that alpha value 0.9
provides the best performance with an average accuracy at 92.3%.

From alpha value experiment overall perspective, the graph represents no
significant improvement in the average accuracy just random fluctuation while alpha
value less than 0.9, then dramatically decrease at alpha value equal to 1.

To make clearer about how the momentum term work [26], consider Figures 4.7

and 4.8. In both figures, the weight is initialized at location I, local minima exist at
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locations A and C, with the optimal global minimum at B. In Figure 4.7, suppose that we

have a small value for the momentum term &, symbolized by the small mass of the

“ball” on the curve, If we roll this small ball down the curve, it may never make it
over the first hill, and remain stuck in the first valley. That is, the small value for &
enables the algorithm to easily find the first trough at location A, representing a local

minimum, but does not allow it to find the global minimum at B.

Next, in Figure 4.8, suppose that we have a large value for the momentum term
«, symbolized by the large mass of the “ball” on the curve. If we roll this large ball
down the curve, it may well make it over the first hill but may then have so much
momentum that it overshoots the global minimum at location B and settles for the

local minimum at location C.

SSE

I 4 B c o

Figure 4.7 Small momentum may cause algorithm to undershoot global minimum. [26]
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»
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Figure 4.8 Large momentum may cause algorithm to overshoot global minimum. [26]
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Thus, one needs to consider carefully what values to set for both the (earning
rate and the momentum term. Experimentation with various values of learning rate and
the momentum term may be necessary before the best results are obtained. That is the
reason why we did many experiments with various value of @ until we saw that when

the & = 0.9 was used, we can obtain best average accuracy.

4.1.5 The Learning Rate Experiment

Eta, the learning rate, controls how much the weights are adjusted at each
update. Eta changes as training proceeds. Initial eta is the starting value of eta. During
training, eta starts at initial eta, decreases to low eta, then is reset to high eta and
decreases to low eta again. The last two steps are repeated until training is complete.

This process is shown in Figure 4.9.

Initial Eta ——————————t o

High Eta ————»

Low Eta ——»

Cycles

Figure 4.9 How eta changes during neural network training. [26]

In this experiment, high eta value is varied and the average accuracy is observed.

Figure 4.10 shows average accuracy of each high eta value.
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Figure 4.10 Average accuracy of each high eta setting value.

The high-eta value experiment in Figure-4.10 result shows-that high eta value 0.1

provides the best performance with an-average accuracy at 92.3%.

From-a high eta value experiment overall perspective, the average accuracy

trend to decreases when the high eta value increases. The reason of decreasing in

average accuracy when the initial eta value increases are large learning rate will tend to

make the algorithm overshoot the optimal solution.

Another experiment, about learning rate is- the initial . eta’ experiment. In this

experiment, initial eta’is varied and the-average accuracy is observed. Figure 4.11 shows

the result of each initial Eta value.
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Average Accuracy of Each Initial Eta Value
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Fieure 4.11 Average accuracy of each initial eta setting value.

The /initial eta value experiment in Figure 4.11 result shows that an initial eta
value 0.3 provides the best performance with an average accuracy at 92.3%.

From initial’ eta value experiment overall perspective, the average accuracy
decreases when the initial eta value increases. The reason. of decreasing in average
accuracy when the initial eta value increases are large learning rate will tend to make
the algorithm ‘overshoot the optimal solution.. However, the small learning rate is not
always good. When the learning rate is very small, the weight adjustments tend to be
very small. Thus,.if learning rate is small-when the algorithmis initialized, the network
will probably take an. unacceptably long time to cenverge. That is why the too small
value of learning rate, such_as ‘0.1 and 0.2, not-provides the best result in this

experiment.

4.2 C5.0 Classifier Experiments

The following experiments use a model built based on the “C5.0” classifier
developed in Clementine 12.0. Figure 4.12 illustrates the C5.0 overall setting in
Clementine 12.0 used for creating a prediction model and then measuring prediction

performance.
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Figure 4.12 The C5.0 overall setting in Clementine 12.0.

The goal of this experiment is-to-find. the-highest accuracy model. 305 true fail
and 374 false fail drives testing data were collected to“be used for building the output
model. The C5.0 classifier experiments. include: (1) -minimum. records per child branch
setting value experiment, (2) pruning severity setting value experiment, and (3) number

of boosting iteration setting value experiment.

4.2.1 Minimum Records Per Child Branch Experiment

Minimum records: per child branch is the size of subgroups that can be used to
limit the number of splits in any branch of the tree: A branch of the tree will be split
only if two or more. of the resulting sub-branches would contain at least this many
records from the training set. The default value /is 2.  Increase this value to help
prevent overtraining with noisy data. In-this experiment, the minimum records per child
branch size is varied and average accuracy-is_observed. -Average accuracy of each

minimum records per child branch value is shown in Figure4.13.
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Average Accuracy of Each Minimum Records Per Child Banch Value
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The minimum.records per child branch experiment. in Figure 4.13 result shows
that minimum records per child branch value 2 provides the best performance with an
average accuracy. at 96.2%.

From-a minimum records per child branch experiment, overall perspective, the
average accuracy tends to decrease when minimum records per child branch increases.

Minimum records per child branch is the size of subgroups can be used to limit
the number of ‘splits in any branch of the tree. It prevents further.splitting of a node that
has reached the specified minimal size-when the initial decision tree is being built. Low
minimum records per child branch will increase accuracy but the model will become

more complex, with a larger decision tree that-has higher time and memory costs.

4.2.2 Number of Boosting Iteration Experiment

The C5.0 algorithm has a special method for improving its accuracy rate,
called boosting. It works by building multiple models in a sequence. The first model is
built in the usual way. Then, a second model is built in such a way that it focuses on
the records that were misclassified by the first model. Then a third model is built to
focus on the second model's errors, and so on. Finally, cases are classified by applying

the whole set of models to them, using a weighted voting procedure to combine the
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separate predictions into one overall prediction. Boosting can significantly improve the
accuracy of a C5.0 model, but it also requires longer training. The Number of boosting
iteration options allows you to control how many models are used for the boosted
model. In this experiment, the number of boosting iterations is varied and average
accuracy is observer. Average accuracy of each number of boosting iteration setting

value is shown in Figure 4.14.
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Figure 4.14 Average accuracy of each number of boosting iteration setting value.

The number of boosting iteration-experiment in Figure-4.14 result shows that a
number of boosting iteration value-10 provides the best performance with an average
accuracy at 96.2% and smaller decision tree or rule set, more concise tree.

From the number of “boosting Iteration-experiment overall perspective, the
average accuracy tends to increase when the number of boosting iterations also

increases and became stable at boosting iteration value equal to 10.

4.2.3 Pruning Severity Experiment
Pruning severity, determines the extent to which the decision tree or rule set will
be pruned. Increase this value to obtain a smaller, more concise tree. Decrease it to

obtain a more accurate tree. In this experiment, pruning severity is varied and average
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accuracy is observer. Average accuracy of each pruning severity setting value is shown in

Figure 4.15.
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Figure 4.15 Average accuracy of each pruning severity value.

The pruning severity experiment in Figure 4.15 result shows that pruning severity
value 0 provides the best performance with an average accuracy. at 98.4%.

From' pruning severity experiment. overall perspective, the average accuracy
trend to decreases when pruning severity increases. However, increase pruning severity
value to obtain a smaller decision tree or rule set, more concise tree. It helps to

minimize system resource econsumption.

4.3 k-NN Classifier Experiments

To classify the false pass portion, a testing log was collected from a “Pass”
sample at test process. In this research, 4,142 samples of true pass and 21 samples of
false pass drives testing log were collected to be used for built the output model. The
k-NN  classifier experiments include: (1) the data without data filtering process

experiment, (2) k-NN classifier with data filtering process experiment.
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4.3.1 k-NN Classifier without Data Filtering Process Experiment

In this experiment, the model is built based on the “k-NN” classifier developed
in a python-based program. Number of nearest neighbors (k) is varied and average
accuracy is observer. Average accuracy of each number of nearest neighbors (k) setting

value is shown in Figure 4.16.
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Figure 4.16 Average accuracy of each k value (without data filtering process).

The k value experiment.in Figure 4.16-result shows that k'value 10 provides the
best performance with an average accuracy at 94.9%.
From k value experiment overall perspective, the average accuracy increases

when k value increases.

4.3.2 k-NN Classifier with Data Filtering Process Experiment
In this experiment, data filtering process is applied and Number of Nearest
Neighbors (k) is varied, then average accuracy is observer. Average accuracy of each

Number of Nearest Neighbors (k) setting value is shown in Figure 4.17.
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Figure 4.17 Average accuracy of each k value (with data filtering process).

Every-k value provides 100% accuracy. That is means the data filtering process
can help improve accuracy significantly. The main reason of improvement from filtering

data is it cuts out non-essential data.

4.4 Naive Bayes Classifier Experiment

The naive Bayes text classifier has been widely used because of its simplicity in
both the training.and classifying stages [2-4]. The model is built based on the “Naive
Bayes” classifier developed in RapidMiner 5 [44]. Fieure 4.18 illustrates the Naive Bayes
overall setting in RapidMiner-5. used for-create prediction model and then measure

prediction performance.
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Figure 4.18 The Naive Bayes overall setting in RapidMiner 5.

In Figure 4.18, Process Document, Select Attributes, Set Role used for convert
data in text format to table format which can applied to further process.

Inside Validation operator, it ‘has two 'subprocesses: a training subprocess and a
testing subprocess.- The training subprocess is used-for; training a model. The trained
model is then applied:in the testing subprocess. The performance of the model is also
measured during-the testing phase. Figure 4.19 illustrates the validation operator overall

setting in Clementine 12.0.
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Figure 4.19 The validation operator subprocess setting.

In validation operator, the input data set is partitioned into k subsets of equal
size. Of the k subsets, a single subset is retained as the testing data set (i.e. input of the
testing subprocess), and the remaining k - 1 subsets are used as training data set (i.e.

input of the training subprocess). The cross-validation process is then repeated k times,
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with each of the & subsets used exactly once as the testing data. The k results from the
k iterations then can be averaged (or otherwise combined) to produce a single
estimation. In this thesis, the k value is set to 10.

[n this experiment, data filtering is applied to improve performance of the naive
Bayes classifier. Table 4.1 shows the result of using natve Bayes classifier to classify the

filtered data. It provides an average accuracy at 95.6%.

Table 4.1 Naive Bayes classification results

Model Average accuracy

Naive Bayes 95.6 %




CHAPTER 5
CONCLUSION

In this research, an automated prediction failure system has been proposed.
Failures can be divided into two categories: false pass and false fail. Four classification
algorithms are applied to create a high accuracy model: C5.0, artificial neural network, k-

NN and the naive Bayes. The highest average of each of the dassification algorithms are

shown below.,

Table 5.1 False pass drives classification results

Model Average accuracy
Naive Bayes 95.6 %
k-NN 1009%

Table 5.2 False fail drives classification results

Model Average accuracy
5.0 98.4 %
Artificial neural network 92.3 %

Literature on topic 2.9.2 in chapter 2 of this thesis [39] reported that the best
accuracy of C5.0 classifier is 93.03%. Better performance with 98.4% accuracy can be
achieved in this thesis.

Literature on topic 2.9.3 in chapter 2 of this thesis [8] reported that the best
accuracy of artificial neural network classifier is 96.2%, which is better than this thesis
achievement 3.9%.

This paper (2] reporied that the best accuracy of the naive Bayes classifier for

document classification is 97.0%, which is better than this thesis achievement 1.4%.
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This paper [17] reported that the best accuracy of the ANN classifier for
document classification is 86.03%. Better performance with 100% accuracy can be
achieved in this thesis.

To classify false pass drives, parsing and filtering of the original data was carried
out to minimize system resource consumpiion and improve accuracy by cutting out
non-essential data. The filtered data was found to be less than 1% of the total
collected data. Moreover, the data filtering process can improve accuracy significantly.
The data from k-NN classifier show the accuracy without data filtering process provides
an average accuracy at 94.9% and the data with data filtering process provides accuracy
at 100%.

To make clearer about how k-NN classifier get the extremely high accuracy when
applying data filtering process, consider Figures 5.1 and 5.2, In both figures, the similarity
between false pass drive samples vs. true pass drive samples and false pass drive
samples vs. false pass drive samples are plotted in form of standard normal distributions
[47]. The normal distribution is parameterized in terms of the mean and the variance. In
Figure 5.1, the means of two distributions are very close to each other and they also
have some overlap area. As such, it is hard to classify false pass samples correctly. That
is the reason why there are still some errors when classified without applying data
filtering process.

Next, in Figure 5.2, the means of two distributions are far away from each other
and they have no overlap area. As such, it is easy to classify false pass samples. That is
the reason why kNN classifier gets the extremely high accuracy when applying data

filtering process.
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Figure 5.1 Normal distributions of document similarity without data filtering process each class
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Figure 5.2 Normal distributions of document similarity when applying data filtering process

each class compared with false pass drive class.

In Figure 5.1 and 5.2, there is factor for classifying false pass drive samples with k-
NN classifier. For true pass drive samples consider Figures 5.3 and 5.4. In both figures, the
similarity between true pass drive samples vs. false pass drive samples and true pass
drive samples vs. true pass drive samples are plotted. In Figure 5.3, the means of two
distributions are very close to each other and they also have some overlap area. As
such, it is hard to classify true pass samples correctly. That is the reason why there are

still some errors when classified without applying data filtering process.
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Next, in Figure 5.4, the means of two distributions are far away from each other

and they have no overlap area. As such, it is easy to classify false pass samples. That is

the reason why k-NN classifier gets the extremely high accuracy when applying data

filtering process.
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Figure 5.3 Normal distributions of document similarity without data filtering process each class

compared with true pass drive class.
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Figure 5.4 Normal distributions of document similarity when applying data filtering process

each class compared with true pass drive class.

Regarding the “False Pass” study, it would be possible to take action in terms of

classification and process monitoring to avoid potential problems within the test

process. It also will help to prevent any incoming problems.
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To classify false fail drive, the original data was parsed and filtered down to a set
of parameters. The experiment results show that C5.0 classification method provides the
best performance with an average accuracy at 98.4%.

To make clearer about how C5.0 classifier get the extremely high accuracy,
consider Figure 5.5. In this figure, C5.0 classifier shows the powerful of boosting method
that provides extremely high accuracy in our experiment. The idea of boosting method is
to generate several classifiers (10 for this thesis) rather than just one. When a new case is
to be classified, each classifier votes for its predicted class and the votes are counted to
determine the final class [46]. Consider-the “Rule 1”7 in Figure 5.5, each rule represents 1
model, actually the “Rule 1”"accuracy is only 90.01%. but when combined with other 9
models the combination model (the boosted model) can predict all data correctly. If
compare just 1'model of C5.0 classifier without boosting method, the accuracy of C5.0
classifier is lower than artificial neural network classifier. As such, the boosting method is
the reason whyC5.0 classifier provides best result and ‘overcome artificial neural

network classifier.

3 Rule1 - estimated accuracy 90.01% [boost100%]
3 Rule 2 - estimated accuracy 87.3% [boost 100%)]
(3 Rule 3 - estimated accuracy 89.03% [boost 100%]
() Rule 4 - estimated accuracy 89.92% [boost 100%)]
(] Rule 5 - estimated accuracy 91.29% [hoost 100%)
L3 Rule 6- estimated accuracy 88.94% [hoost 100%]
(3 Rule 7- estimated accuracy 90.28% [hoost 100%)]
3 Rule &8 - estimated accuracy 89.71% [boost 100%)]
{2 Rule 9- estimated accuracy 91.21% [boost 100%)]
3 Rule 10 - estimated accuracy 90.96% [hoost 100%)

R EE R

Fieure 5.5 An overview of the best model from C5.0 classifier.

Regarding the “False Fail” study, this idea will help us to reduce drive costs
dramatically (by reducing field issues and waste costs). Currently, the idea of recovery
process is applied in real-world HOD production and it helps the factory reduce costs

dramatically.
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Abstract——=Currenily, the process to improve test classification
accuraey usuatly requires humsn abilities. This is a very difficult
work for a buman due to complesity of test process and need
to spend @ Iot of time and cost. Sinee there are some bencefits (o
use machine leaming instead of human, an alternative solution
to improve pass-Tail classification process is proposed, In this
paper, we intraduce the use of machine Jearning 2o classify
misciassified drives. Our experimental resulls suggest that il ix
feasible lo determine which clussification technigues cun predict
miselassified drives with np 95 and W% accuracy, respectively.

Reywords—Classification algorithms; Text classification: Pre-
diction modei; Naive Bayes; Decision tree: C5.0; Neuron network:
Cosine similarity; k-NN algorithue,

L. INTRODUCTION

In each step of the test process, a large amaunt of data is
generated so culled the testing fog. Testing logs are used during
the test process 1o record lesting history of individual drives
and typically used Jor failure analysis to diagnose the symptom
of drive failure. Failed drives are separated from passed drives
by a fail event. Possible results of the drive in test process
consist of true pass, tue fail, false pass chould have failed),
and Jalse fail (should have possed) as shiowwn in Fig. 1. The test
process should have oaly 2 portons: true pass and true fail,

The false fail porsion is sometimes called over refection, It
unnecessarily increnses costs because this portion showld havi
been classified as passed drives instead of waste that requires

trestment and disposal costs. We try to do the simulation it we |

use the maching Jearning algorithm 1o classify instead of our
current process 10 see the machine learning algoritun accunicy,

This paper propases 1 medhod to establish o prediction
model for chassifying the misclssified drives by using wa-
chine learning wigonthm. We colfected 4,842 drive testing
profifes o build a high aeceracy prediction model. Within
the larpe amount of data in o testing log, there is some
useful infornustion and some not so wseful information. A
filtering process [1] used to climinate eedundamt information
and reduce unnecessary data wis an fmportant first step W
allow meaningful analysis of log data, which alse helped
redace space and system requirements, We filiered he log
dzta and processed it to be used in prediction algorithms. We
applied a nonber of prediction algorithuns such as Naive Bayes

952

Pass Fail
Predict Pass True Pass JI False Pass
?
ProdictFail | PobseFail || TeFail
i
!

Fip. 1. Possible reaules in test process.

[2)-43). [4]. €5.0 [5]. Neuron network [6]. and k-NN atgorithm
[7) which can classify the false fail drives wit 100% accuracy.

The paper is organized as follows, Afier describing our
methodology and cxpluining how to prepare the daa with data-
preprocessing processes in Section IE, we briefly describe the
classifier wsed in 1his wark in Section I, Experimental design
and results are given in Scettons 1V and ¥, respectively, Finally.
Section V1 concludes this paper.

L METHODOLOGY

[n this work, data is collected from the actual 105t prucess in
thie foron of a westing log. The testing log comains nformation
about the drive performance which can be generalized into
three basie culegories: (esting cotnmand, lesting resolt, aad
debug iessage, The testing command is o low level connmand
sent o the drive to fest something (e, seek, read, and
write). The testing result i35 the resuit from the st algorithm
performed by the esting command, The debug message ix 2
human readable message for anidysis,

Because ol differences between fufse fuil and false pass
fuilure symploms, we have to use 2 different classification
micthods. Pre-processing depends on the classification method.
For the false pass portion, fext classification s applied. False
pass text classification input data is a 1ext file that contatning
esting command information. The data for a false fail is a
set of somie properties of hard disk drives, Therefore, two pre.
processing steps will be applied: pre-processing duta For the
false pass drive partion and pre-processing data for the false
il drive portion.
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TABLE L ENTERESTING PROTERTIES FROM THE TESTING LOA.
Ticecripienn Trpe
il Jlowd nmmher. {14, .. 14}
Terpezuture upoa by Beipht Comims
Wian teniperalute of while Tt process. Continmis
Natw of senzur Uit [0l Remles ve Srer RN
Counk L1 sémvors that lal same wnde, (i i

Couny al et an finding 1y hesght proocess.
Ennig vinde of each ey,
€ ontact DAL of cich xone.

AT

In order to establish a methodology 1o classify the false
pass partion, a testing log was collected from a “Pass™ sample
at test process. In ihis paper, we collected 4,142 samples of
trae pass drives and 21 samples of false pass drives o be
used for prediction algorithms. i hard w lind false pass
drive samnples because it 15 a Rind of event thar rarely oceurs,
[n the literawre [E], it is shown dua Aler daa can improve
the accuracy and effectivencss of clussifying algorithms, The
filtering process is used o eliminate redundint informaution
and reduce unoecessary date, To reduce wnnocessary daka,
data transtforntation [3) s applied to copvert a4 set of dala
values from the data format of a source data system into the
data format of a destination data system. The use of regular
expressions with arguments [8) 4 programming technigue lor
focating specific character strings embedded in character texr,
would allow all instances of a padicular patiem to be replaced
with another pattern using parts of the vriginal pattern, A
longer format of command calling would be replaced with a
shorter format using all of the orginal set of arguments. After
filtering. process datz will be in a text formal and ready for
text classification.

tn onder 1o establish a methodology 10 clussily the false
fail portion, a testing log is collected from a “Fail™ sumple at
test process, In this papen we select to study drives where the
deli fy height hetween the outer Zzone and inrer zone is over
a failuse limit, because these fatleres have a high recovery rate.
That means we can get more goad deives out of this portion,
In the fly height measerement process, the spucing distance
between recording head and media are considered in terms of
the voltage values that are applied into the hester element of
the wecording head. Irocauses the writer and reader elements
10 protrude until they are in comtact with the media. which
is detected by the servo detecwor systenr, The heater voltage
values are in the Digital to Analeg Converler (DAC) unit Tor
hoth read and write operations in each Jocation {data zone)
on the media, Datit zooes are separated into 3 groups: outer
dise (OD), middle dise (M), and inner disc (11, To baild
the prediction model. 305 true fail and 374 false fail saniples
were collected. W then selected interesiing propenics from
testing dog o apply 1o the classification afgorithn. See Table
L

EHL.

In the folfowing sections, we briefly describe the Naive

Bayes classifier, k-NN, Neural Newwork, and C3.0 classifica-
tions methods used in our study.

CLASSIFIERS

A. Naive Baves Classifter

The Naive Bayes classifier algorithue: Let O = {0y, ... 60)
be m document classes, Given a new unlebeled document £

and its corresponding word-list T = (uy, e ). the Naive
Bayes approach assigns £ to a class o} as follows:

'

Chp =05 (:r:(.t{ygp (e} ‘I]}: Piw,fe,), (1}

where Ple,) is the a priod probability of cluss e, und
Plae,] ;) is the conditional probability of word ey given class
«;. The underlying assumption of the Naive Bayes approach
is that for a given class ¢ the probabilities of weords oceurring
in a document are indepeadent of each other. When the size
of the lraining set is small, the relative frequency estimates
of probabilitics, (] e;), will not be reasonable; i 4 wond
never appears in the given teaining data, its relative frequency
estimate wili be zero. Instead, we applied the Laplace law
of succession (0] to estimate Pl op). The estimate of the
probability P(uyfe;) is given as:

4
I, ) = —_——“’-"' ! .
) Hi-r .L‘,
where ny is the tetal number of words in ¢luss @, 1,  is the
number of ocourrences of word uy in class ¢, and & is the
vocabulary size of ¢lass ¢, This is the result of the Bayesian
estimation with a uniform prior assumption. i.e. probabilities
of the occurgense of words appearing in class ¢, are eqaally
likely.

B. k-Nearest Neighbaors Clussifier

For k-Nearest Neighbors or k-KN classifier [6]. the training
exmnples are vectors iy a multidimensional feature space, each
with 2 class fabel. The training phinse of the algorithin consists
only of storing the feature vectors and class labels of the
training samples. In the classification phase, k is a user-defined
constant, and an unfabeled vector {a query or test point) is
classified by assigning the label which s most frequent among
the k Lraining samples ncarest o thitt query point. In this work,
we uge the TI-IDF (TF i the term freguency in a2 document
andt IDF is the inverse document frequency) weighting scheme
and use the cosine similacity {H], {12] instead of Buclidean
distance 10 measure the sintdlarity of the wo docunients. Given
wo documents L) and 1. their comresponding weighted
feature vectors are 7y o= (11.6|)f’=, and Ty = {!.g,'ig)}'___l.
where d; is the weight of word w, In document k (TF-1DF).
The similurity between Iy oamd Dy s thes defined as:

T,
IESTNET S
where [l denotes the nom of the vector. T is {mmsposce
operator, To save system resources we wse k= L IFk = 1,
then the object is simply assigned o the class of ity single
nearest neighbuors,

S Dy} = 3

C. Neural Network Classifier

Neurd network is a popular wmodel used in pattern reeog-
nition. The basie stucture of the nevral network consists of
input Fayer. hidden laver. and outpt layer.

An overview of the Neura) neswork afgeriths is shown in
Fig. 2, and it includes two calculations. The first is the Forwan!
calcukation and the second is the crror back caleulation, fn the
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Input

layer Hidden layer Output layer

a' = tansig (IW' 'p'+b' ) a' = purelin(LW''a'+b" )

Fig. 2 The model of Neural network

process of forward caleulation, input data from the input layer
passes through the hidden layer processing and is transmitted
1o the output layer. If output layer gets an incorrect output re-
sult from the target, it will be-wransferred via back propagation
and the weighis of each neuron will be recaleulated. After
correcting the weights of neurons and the network’s output
becomes consistent with _the transfer form again, the actual
output and expected error will lead 1o a new weight correction
with the minimum error |7}, [10]. [13].

D. €5,0 Decision Tree Classtfier

The process of a decision tree is (o find the best atribute
qariables of classification ability. Then. through the best at-
tribute variables. the data will be divided into multiple subsets.
Within cach subset, the best property of the classification
capability is found, which can then be used to divide the
current subset into multiple subsets further: This is abways an
iterative operation until all subsets contain only one calegory
or the number of samples is smaller than a certain threshold
[5]. Informauon gain_ratio is often used (o sclect properties,
and the information gain 18

splif JInfo(X) = - Z A log; (-

|54

fuirn 1A}

—_— (5
split_InfolX)

gt _ratio( X ) =
where, gain 1 X} represents the information gain reoted by X<
splif _Info X} represents potential information generated by
dividing optimal threshold s.into n parts; s, is the probability
of class |

IV.  EXPERIMENTAL DESIGN

The data that is passed into the pre-processing process
will go though some classification such as Naive Bayes, k-
NN. 5.0, and Neuron Network. For the false pass portion,
empirical data was filtered down to a primary testing command
(the read/write command) to which we can apply machine-
learning based algorithms. Because there are a lot of parame-
ters in a passing drive, selecting a small set of parameters is a
limitation. To have a stronger model, we need to add all test
parameters to the prediction model. There are clear benefits
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Fige 3. Classification accuracy i each incorrect predictuon portion

TABLE L EALSE PASS DRIVES CLASSIFICATION RESULTS

Accuracy (Testing)

to using tex1 classification, which can keep all parameters and
can be applied to machine-learming based algorithms. For false
fail drive portion, empirical data was filtered to a set of related
parameters, and then machine-learning based algorithms were
applied.

V., CRESULTS AND'DISCUSSION

The total samples were split mnto a random 70% training
sev and @ 30% testing set. The prediction accuracy of each
classification model is shown in Tiable 11 and Table 1. Fig. 3
shows the summary of classification-accuracy in each incorrect
prediction portion. For false pass drives prediction, the model
from k-NN algorithm shows the highest accuracy, which 1s
100%. For Naive Bayes algorithm. which is classic model
for text elassification. the _model shows 95.56% accuracy.
The k-NN algorithm- is casier to_apply within the actual test
process when compared with. Naive Bayes. For false fail
drives prediction, the model from C5.0 algorithm shows the
highest accuracy, which 1s 74.49% . Accuracy from C5.0 is not
significantly different when compared with Neuron Network
but the model from C5.0 is easier to apply within the actual
test process, It is also casier to understand by humans. As such,
there are clear benefits to using the C5.0 algorithm.

V1. CONCLUSIONS

An automated prediction failure system has been proposed,
For false pass drive classification. parsing and filtering of the
original data was carried out to minimize system resource con-
sumption and improve accuracy by cutting oul non-essential
data. The filtered data was found to be less than 1% of the total
collected data. For false fail drive classification, the original
data was parsed and filtered down to a set of parameters. The
experiment results show that the k-NN and C5.0 classification
methods were promising for predicting incorrectly classified
drives. Using the results of this study it would be possible 1o
take action in terms of classification and process monitoring
to avoid potential problems within the test process. This idea
will help us to reduce drive costs dramatcally (by reducing
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TABLE HL FALSE FAIL DRIVES CLASSIFICATION RESULTS.

Model . A rﬂara_q'_[l‘ﬂlim;)_
ke
Neuron Nerworh, EENES)
kN YL

field issues and waste costsh, 1t also will help 1o prevent any
incoming probiems.
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APPENDIX B
PYTHON SOURCE CODE

86

In this thesis, “k-NN” classifier was developed on python-based program. The

source code consists of 3 files that are logFileSimilarity.py, validation text similarity.py,

and porter.py.

logFileSimilarity.py

Propose of this file is compare of each two documents. To compare documents,

Cosine simitarity is applied. Cosine similarity is a measure of similarity between two

vectors of an inner product space that measures the cosine of the angle between them.

The consine of 0° is 1, two vector at 90° have a similarity of 0, and two vectors

diametrically opposed have a similarity of -1, independent of their magnitude. The

source code as shown below.,

‘1. dimport re

:2. import porter

i3. from numpy import zeros,dot

4. from numpy.linalg import norm

/5. dimport os

6.

7. __all__=['compare’]

‘8.

9. # import real stop words

§1@. #stop_words = [ "i', 'in", 'a', 'to', 'the’, 'it', 'have’', 'haven\'t’,

i ut', 'is', 'be', 'from"' ]

:11. stop_words = [w.strip{) for w in open('english.stop','r').readlines()]
12, print stop_words

113, :

14, splitter=re.compile ( "[a-z\-']+", re.I )

115, stemmer=porter.PorterStemmer()

»16.

:17. def add_word(word,d,do_stem = @):

118. e

‘19, Adds a word the a dictionary for words/count
228, first checks for stop words

:21. the converts word to stemmed version
22,

123, w=word. lower()}

24, if w not in stop_words:

Q25 if do_stem:

f26. ws=stemmer.stem{w,®,len{w)-1)
i27. else:

128, ws=w

129, d.setdefault(ws,8)

'WaS', lb



£30.
i31.

87

dlws] += 1

%32. def doc_yec(line_of_doc,key_idx,do_stem = @):

§33.
i34,
135,
:36.

‘g0. if __name__ == '_main__":

v = zeros(len(key_idx))
for line in line_of_doc:
if line.strip() == "":
continue

if do_stem:
keydata = key_idx.get(stemmer.stem(line,e,len(line)—1).lower(), None)
else:
keydata = key_idx.get(line.strip().1ower(), None)
if keydata:
vikeydatafe]] = 1
return v

'46. def compare(docl,doc2):

# strip all punctuation but - and °
# convert to lower case

# store word/occurance in dict

all words=dict()

£ = open(docl,'r')
lines_in_docl = £.readlines()
f.close()

£ = open(doc2,’'r')
lines_in_docZ = £.readlines()
f.close()

for line in lines_in_docl + lines_in_doc2:
[LRL

if line.strip() I= "":
add_word(line.strip(),all_words)

# puild an index of keys so that we know the word positions for the vector
key_idx=dict() # key-> { position, count )
key5=all_words.keys()
keys.sort()
#print keys
for i in range(len(keys)):
key_idx[keys[i]] = (i,all_words[keys[i]])
del keys
del all_words

vlsdoc_vec(lines-in_docl,key_idx)
v2=d0c_vec(lines_in_doc2,key_idx)
return float(dot{vi,v2) / (norm(vl} * norm(v2)))

docl = “D:\\Learning\\MasterDegree\\Thesis\\__CodeVerThesis\\LB_Drive_Escape\

\FINZ_PASS_FAKE\\LEAN_LOG\\OPZ.@30.ZBB@2V43.FIN2.txt.log"

doc2 = "D:\\Learning\\MasterDegree\\Thesis\\__CodeVerThesis\\LB_Drive_Escape\

: \FINZ_PASS_FAKE\\LEAN_LOG\\0P3.642.23683XSG.FIN2.txt.1og“

:86.

#doc2 = "D:\\Learning\\MasterDegree\\Thesis\\__;odeVerThesis\\LB_Drive_Escape

\\FIN2_PASS_TRUE\\LEAN_LOG\\OPZ.041.23992EH4.FIN2.txt.log"

print "Using Docl: %s\n\nUsing DocZ: %s\n" % ( docl, doc2 )

print "Similarity %s" % compare(docl,docz)
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validation_text_similarity.py
Propose of this file is finding accuracy of k-NN model. The validation process will

compare result from text-classification with human classification. If result from text-
classification equal to human classification, result will justify as correct. If result from
text-classification not equal to human classification, result will justify as incorrect. The
source code as shown below.

:1. dimport os,traceback

12. import numpy

;Z: from logFile_similarity import compare

¢7, current_dir = os.path.dirname(__file__)

§8. all testing_class_dir os.path.join(current_dir,'TESTING_CLASS_LEAN')
19. all_training_class_dir os.path.join(current_dir,‘TRAINING_CLASSFLEAN')

nou

i11. class similarity_score
112, class_name_list

[]
Ll
114, test_name_list = []

515, testing_result_detalls

It

1}
£17. confusion_matrix = {}
‘19, for testing_class_name in os.1istdir(all_testing_;lass_dir):

i21. testingClassDir = os.path.join(all_testing_class_dir,testing_class_name)
izz. for test_file in 0s.listdir(testingClassDir}:
trainingClasstist = []
testFilePath = os.path.join(testingClassDir,test_file)
test_name_list.append(test‘file)
testing_result_details.update({test_file:{ "HUMAN_CLASSIFY_AS" : testing_c
lass_name }})

;28. for training_class_name in os.1istdir(all_training_class_dir):

29. trainingClassList.append(training_class_name)

£30. trainingClassbir = os.path.join(allptraining_class_dir,training_class_n
P ame)

i31.

232, testing_result_details[test_file].update( { training_class_name:{} } )
§33. testing_result_details[test_file][training_class_name].update( { “simil
: arity_details":{} } )

i34, testing_result,details[test_file][training_class_name].update( { "train
; ing_file_name_list":[] } )

i35. testing_result_details[test_file][training_classﬂname].update( { "train
i ing_file_score_list":[]1 } )

:36. for train_file in os.listdir(trainingClassDir):

i37. trainFilePath = os.path.join(trainingClassDir,train_file)

i38. try:

139, percent_similarity = compare(testFilePath,trainFilePath)



408.
41,
‘:142.
‘43.
44,
/45,
-46.
247,

.48,
i49.
35@.
(51,
152,
£53.

54,
‘55,

f%

§s7.
%51.
362.
i63.
164

‘65.
(66.

&9

except:
print traceback.Format_exc()
print weimilarity %s VS %s = %s" %(test_file,train_file,percent_simi
larity)
testing_result_details[test_file][training_class‘name]["training_fil
e_name_list"].append(train_file)
testing,result_details[test_file][training_class_name]["training_fil
e_score_list"].append(percent_similarity)
testing_result_ﬁetails[test_%ile][training_class_name]["similarity_d
etails“].update({train_file:percent_similarity})
testing_result_details[test_file]["class_name_list"] =01
testing_result_details[test_file][“class_ﬁcore_list"] =[]
testing_result_details[test_file]["class_score_details“] =
for class_name in trainingClassList:
this_class_score = int(numpy.mean(testing_result_details[test_file][cla
ss_name]["training_file_score 1ist"]) * 108)

testing_result_ﬂetails[test_file]["class_name_list“].append(class_name)

{}

testing_result_details[test_file]["class_score_list"].append(this_class
_score)

testing_result_ﬂetails[test_file]["class_score_ﬂetails"].update( {class
_name:this_class_score} )

maximum_likelihood_score = max(testing_result_details[test-file]

["class_score_list"])
maximum_like1ihood_reference_index = testing_result_details[test_file]["cl
ass_score_list"].index(maximum_likelihood_score)

maximum_likelihood_class_name = testing_result_details[testﬂfile]["cl
ass_name_list“][maximum_likelihood_reference_index]

testing_result_ﬂetails[test_File]["MODEL_CLASSIFY_AS“] = maximum_likelihoo
d_class_name

if not confusion_matrix.has_key(“%s;%s“ %(testing_class_name,maximum_likel
jnood_class_name) )

confusion_matrix[ nois %s" %( testing_class_name,maximum_likelihood_clas

s_name) 1 = ]

confusion_matrix[ worg %s" % testing_class_name,maximum_likelihood_class_n

ame ) ] += 1

print confusion_matrix

f = open(“D:\\Learning\\MasterDegree\\Thesis\\__CodeVerThesis\\similarity\\RESUL
T_TEST_FULL_LOG.txt",'w')

f.write(repr(confusion_matrix))

f.close()
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porter.py

This file contain the Porter stemming algorithm is a process for removing suffixes
from words in English, Removing suffixed automatically is an operation which is
especially useful in the field of information retrieval. Normally, a document is
represented by a vector of words. Word with a common stem will usually have simitar
meanings, for example:

Connect

Connected

Connecting

Connection

Connections

This may be done by removal of the various suffixes —-ED, NG, -ION, IONS. In addition,
the suffix stripping process will reduce the total number of terms in the system. The

source code of this process as shown below.

#1/usr/bin/env python

nnuporter Stemming Algorithm

This is the Porter stemming algorithm, ported to python from the
version coded up in ANSI C by the author. It may be be regarded
as canonical, in that it follows the algorithm presented in

porter, 1980, An algorithm for suffix stripping, Program, Vol. 14,
no. 3, pp 138-137,

. only differing from it at the points maked — -DEPARTURE-- below.

. See also http://www.tartarus.org/~martin/Porterstemmer

. The algorithm as described in the paper could be exactly replicated
. by adjusting the points of DEPARTURE, but this is barely necessary,
. because (a) the points of DEPARTURE are definitely improvements, and
(b) no encoding of the Porter stemmer I have seen is anything like
. as exact as this version, even with the points of DEPARTURE!

Vivake Gupta (v@nano.com)

i23. Release 1: January 2001

%25. Further adjustments by Santiago Bruno (bananabruno@gmail.com)

26. to allow word input not restricted to one word per line, leading

127. to:

129. release 2: July 2008
?‘:36. HAn

$32. import sys



91

:33.
‘34, class PorterStemmer:
°35.
36. def _ init_ (self):
¢37. "weThe main part of the stemming algorithm starts here.
i38. b is a buffer holding a word to be stemmed. The letters are in b[ke],
139. b[ke+1] ... ending at b[k]. In fact ké = @ in this demo program. k is
148, readjusted downwards as the stemming progresses. Zero termination is
ia1. not in fact used in the algorithm.
342,
ia3. Note that only lower case sequences are ctemmed. Forcing to lower case
244, should be done before stem{...) is called.
a5, o
-46.
i47. self.b = "" # buffer for word to be stemmed
i48. self.k = @
149, self.ke = @
"50. self.j =@ # Jjisa general offset into the string
.51,
152, def cons{self, i}):
/53, nuneans{i) is TRUE <=> b[i] is a consonant. """
i54. if self.b[i] == 'a’ or self.b[i] == 'e’ or self.b[i] == "1 or self.b[i]
== 'o' or self.b[i] == 'u':
return @

if self.b[i] == "y':
if i == self.ko:
return 1
else:
return {not self.cons(i - 1))
return 1

def m(self):
wevm() measures the number of consonant sequences between k& and J.
if c is a consonant sequence and v a vowel sequence, and <..»>
indicates arbitrary presence,

<OV gives ©
LCOVELVY gives 1
<crveveevy  gives 2
<cyveveveevy gives 3

W

n==9o
i = self.ke
while 1:
: if i » self.j:
78, return n
179. if not self.cons(i):
:80. break
“81. i=1i+1
82, i=i+1
i83. while 1:
:84. while 1:
i85, if 1 > self.j:
i86. return n
:87. if self.cons(i):
88, break
;89. i=1i+1
F99. i=1i+1
‘91. n=n+1
192, while 1:
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‘93, if i > self.j:
194, return n

5. if not self.cons(i):
196. break
.97. i=i+1
‘98. i=1i+1
i99,
108, def vowelinstem(self):
i101. wunyawelinstem() is TRUE <=> k@,...j contains a vowel"""
(102, for i in range(self.ke, self.j + 1):
1183, if not self.cons(i):
1104, return 1
1185. return @
1106.
$107. def doublec(self, J):
:108. nendoublec(j) is TRUE <=> j, (-
l 1) contain a double consonant.”""
1109, if § < (self.k@ + 1):
;lle. return ©
(111, if (self.b[j] != self.b[j-1}):
112, return @
£113, return self.cons(j)
114,
§115. def cvc(self, i):
1116. waveyc(i) is TRUE <=> j-2,i-1,i has the form consonant - vowel -
: consonant
£117. and also if the second € is not W,X or y. this is used when tryi
ng to
7118, restore an e at the end of a short e.g.
2119,
f120. cav(e), lov(e), hop(e), crim{e), but
121, . snow, box, tray.
1122. %1t
%123. if i < (self.ke + 2) or not self.cons(i) or self.cons(i-
3 1) or not self.cons(i-2}):
124, return @
125, ch = self.b[i]
2126, if ch == 'w’ or ch == 'x' or ch == "y":
3127, return @
©128. return 1
£129.
130, def ends(self, s):
131, anvands(s) is TRUE <=> k@,...Kk ends with the string s."""
132, length = len(s)
1133, if s[length - 1] I= self.b[self.k]: # tiny speed-up
134, return 9
135, if length > (self.k - self.ke + 1):
i136. return @
1137, if self.b[sel?.k-length+1:self.k+1] I= s
1138. return ©
1139. self.j = self.k - length
£148, return 1
1141,
142, def setto(self, s):
1143, nrecetfo(s) sets (j+1),...k to the characters in the string s, r©
: eadjusting k."""
i144. length = len(s)
145, self.b = self.bl:self.j+l] + 5 + self.b[self.j+length+1:]

1

,146. self.k
£147.
1148, def r{self, s}:

self.j + length
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||||ur\(5) is used further down.
if self.m() > @:
self.setto(s)

def steplab(self):
wnneraplab() gets rid of plurals and -ed or -ing. e.g.

caresses -»> caress

ponies -> poni
ties -> ti
caress -> caress
cats -» cat
feed -» feed
agreed -> agree

disabled -»> disable

matting -> mat
mating -> mate
meeting -> meet
milling -> mill
messing  -> mess

meetings -> meet
if self.bl[self.k] == 's':
if self.ends("sses"}:
self.k = self.k - 2
elif self.ends(ies"):
self.setto(Mi")
elif self.b[self.k - 1} = 's't
self.k = self.k - 1
if self.ends("eed"):
if seif.m() > @:
self.k = self.k - 1
elif (self.ends("ed") or celf.ends("ing")) and salf.vowelinstem(

self.k = self.]
if self.ends("at"): self.setto("ate™)
elif self.ends("bl"): self.setto("ble")
elif self.ends{"iz"): self.setto{"ize")
elif self.doublec{self.k):
self.k = self.k - 1
ch = self.blself.k]
if ch == '1' or ch == 's' or ch == 'z":
gself.k = self.k + 1
elif (self.m() == 1 and self.cve(self.k})):
self,setto("e")

def steplc(self):
neretaplc() turns terminal y to i when there is another vowel in

the stem.
if (self.ends("y") and self.vowelinstem()):
self.b = self.b[:self.k] + 1i" 4+ self.b[self.k+l:]

def step2(self):
vungtep2{) maps double suffices to single ones.

g0 -ization ( = -ize plus -ation) maps to -
: ize etc. note that the
1205, string before the suffix must give m() > @.

, 286. RN



1207.
£2e8.
1209.
i21@.
(211,
§212.
$213.
t214.
215,
:216.
£217.

1218.
£219.
1220,
2221,
1222,
$223.
"224,
£225.
1226.
1227,
i228.
1229.
1230,
1231.
$232.
1233,
(234.
:235.
1236.
i237.
1238,
n239.
240,

1241,

242,

ness etc. similar strategy to step2.

§243.
244,
1245,
£246.
247,
+248.
& 249,
i250.
1251,
1252,
| 253.
(254,

1255.

'256.

ence etc.,

1257,
1258.
£259.
1268,
f261.
1262
. 263.
i264.

if self.b[self.k - 1] == ‘a':
if self.ends("ational”):
elif self.ends{"tional”):

if self.ends("enci"):
elif celf.ends("anci”):

elif self.b[self.k - 1] == 'e':

if self.ends("izer"}:

elif self.b[self.k - 1] == 'l
self.r("ble") # - -DEPARTURE- -

if self.ends("bli"):

elif self.b[self.k - 1] == ‘¢

self.r("ate")
self.r("tion")

self.r("ence")
self.r("ance™)

self.r("ize")

04

# To match the published algorithm, replace this phrase with

# if galf.ends("abli"):
elif self.ends{"alli"):
elif self.ends("entli”}:
elif self.ends("eli"}):
elif self.ends("ousli"):

if self.ends(“ization"):
elif celf.ends( " ation"):
elif self.ends("ator”):

if self.ends("alism"):

elif self.b[self.k - 1] == ‘o'

elif self.b[self.k - 1] == 's':

elif self.ends("iveness"):

elif celf.ends({"fulness”)

elif self.ends{"ousness”):

elif self.biself.k - 1] == ki N

if self.ends("aliti"):
elif self.ends{"iviti"):
elif self.ends{"biliti"):

elif self.b[self.k - 1] == ‘gl

if self.ends("logi"):

# To match the published algorithm,

def step3(self}):

self.r("able")

self.r("al")
self.r("ent")
self.r("e")
self.r("ous™)

self.r("ize")
self.r("ate")
self.r("ate")

self.r("al")

self.r("ive")
self.r("ful")
self.r("ous"}

self.r("al")
self.r("ive")
self.r("ble")

# --DEPARTURE--

self.r("log")

weveran3() dels with -ic-, =-full, -

if self.b[self.k] == ‘e':
if self.ends(“icate"):
elif self.ends("ative"):
elif self.ends(“alize"):

elif self.b[self.k] == it
if self.ends("iciti"):
elif self.b[self.k] == o

if self.ends("ical"}):

elif self.ends{"ful"):
elif self.b[self.k}) == ‘st

if self.ends("ness"):

def stepa{self):
wnestepa() takes off -ant, -
in context <csvoveews.
if self.b[self.k - 1] == ‘att
if self.ends("al"): pass
else: return

elif self.b[self.k - 1) == o'
if self.ends("ance"): pass

self.r("ic")
self.r{"")

self.r("al")
self.r("ic")

self.r("ic")
self.r{"™)

self.r{"")

elif self.ends("ence"): pass

else: return

elif self.b[self.k - 1] == ‘e’

if self.ends("er"): pass

delete this phrase
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$265. else: return
;266. elif self.b[self.k - 1] == 'i':
i267. if self.ends("ic"}: pass
1268. else: return
1269. elif self.b[self.k - 1] == '1":
i270. if self.ends("able"): pass
i271. elif self.ends("ible"): pass
1272, else: return
1273 olif self.b[self.k - 1] == 'n:
1274. if zelf.ends{"ant"): pass
1275. elif self.ends("ement"): pass
:276. elif self.ends{"ment”): pass
(277, elif self.ends("ent")}: pass
1278. else: return
1279, elif self.b[self.k - 1] == 'o:
1289 if self.ends("ion"}) and (self.b[self.]j] == 's' or self.b[sel

i f£.j] == 't'): pass
1281,

‘ elif self.ends("ou"): pass

1282, # takes care of -ous

1283. else: return

2284 olif self.b[self.k - 1] == 's’:

1285, if self.ends("ism"): pass

1286. glse: return

1287. elif self.b[self.k - 1] == -

i288. if self.ends("ate"): pass

1289. elif self.ends("iti"): pass

“290. else: return

1291. elif self.b{self.k - 1] == u'e

1292, if self.ends("ous"): pass

. 293. else: return

1294. elif self.b[self.k - 1] == TR

1295, if self.ends("ive"): pass

1296. else: return

5297. clif self.b[self.k - 1] == 2z

4,298, if self.ends("ize"): pass

1299, else: return

1300, else:

1301, return

1302, if self.m{) » 1:

i3.3, self.k = self.]

1304,

£385. def step5(self):

1386. nrigtep5() removes a final -e if m{) > 1, and changes -11 to -

B 1 1if

‘307. m() > 1.

1308, o

:309. self.j = self.k

i31e. if self.b[self.k] == "e’:

311, a = self.m()

312, jfarilor(a==1 and not self.cve(self.k-1)):

©313. celf.k = self.k - 1

$314. if self.b[self.k] == ‘1’ and self.doublec(self.k} and self.m{) >

: 1

1315, self.k = self.k -1

,316.

$317. def stem(self, p, i, J)*

:318. weugn stem(p,i,j), p 15 @ char pointer, and the string to be ste
mmed

:319. is from p[i] te pli] inclusive. Typically 1 is zero and j is the

£320.

offset to the last

character of a string, (p[j+1] == \8'). The



1321,

1322

3

if _name__ == '_main__':
p= portersStemmer()
if len(sys.argv) > 1:
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stemmer adjusts the characters p{i] ... p[d] and returns the new

end-

point of the string, k. Stemming never increases word length, so

i <= k <= j. To turn the stemmer into a module, declare 'stem’ a

extern, and delete the remainder of this file.

# copy the parameters into statics

self.b = p
self.k = J
self.kg = i

if self.k <= self.ko + 1:
return self.b # --DEPARTURE--

# With this line, strings of length 1 or 2 do not go through the
# stemming process, although ne mention is made of this in the
# published algorithm. Remove the line to match the published

# algorithm.

self.steplab()

self.steplc()

self.step2(}

self.step3()

self.stepd()

self.step5()

return self.b[self.k0:self.k+l]

for f in sys.argv[i:]:
infile = open{f, 'r")
while 1:

line = infile.readline()
if line == "':
break
for ¢ in line:
if c.isalpha(}:
word += ¢.lower()

else:;
if word:
output += p.stem{word, 9,len{word)-1)
word = "'

output += c.lower()
print output,
infile.close()
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in this thesis, data pre-processing was developed on python-based program. The

source code consists of 1 file that is false fail_data_preprocessing.py. The source code

as shown below.

‘1.
i2.
.3,
‘a.
:5.
6.
7.
/8.
i9.

‘10.
‘11,
t12.
$13.

29.

: book.save(file_name)

.30. class logUtil():

31, def __init__(self,numHD,numZN):

132, self.numiD = numHD

©33. self.numZN = numZN

§34. def readTable(self,this_file,queryTable = {},state_name = "",className = "N
i35. print 'Reading Table in file >>> %s' %this_file
“36. dirCnt = @

37, correct_data = []

£38. fileName = os.path.basename(this_file)

£39. filtered_data = {}

i4@. file = open(this_file,'r")}

4L, log_data = file.read(}

i42. file.close()

143. matchTableInfo = []

144, head_retry_data = []

45, head_ec_data = {}

546. last_head = -1

47, matchAllCTemp = re.finditer(“Cert_Temperature_Deg_C\s*(?P<d_temp>\d+)",1og
‘ _data)

48, c_temp_list = []

‘49, for matchItem in matchAllCTemp:

.58, c_temp_list.append( matchItem.group("d_temp"”})

import os,re
import xlwt
import math
import traceback
class excelHandler:
def _ init__{self):
self.ezxf = xlwt.easyxf

self.heading_xf = self.ezxf('font: bold on; align: wrap on, vert centre,

horiz center')
kinds = [‘text','text','text','text','text‘,'text']
kind_to_xf_map = {
‘date’ : self.ezxf(num_format_str='yyyy—mm-dd'),
"int': self.ezxf(num_format_str="'#,##0°),

‘money’: self.ezxf('font: italic on; pattern: pattern solid, fore-

colour grey25',
num_format_str='$#,##0.00"},
‘price’: self.ezxf(num_Format_str=‘#a.aee@ae'),
‘text': self.ezxf(),

}
data_xfs = [kind_to_xf_map[k] for k in kinds]
def write_xls(self,file_name, sheet_name, headings, data = ih:
book = xlwt.Workbook()
sheet = book.add_sheet(sheet_name)
rowx = @
for colx, value in enumerate(headings):
sheet.write{rowx, colx, value)
for row in data:
rowx += 1
for colx, value in enumerate{rou):
sheet.write{rowx, colx, value)



64,
i65.
<66,
P67,
‘68,
169,

70.

71,
‘72.

76.
177,

.78,
179.
180.
.81,

82,

i

183,
84.

i85.

i

86.
f87.
+B88.

189.
190.
191.

292,
193,
94,
195,
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cert_temp = ¢_temp_list[-1]
matchAllDriveTemp = re.finditer ("Drive_Temperature_Deg_C\s*(?P<d_temp>\d+)
",log_data)
d_temp_list = []
for matchItem in matchAllDriveTemp:
d_temp_list.append(int{matchIten.group("d_temp")))

last_d_temp = d_temp_list[-1]
if len(d_temp_list):
mean_d_temp = sum{d_temp_list) / len(d_temp_list)
else:
mean_d_temp
if state_name |= "":
match_state = re.search("".*?AFH1 : BEGIN.*?\n(?P<datay.*?) (\F\F VR
FAULT DETECTED \*\*\*\*\*|: COMPLETE.*?\n){1}",log_data, re.M | re.DOTALL)
if not match_state:
print "Can not found AFHl state data™
return None
first_state match_data = match_state.group( 'data'}
for thisTable in queryTable.keys():
for match in re.finditer( "~%s:\s*(?P<header>.*\n)(?P<datay.*\n)*
?An" %thisTable , first_state_match_data , re.M):
matchTableInfo.append(log_data.count{"\n",8,match.start{))+1)

-1

t i n

matchTableInfo.append(match.start())
matchTableInfo.append{match.end())

header = match.group{'header')

this_table_data = first_state_match data[match.start():match.e

. nd{)].split(match.group( "header'))[1].rstrip()}

test_stat_patt = ".**F I N I S H E D\s+Testing st\({?P<test_nu
m>\d+)\),\s+Test Stat:\s+(?P<test_stat>\d+},\s+Test Time:\s+{?P<test_time>[\d\.]
+)1|

log_after_thisTable = first_state_match_data[match.end():]

header_list = re.findall("\s*{?P<header_value>\5+)",header,re.
s)

primary key = ['HD_PHYS_PSN', 'DATA_ZONE']

for round,line in enumerate(this_table_data.split("\n"}):

for selectColumn in queryTable[thisTable].keys():
match_data = re.findall("\s*(?P<data_value>\5+)",line,re

.S)
match_datalheader_list.index('HD

current_head
_PHYS_PSN')]

current_zone match_datafheader_list.index('DA

TA_ZONE')]
match_data[header_list.index('AC

current_active_heater
TIVE_HEATER')]

current_data = match_datalheader_list.index{sel
ectColumn)]
if round ==
head_retry_data.append(int(current_head))
if int(last_head) == int(current_head): #RESET LAST D
ATA
if not filtered_data.has_key(current_head):
filtered_data[current_head] = {}
filtered dataf{current_head][current_active_heater]
=[]
else:
last_head = current_head
nearest_testStat_match = re.search(test_stat_patt,log

_after_thisTable)
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if not head_ec_data.has_key(current_head):
head_ec_data[current_head] = {'R':[],"'W':[]}
if nearest_testStat_match:
if current_active_heater == "R":
ec = nearest_testStat_match.group( ' test

head_ec_data[current_head]['R']}.append(

elif current_active_heater == "W":
ec = nearest_testStat_match.group('test

head_ec_data[current_head][ 'W'].append(

else:
if current_active_heater == "R":
head_ec_data[current_head]['R'].append(
elif current_active_heater == "W":

head_ec_data{current_head]['W'].append(

for filterCond in queryTable[thisTable][selectCo

lumn]:

1111, filter_coloumn,filter_value = filterCond.spli

RIS

§112. if match_data[header_list.index{filter_coloum

: n)] == filter_value:

©113. if not filtered_data.has_key('%s® Z%curr

; ent_head):

1114, filtered_data[current_head] = {}

{115, if not filtered datafcurrent_head].has_
key(current_active_heater):

(116, filtered_data[current_head][current_
active_heater] = []

J117. filtered_data[current_head][current_act

: ive_heater].append(current_data)

/118. allHDReties = @

1119, retry by head = {}

2120, failHDList = {}

+121. retryLimit = 4

1122, for the_hd in head_ec_data:

1123, for the_activeHeater in head_ec_data[the_hd]:

124, if not retry_by head.has_key(the_hd):

13125, retry_by_head[the_hd] = {'R':@, 'W':@}

©126. ecList = head_ec_data[the hd][the_activeHeater]

"127. thisHDRetry = @

:128. for ec in eclist:

1129, if int(ec) == 8:

1130. break

131, elif int(ec) > @:

2132, thisHDRetry = thisHDRetry + 1

1133, retry_by_head[the_hd]{the_activeHeater] = retry_by_hea

: d[the_hd][the_activeHeater] + 1

134, allHDReties = allHDReties + 1

f135, else:

136. if thisHDRetry »= retryLimit:

2137, if not failHOList.has_key(the_activeHeater):

;138, failHDList[the_activeHeater] = []

1139,

140, failHDList[the_activeHeater].append(the_hd)

141, if " * in fileName:
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1142. pattFilieName = "(?P<SN>.*?)F(?P<OPER>.*?)_(?P<TS>.*?)_(?P<EC>.*
C).txt”

2143, else:

1144, pattFileName = "(?P<SN>.*?)\.(?P(TS).*?)\.(?P<0PER>.*?)\.(?P<EC
L Ty *?).txt”

1145. match = re.search(pattFileName,fileName)

1146, try:

§147. SN_TS = [match.group("SN"),int(match.group(“TS"))]

:148. except:

£149. SN TS = [match.group("SN“),match.group(“TS“)]

+150. this_SN_row = []

f151. for the_activeHeater in failHDList:

£152. for failHD in failHDList[the_activeHeater]:

£153. try:

154, this_SN_row.append( SN_TS + [className] + [str(failHD)] +

[str(cert_temp}] + [str{mean_d_temp)]} + [the_activeHeater] + [str{len(failHOLis
t{the_activeHeater]))] + [str(allHDReties)] + head_ec_data[failHD][the_activeHea

ter][-4:] + Filteredﬂdata[failHD][the_activeHeater 1)
1155. except:
(156, print traceback.format_exc()
:157. return this_SN_row
i158. if _name_ == '__main__':
159, numHD = 18
£ 160. numzN = 24
1161, cUtil = logUtil(numHD,numzZN)
162, fail_logfile_path = 'D:\\Learning\\MasterDegree\\Thesis\\Thesis_Exper

iment_Data\\MEG_147@3\\_TRUE_FAIL'

1163.

pass_logfile_path = 'D:\\Learning\\MasterDegree\\Thesis\\Thesis"Exper

7 iment Data\\MEG_147@3\\_FAKE_FAIL'

1164.

initHeader = ["SN","TS","STATUS","HD_FAIL","CERT_TEMP","MEAN_DRIV

E_TEMP","FAIL_MODE",“NUM_HD_FAIL_SAME_MODE",“ALL_135_RETRY","RETRY#l",“RETRY#Z",
"RETRY#3", "RETRY#4"]

1165.
i166.
i167.
1168.
1169.
170.
(171,
6172,
1173,
1174
:175.

176.
1177,
:178.
1179,

180.

£181.
1182.
;183.
1184,
§185.
1186,
; NTCT_DAC'
1187.
1188,
1189,
;190.
.191.

headerByHDZN = []

attrByHD = []

attrByZN = [“FAIL_HD_RD_CNTCT_DAC"]
attrByHDZN = [1]

for paramName in attrByHD + attrByHDZN:
for numHead in range(numHD):
if paramName in attrByHD:
headerByHDZN.append("HD_%S—%S" %(numHead, paramName) )
elif paramName in attrByHDZN:
for numZone in range{numzZ}:
headerByHDZN . append("HD_%s-ZN_%s-

%s" %(numHead,numZone,paramName))

for paramName in attrByZN:
for numZone in range{numzZN}:
headerByHDZN.append("ZN_%s—%s" %(numzone, paramName) )
excell_header = initHeader + headerByHDZN
data_fail = []
data_pass = []
for afFile in o0s.listdir(fail_logfile_path):
logfile = os.path.join(Fail_logfile_path,aFile)
if gs.path.isfile(logfile):
this_log = os.path.join(Fail_logFile_path,logfile)
row_data = cUtil.readTable(logfile,{'P135_FINAL_CONTACT':{‘RD_C
:[ 'MSRD_INTRPLTD=I']}}, 'AFHL', 'F")
data_fail.extend{ row_data )
for aFile in o0s.1listdir(pass_logfile_path):
logfile = os.path.join(pass_logfile_path,aFile)
if os.path.isfile(logfile):
this_log = os.path.join(pass_logfile_path,logfile)
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?192. row_data = cUtil.readTable({logfile,{'P135_FINAL_CONTACT':{'RD_C

i NTCT_DAC':['MSRD_INTRPLTD=I']}}, 'AFH1','P')

£193. data_pass.extend( row_data }

1194, data = data_pass + data_fail

1195, excell filename = os.path.join(os.path.join{os.path.dirname{__file_ )

- ,'Result'},’'Thesis_147@3_data.xls')

1196, excelHandler(}.write_xls(excell_filename ,"Raw Data" , excell_header
, data)

%197. print "finished preparing data™
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