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ABSTRACT

The demand for digital storage spaces is constantly increasing and one of the
most efficient options for storing data is a hard disk drive. The hard disk drive has been
widely used in data storage because of its large capacity, low price per unit, and
durability. However, conventional magnetic recording technology is approaching
limited development because of superparamagnetic limit problems. Increasing storage

capacity using conventional technology has become untenable.

Bit-patterned media recording (BPMR) is one of the most exciting new
technologies to be considered and developed because BPMR can increase areal
density more than today’s technology. BPMR technology depends on multiple factors
that can degrade its performance, such as inter-symbol interference (ISI), inter-track
interference (ITl), track misregistration (TMR), and position fluctuation. Artificial
intellisence and machine learning have demonstrated the ability to work effectively in
distinctive contexts. It is interesting to develop and apply machine learning process

techniques in BPMR systems to improve system performance.

This study presents machine learning techniques for creating classification
models from various algorithms to compute readback signals in the BPMR channel.

From the result of the operation, it was found that all of prediction tests, the most
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efficient model is deep learning. Deep learning yields in the highest accuracy associated

with the lowest loss.

Keywords :  Machine Learning (ML), Deep Learning, 2D interference, Track
misregistration (TMR), Bit-pattern media recording (BPMR)
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a v

#315333U (Detector) MuITedIdeladnauedeiivimeliassdiu Ao n1smgukuy
lassaietayailvunzauneni1siiousvataIesdng way n1sasisuudasslunisvinueg

TayaanlasasaninualagldinailanisiseusveuaIeadns NATOUAGUANTYINIUIENATY

[ Y [y

SLAUVDINNAIA VNI TEA

T

[
Y

saduIng1dnus iy sduluniseanuulumadnsunisyiuienad19nannig
Uszgndldanuimanuingimansdeya (Data-science) Ingldnszuiunisiiouiveaniod

a 6

(Machine learning) snlalun1silasnzit Lazeanuuulumanisawunyuszan (Classification)

'
a =

deldlunsviunerateyainfignanneuaussausandyyiasuniy iWedislunsanduls

Y

Lay aANANIZNUNLANAINAY M IUNSUNRALNEUNYINIRTEUU BPMR fauUszansninas

13 ANYaneLasgaUIzaInvesenIuivY

1.3.1 Wiefnwinsvhnuveanalulagmstufindeyaidausindnuuu BPMR

1.3.2 wefnwmansznuiiinain “zgﬁymiumw’?ia'amaeiamsém%’ayjaﬁﬁmwmm
1.3.3 ilefnwnszuaumsiauvesneluladnstufinideusimdnguuuy BPMR
1.3.4 \leUszendlinruimasnuinemansteyalumaluladnsduiinidausivan
1.3.5 Wdaueisnsinlueaunldvinenateyaluyesdayayia BPMR

1.4 YDULINVDITUIVY

1.4.1 Anwuaraiawuudnasanisvinuvesdyaaumstuiindeyaguuuu BPMR
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1.4.2 Anwuazainawuudnassnsinnuresdyyunistuindeyaguiuy BPMR 1

1ASUNITTUNMUIINAYIUTUNIU UAZATLNINADAUDIREY QY8

1.4.3 nsdrnideyalewiuiilannmsiasdude 1.4.2 waznsulastoyalvieglu

sUuuul Mesearamsnzan annsmiluszananamemaiansisouivoaniasls
1.4.4 msassuuuiasaiionsiunelasendemaiansSouiveeios
1.4.5 myvszifiudszdvBamuesnnuusiudinazanugnieswesisnsitiaue
15 351578
1.5.1 funoun1side

1.1.1.1 afauuudnaesvestesdaygrunsduiiniuy BPMR filimsidnsiateya

meIsnsueguadulanil 5/6

1.1.1.2 @519uuudnaesveiesdy e mn1stuiinikuy BPMR AlAsunansgnuain

NSWNSNADALUVEDINR, N15B1ULURTIALIUY WazANUNUNILYBIRLLI lawaLR

1.1.1.3 vihmsiudeyaandesdyamnsiufinuuu BPMR wagdnnisdoyald

wiadl¥dmsunsinsulaiag
1.1.1.4 afauvudaedunanisiunerateyadaiioanaindes nnyateya

1.1.1.5 WisuiguUseansanlunanisyinungna ‘Lugﬂuwmamau%%’umﬁﬂ

(Confusion Matrix) kagdns1AnuRanaInvedteya (BER: bit error ratio)
1.5.2 \n3esilouay Taniild
1.1.1.6 ABNWINDT
1.1.1.7 Wsunsu MATLAB
1.1.1.8 TUsunIun1w3
1.1.1.9 T3unsun1®" python

1.1.1.10 TUswn5Y anaconda
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1.6  U931NAVDINIUIY

£%
= v

Weinusianlyadulilumanislduuudiasmedaaanslunisdnasinisrinnu
v09813 AR adlasidvesdyrunistuiinuuudaunniisuiiiie BPMR) Aaelusunsy
poufialmed MATLAB ilevinisiiudeyangusedng iilesainnisiaundosdaygia BPMR
Tuszavasauwrsasudulildeinlunaretdads wazsinnisasreyalumanisvituiena

1 [ 1

Posdyey s unauNinIN T usEuULUULAL

1.7 Uszlavifanadnazlasu

1.7.1 anansahluussenaldludesdyaanmsduindeyalusuwuy BPMR
1.7.2 ldlumanisvimnenatoyaiiiusednsam

1.7.3 iedunumnsdmiunisyssgnaldnszuiunsiseuiiesesiussuunstuiin

Yoyatusuiuy BPMR

1.7.4 wouswmslunmsiaunluwalunisyvinusnaiiiesessuiumalulad BPMR

e sthuUszenaldlusuau 9
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= av a4 14
NOWHUASITUIININYIVDY

Tuunilaznanfnssunssuiie1tasiuuddy (Literature Review) hagnguf
WNetastuInednusiand iWeaidun1sfneseazidenuenuleine190IiunIsYinuIe

o |

a1 UNaUAINNTSIEIENINTEUINNTSBUTTRLATEY LavsruunTTuTintayaLds

A

wilmanguuuu BPMR lneusiaziidelsazidundasieludl

21 NITUIUNISEBUIVBIATN

N13I3YU3VDAATRINAUINNAINNTANBINTI TN FURUUAITRIUNSANBILaENTT

Y

a

aedanesufianunsnSeuideyaunzainaziunadnsvastoyald Saneifutuazhaulag
ofelunatiaiananyadeyanauiegw it uitemsvuneviedadulalunends unud
gvumuddumiioudd slusunsuaeNiames nszuIunsisouveaiasesilainy
Aeoadesegmnntuanuinsadfaans Weanniaesafnsnsuariiesgidoyaiite
nMsvine eIty venandsudauduius fuaeinismauanzandiaalunig
Adnmansiudveaisnismanguf] waznisUszgndld msiFeuivesiaiesannsatily
Usggnaldauldmannuansluuiuniisnaiu lidegdunisnsesdiuanes, nmsisdsnus,
isesilodum, uazreuiamesivial 0105 w1yiea nineimansaeuiamosuniendty
@l Heneanisisoudvenndosdnslilud a.e. 1959 91 uarniilineufiomesil

Anuansalumsiseuslaglisedusinsulvdaau (4]

TutagdunszuiunsSeusvosaiondutadouismudisalussuuadsiauneg e
seillos anmsinaesitmsiseuiuayisAnvesuyud lnenfiumesannsaiinszuiuns
uilatigmldegsuszansamauainsafsuidamfifanududouls Jagtuaunsouvs
Uszlanvesnsyurunsiioudveanieeentdidu 3 Ussan suldun maSeusuuuiidasy,

nsseusuuuliiidaey wagmaSeusiuuiasuniga [5]
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Image

Structure Classification
Discovery Feature ° Customer
. o Elicitation  Fraud @® Retention

Meaningful Detection @
compression

DIMENSIONALLY . .

Big cata it ® Diagnostics

Visualisation

® Forecasting

Recommended UNSUPERVISED SUPERVISED
Systems LEARNING LEARNING ® Predictions

CLUSTERING

Targett.ed MACHINE ® Process

Marketing Optimization

LEARNING o
®
Customer New Insights
Segmentation

REINFORCEMNET |
LEARNING

/ ® Robot Navigation

A

GameAl® @ Skill Aquisition
@

Real-Time Decisions ®

Learning Tasks

P ° a o .:4'
AN 2.1 ﬂ']ﬁﬂ']LLuﬂUi%Lﬂmﬂ]@ﬂﬂs%‘UUUﬂ’ﬁLiﬂuzmaﬂLﬂi@ﬂ

2.1.1 nsseuuuuiifaeu (Supervised learning) unszuiunsiseuslagldnis
=2 d' v v ell ¥ ¥ ! g 1 v ea v ] (% ¥
AniunUszneulusmeyndeyanuseneulumedeyandusiogne wasnadnsiignaesdmsuly

[d = o A [ G4 ada $% 1% o a 14
LUUNﬁLQﬁEJIUﬂ’ﬁL?EJUE LWN@UHUHWiIﬁI‘\]V]EJﬂQJM’]LLﬁ%’lﬁﬂ’]iLLﬂﬂ‘Lyﬁ'ﬂMLLﬂuﬂLiEJuLLag‘UE]ﬂIVT

YNSYUNIAINDY

( Labels

[ Training Data

ONiaa

Machine Learning

Algorithm

[ New Data ]—’[ Predictive Model J—>[ Prediction ]

a o | a P 44' e
AINN 2.2 Wjﬂﬁqﬂﬂig‘Uq‘UﬂqiLiﬂugﬂﬁﬂLﬂi@QLL‘U‘UﬂJUﬁslﬂa@u (6]

NN 2.2 A79819NTBUIUNITTeUT vouAT owUUdERnaow “n1sdiasu” Tund

meA1U31 ludeyaitldiln (Training data) L519ziluyudinARgRENUTELANYTBUBNHAANS
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(Label) Aimsasiduldlélide andusasihdoyaildlndudifinadng lusudaneiy
dmsvairslunadilviunenadns Welslunadmiuvhunenaudinszuaunssoluagsinns
thiddeyalmifiaiedlineiunnieuilenaaovaussnuzvoding tnsannsautalsziam
pantanudane3iule 2 Usstanlaun Useannisdanainmy (Classification) wagUssiay

n190n08Y (Regression)

2.1.2 nsisusuuulidiasu (Unsupervised learning) Wunisiseuslaeililasy

n1sauarsauanIsantunTIAIme Ul uABNTIAES WiRBUNILADTILII1ABUNIADS

) e A

Ameuiigniesressls lnenmsiseuslusuuuuiaeuiunesiniinlunismisuidymiaie

Y

A [

Fes wileutunsenlanddgymliundndeuldilifinsaewiinsuilandYamduliun
gy uilitnizouinismisudlandtagmies mafeuduvviinasddneuvesnadnsii
laiuiidn wignUsrasdvainaiFouidsuand snesnismumlasaimosdoyaisludan
(Unknown Structure) Tnganunsauusdssianesnlaniudanaifiule 2 Ussianlaun msdu

nay (Clustering) Wagn1sanild (Dimension reduction)

dl L2 1 ¥ ¥ £ aa
AN 2.3 N1IUNGUUBUKIINVDUALUIETDIUA (5]

2.1.3 N1545 U wUULES U189 (Reinforcement leamning) v unisi3ous lne

v & v

AN NaNsaUdunusAudsindeunivasulunaaniial lnensuiamesasaas

IS ¥

MurseUfURnuuNe1s Wi n13tuse tnelill "Jaeu" AveUona19939993135n151

Y
o '
A a (% =

MoguUQNNIBAA AININT 2.4 WNUAINNTEUIUNISIS BRI WUULESUANES Wuinefenis

Y
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v s

WA nseIn (Agent) Nianunsausuusauseansnmmunisuduiusivaninuindoy
(Environment) lngFunsiseudnuaniunisal (State) wagidennisnsgsi1 (Action) v1eeea

Pasnane environment 18z nUTEANTAINVDINAANSVIN1SNTYINMIES19Ya (Reward) 7

Afan duiseuiINANUNEIemLardelianaaisend “trial-and-error” [7]

Reward
State

Action

Agent W

)

A:i' = o a o w
AN 2.4 LLN‘L!ﬂTWﬂﬁzU’mmSLiﬁlu‘gLLUULﬁillﬂ’]m [6]

22 msaunUsenn (Classification)

=Y

N1591uUNUTEIAY AansyuIuniIslunsiungRanaangnAvuAINYaveIteya

naufleg1e lnefiaataius Innulue wWnuie (Targets), aa1n (Labels), %39 vaInny

Y

(Categories) N5 munUsginmdunisadrsuudiaeddag fvualiaunisuseanailedduy
Y84 () 3ndUsBunmves (x) ldwudsiednauuuliseiiowas (y) N153uundssan
Y 1 ] a % Ny a ° & 1 v &

Jneglunquuesnisseuiuuulidasy [8] lnafinisduunussunviuanunsawuseantidy 2

sUnvvInanvarlunsSeuslain MSSeusUUUAAEY wavnsiseusiuunTEieTesy

msseuikuutiies Wunsdaiuyadeyalniuiasseauningadeyanaaeaulsing

¥ [
| I o [

YU nanfen1sTmunUseanludnvaelazonfedoyaniinnuieitesiuuiniign v3 e

'
v [y [y [

ANNFUNUST s uLaziY MndwUSeuiisuiunisifeusuuunssiesosundl el
S a ) v = v o | ' ° a |
wuuBifgainagldianlunisiseuiainidt uaagldlunarlumsvituenaun lueanegly

Usetnilliun k-nearest neighbor wag Case-based reasoning tumu

v

mM3Beuduuunssfiesesu WWunsaswuudiaedunanisduundssinnlagendeyn

q

(%
Y o

Tayani1sindy neunazsuteyadmsunisihuiiwena lnemsiseuiiuunseiasosuily
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dnagldialunistlnduinn wildnainisiuenaides luwmanegludssiandlawn

Decision tree, Naive bayes Wae Artificial neural networks Hudy

Tagv lUtuiiun1sIwunUsennazwlslsennls 4 Ussianlown

® Binary classification
® Multi-Class classification
® Multi-Label classification

® |mbalanced classification

23 msuusgadeya

AN 2.5 MIuUsyRtayarainTEUIuNsalumalunsEuIuNSISEUSUeATed

Tunszuiumsiseuiveansestiy nemildiuagyinisasrdunannmssouiiay
¢ o & o v A o = v o o Yy 1A
AmN1salnaansnnTidyateyanvian1siieuy nsilumaaiuisavinauldegied

[y

Usgansamiudeyadilimediuanneuiiianit “Generalization” tmdudsdfadusgis

v v P

wn wnlwatuausainuldnmsiudeyaiiaaiunwduiisseguied azvilnluna

Wuansamnaanslatigsdanlumaineilsuniwaaivinty liaunsamwadnsnuaneng

Wesdnteglaiiotunldanuass [9]

AatiIsnsnldlunsruunmsasiwuuIaensiueRa Snaginisulsnteya

9anAIUNTFUIUNISIALA Yadayansiniy, Yndoyan1snsiaaey, wasyntayanaaay

2.3.1 yateyan1sineu (Training Set) yatayamedrsignldlunisiseu; uayviinduy

LUUINADY
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2.3.2 ¥a¥0yan13n513a8y (Validation Set) yadayan bd1msun1suseiiiy
° - o o A Y < a ¢ D2
wuudnaesfildunansuuyadeyanisilnilu tieusulaiesmidinesvedluinaldaiy

bANNT AN

2.3.3 yatayanaasy (Test Set) yadeyadiograialdlunsusaiuwuuitaedly

TURBUAVNEVBINTNAADUUTEANTNINNNTVINNUYBUUTIREY

v
a

24 Tenosin@s (Overfitting)

laesflafsluneads vanedanisieseilanignfnduteyanuinawiuly n1s

inseituagliaunsaluviuenateyaueniviioainiu visluewiaald [10] Felumia

'
[y

= o 44' S & Y a ° Aa & A sou A a
ﬂ'ﬁgU']Llﬂ']ﬁLiEJ‘U?U@QLﬂiaQUULU‘Us{JQN@WfﬂﬂsU@ﬂLLUUQWﬁ@QWLﬂﬂﬂJuLM@WQﬂ“UUVlﬁ\)lﬂ@@]ﬂ‘UGq@

Foyaunauiuly lnemiluudilenesianwinaziinannsilansiimes vietadenlul

(%
a

ANUAUNUSAWRNUAULlY vinbilamatinnududauiukasinlanas iR

] v | ~ PN =~ 1y =
AINN 2.6 G]’JE]EJ’N{jQJM']GUEN overfitting VlLﬂﬂIUﬂﬁgU’JUﬂ’]iLiﬁluz“U@NLﬂ'ﬁEN

Y 1

A LA\ A a = o a
INNNT 2.6 Fee19lymres overfitting MARTUNTEUIUNISITEUTVBAATEY UaA
Tiiua @udlasdnAonisnuuudiassiinulasgranungau dnstadulasmisluslu
1 1 ¥ = 4 = I a (X% 1 ! a §a Qy A U §a Qy
nswlangudeya faudizlinisuusiinegting uwinldiialanesinfieduinaiinge Tuvae
Mdudduanitansiiaduneiilngs innlumangreuunifulunazivslayanagey
7 lnansldiunsiines Wy degree of freedom sntAuly vinlwluinaazsinaula

nnzAuteya training (in-sample) Wit usidinnsnaaeuiuteya testing (out-sample)

Tumanazyinaugunluiug
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a

25  dumesnAY (Underfitting)

[ Y v ¥
a o A a o a =

FULMBTNARILUTAMUVLIENATINUIUAULBBS IR LAgdULmaSHARIUUILLAATY

dielumadinsiseuindenuluvilinisteuilasadisiugiuvesyadeyaniuiuilndulalus

Y

1NND NANFBLUUIIasaswulumunzauiuanuduase Wesnuadnsluanuduass

fiarududoundiuin aeunsinenaddifinnugnses ududlunistindufinn

A

X
O o
Xo O
X O
Xx". " o
x 9-X
Xax

ot >

A 2.7 fegatynives underfitting MAnlunszuIuMsITeuIV0LATOS

1NN N9 2.7 dreg19dgyn1vee underfitting NLARTUNTEUIUNSITEUTVOUAT B
wanslidiuan Tuniswiadeyatiudeuiteuazastiuasan Tuvuensuuuuvesdeyaiiniy

Fugauiuninnzanunsautalanedunseda Juilinadnslunisudstoyarilaue

a a

26  N15IUSLANSAIMN
[ a a gj I3 al' ¥ d’{ = v 3 1%

AMInUsEANS AN TUNsedaulunaNas19te danunsanlunislidauuiniios
= @ LY ] 1 d' v d’{ 5 = 1 o =l dl> a v qy dy
Wigala Inedusmivsusninuinanasns@utuianuwiugiiedn @9luantltetutilunanis
o dl Va o ¥ g gj o I 1 o dl
wenaigiTelaasiudy aeglunquuedunaUssinnvaanmsiwunyseianuuuluuns
(Binary Classification) lunansguiunisiseuiveunsssdumsyssilulszdviamvedluing

wianil AsildiuegaunsinazgnesunemenannisAmeadinaansivand

ANUAaWaInYla? 1 waz 2 (Type 1 & Type 2 Error) luneadmdunisdndulanil

AMuNgUNUANU LY FeduANNLES D19 AnT U lda1usananiaesllla 34

Do

wuiideweaouauyfgiu [11] Fsmnununevasanuianainvisdesviaaiunsateuls

selud

2e
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Y

a P . A
anuiiana1nviing 1 (false positive) Aonsiig3 aiﬂwmimaﬂgLaﬁaummmwm

Y 9

d’ Y Y & a 1 A « 1A 1 a 1 =) Ta .y,
NUNLANTUITI NA1IAD ‘UE)ﬂ’J']lIﬂ’J']iJLLG]ﬂG]'NIG]Emﬂ’J']lILLG]ﬂG]’]QIﬂJiJ’EJQ?{IN

AnsRanaInviiad 2 (false negative) Aonsiig3delallsu frasauuigruinailsidy

LY

939 NANAD (‘U@ﬂ’ﬂl&lllﬂ’ﬂllLLG]ﬂG]NIG]EJVlF’T)’]ﬁJLLG]ﬂGI'NUUlIE]EJ’i]N)

Theoretical
Null non-null value

Null Alternative
Hypothesis Hypothesis
H H

Q 1

Typell = Typel
error error

AN 2.8 ANURANAIATTAT 1 LAy 2

o
v A

~ a a « & Y 1 I 1 A o
PNANA 2.8 ANURANAIATEAT 1 way 2 UULansliliiuIIN11a9n119ANL T o UL Ul
a a = o 1Y 1 | 1 1d a a A a X = d'
BNINAYINULLAE AU IfﬂEJZ‘NNafﬂEJﬂ']'1JJU'V\]3LUM°U@\‘1‘UU@‘UEN?T)']3JN@W@']@V]Lﬂ@“UUL@J@WU’]EJWlWI

LANTDRANAIAN LA TUNTIVL AN LD NA WA T AU

relevant elements

s - N 1
false negatives true negatives
= -y,
Actual | A7lussa ®*5 || e ° o
E
duase 5 g
o Turziauan i Tursazan
=
= . | Vs
E True Positive | False Fositive
=
IE_
_.Ei. selected elements
2 -
= hadia duase
_ T'I.“ﬂj'ﬂa ].l T'Lll.ﬁﬂﬂ ]_I How many selected How many relevant
o items are relevant? items are selected?
False Negative True Megative Recall
Precision = Recall = ——
4—Frescision

AN 2.9 a5U1eNTInUSEENSANUedlAa
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LY

pouilndumnin (Confusion matrix) unmswmindmsunansdeowianss uaznadnsiign
unelussazdiefidu (Labels) 99nn159MunUssian 99na e 2.9 85u18n157a
Uszansnmwedunalusinuansdmadnsnisvageuwuuluun’ Tnslussasuaiveaunsn
svnansnenuusswesrana luvasfiuias roduiavuansienanailumarinuie [12] Aoy

Fduussnazuseznaulusne

® True Positive (TP) Bungflg ImmaﬁwmamzﬁﬁL‘ﬁuﬁﬂﬁgﬂéfan

= 14 %

® True Negative (TN) vngds lnavinensaiduialagnias

Y

® False Position (FP) sunene lapavinunensdimiduasaeidmneiduiia

® False Negative (FN) vngfis lumavitunensaiimduiiauaidinaneiduass

v
%

ANuLuEn (Accuracy) Hudusng

[

TUSEANSAINVDILUMAUNSUTE UL UUIIARIULAS T4

= ¥ 1%

N1sMAIANRIUEIEINSaAIAINNTYIUNERAT B A NI NABI IR TIUILAINYA

Y

Toyavavide AI0g19YeaNn1TN 1

_ TP+TN _ TP+TN 0

AC :
N TP+TN+FP+FN

o ¥ 1

precision wag recall lngAnsaestdngnlddiulunisiayszaniamvedlunalag Precision

LﬂUﬂqﬁﬁUﬂ’NﬂJQﬂ(;lI@QGUENﬂ’]i‘VT’]U’]SNaﬁLﬂUQ%QSLUL%QUQﬂ (TP: True Positive) 391NN

| 1
a & a o

Mluasanun (T: True) ua recall Wuaruizduilinaauisansinduanugnaedty
Joyaviavan lagen precision lay recall ufinaggnienueanuwuiulagisILsenns

% U U . . YN d‘ a U
HATUAUTEWINeAN precision kag recall agldfeNisania F-score

.. TP
Precision = ——,(2)
TP+FP
TP
Recall = —— , (3)
TP+FN
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27 szuumstuiindoyaigausivan
punsaidufinteyaduuumdnviensintuludommstuiindeyaasuueniafanlas
Tuiligiuguuuureaneluladgnllusdadadiasiiludy Wunstufindeyadaungn
EULLUULLH’J(;’IJJQ (PMR: Perpendicular Magnetic Recording) itfumaluladfiwmuisesani
Pnnelladnstuiindausidnuuusuitey (LMR: Longitudinal Magnetic Recording) &4
nsvieurasszuumstiufindeyauuuuuadaiy asvinisdeudoyaas vudedlldtudinly
fiensvasiausiindnilaregludnunedimindudedllivuiin failwanduniwi 2.10 dnwas

Guaqmﬂiuiaﬁmiﬂ’uﬁﬂ%yaL%QLLaJmﬁﬂLLUULLmﬁa

Monopole Inductive Write

Head

GMR Read
Head

Vertical
Magnetized Bits

Recording
Medium
Soft

a [ = U = Y a 1 [ ]
AN 2.10 aﬂ‘lﬂmgaﬂaﬁL‘I/W"II‘L!IGEJﬂ’]i‘Uu‘Vlﬂ”UE)quJaLGINLLiJmaﬂLLUULLU'WN

a

Falalutumalulagn1stufindoyaidaudnd nuuukuanaudia UL L

¥ " v '
d S v a

WU (Areal density) geanfiuszanas 612 Gbit/in® F4N157ITARNUNUIUUUTINUAT LAY
INTua sV lalagnIsanvuInveunNIULLWAan (Magnetic grain) #3pan31UIULLLUAN
Tunistudindeya 1 On Tilawaiidnas (a anumuwiu@eiuiuingy 250 Gbit/in? lngld

wNSULUANTAEUSEUN 65 LNTURaNISTURNTaNalY 1 U9) [13] NTaRUUIALNTULNLAEN

Y

[ 1 [

UUILA WA LAEATINUAIONTIAIUVDIN AT YUY IUA DN 18T Y Y184TUNIU (SNR: Signal-to-

noise ratio) AN anaIkara@INalRoMTINISHANAIAUBIAITUA (BER: Bit-Error rate) Atna1n
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£ (%
= Y

YOI YIUNITONUNAURLTU AIHUMNABINITANTIRANGINAN BER @mu1savinlalaenis

1 U 1 % lﬂ' U = lﬂ! o ¥ % 1 tﬂgj 1 -
ansvervieiiguiudedudin deinlaunlaslulagtussesvinadegluseduunlummns
16

o w

Tngwalulagnstuiindeyalawivdnuuuuuns Tullagiuussauivlgmdedain

v '
S = LY

NINMSNANIMUILUT LN WWesnnanuliiaiesidgungiivesdeduiinteya T

Usingmsalilisendn “Uadndansgilosniswuniuin (Superparamagnetic limit)* Tunng

a v =

U URnsiiuANunLuBsiunvesnalulagnmsiufinteyauuukiing duuenainnisan

o J

PWIAVIBNITANIIUILVBLNTULLMANAWED idAyasidsiernuaiiosvesamgiives

o

danlglunisvuiinane

Bit Patterned SWR/TDMR
Magnetic nano-islands w/ Shingled write w/ 2-dim
exchange coupled grains e&t read & sngnal processing

Reader Main Pole Reader Laser

Near Field Write Fueld‘ Microwave €hingled Progressive
» Heating Magneti- '.‘ M Write
\ zatio = Hyc

Img Recording

Coercive Force
(o)

Ambient Temp T(K) precessional Reverse 2-Dimensional Read

(a) (b) (c) (d)

mMwil 2.11 walulagnistuiindeyadaudmanguuuunianuiuldlunisldauesdy

BUIAR

v a =3

Wosnedynimatisihliivaninidefadunaluladsuuuulmddmsunisdudin
Taya wWiawiuUszaninmveseninfantasilvagwy ana i 2.11 malulagnisdudin

Joyardaundnguuuy niinshnduld 4 weluladieiunidefuazdodosfiuandieiu (2]

Julawn
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2.7.1 walulagd n1sunnT oy atd awl tMa nwUUT A LWL S uilti e (BPMR: Bit

Y

LY

Patterned Magnetic Recording) 1uni1sdmiudeyannuilslnazgniuiinaslugsden.du
" oa % o L ¢, Ao 2 v owee A o o !
wmdnvumdniiiendt “louaud” Mfvwadnldds 10 uluwnsiiviinisdgnasludausi

walanadeilszidou nazvinnstvunnazlanaunmeden luianinanuduniman viala

o

anansatuiindeyadnlaunnniwuuwmssildeglumlunaemn uimelulagldiaandey

Audgymnisunsnaongunss Weosnwuinvedleuauddindvuindnwasisesianuagig

PUUUINLYIN TS 2291 ouaTad A0 AU TR ILISARANITTUNIUNULDIVDY

Y

b4

Foyey e uTulnantesdygyadls

2.7.2 walulad n1sTuii nU oy atd il A nwuUUAIINT o ULt 1% 28 (HAMR: Heat-

Y

v [ £ =

Assisted Magnetic Recording) Tayaluudiazinizgnimiumedeauiundsnuneulelalns

U Tngnistiannudounniiundu g Tuszauuiluunsting deidanilunisadrsuazfngs
o3 (laser) dusuluanuisududetudin, Ugminisseuianuiounasainnisiliou uag
a o & 1 o a v =~ v Y a
nsfensaetdwansgnulagnseiunisWeudeya esnndesldndenugunsiviou

AANIENINAULT ULILVEN

2.7.3 welwladnstuiindayadaiwdnuuulalasinid1die (MAMR: Microwave-
Assisted Magnetic Recording) 3zldmalulagn1siuiintayadiniig 1uiinn1svyuYes
mauluAlannieldlunisduiindeys lumaljifmalulagn s andyiudynifeiiunios

o a d‘ U
Audannudvesdygradulasi

2.7.4 welulagn1svuiindoyaid swaitndnuy SWR (Shingled Write Recording)

way waluladnisduiindeyaleuimnaniuy TDMR (Two-Dimension Magnetic Recording)

Y

o

AodlrszuulTznanadyyIalanudud ouuInTuNYosdy gruniseunau welans

Feuwuulnindenududeuguazldmheanudrdrsondudwaumn

= v

i = = ~ Y v g ~ o =
10NN 2.1 LU?EJULWEJULVI@IUIaEJﬂWSUUV]ﬂ?JE]JJUa LLﬂﬂﬂ,WLMULVI@IUIaEJﬂTﬁUUV]ﬂ

Poyaluny 4 sUsvutuitenuazdede [2] nulufistedriamenmsiaunuansisiuesnly

v
! Ya =< 14 a

Inglwinenfinusiauliidelalinnuaulamalulagnisiuiintoyadaudindnguwuy BPMR

Y
¥

Juiitawilaaninanuasalunsiinauiusdudaiuinlags uaza1u15091ae9n1s

audesdyana BPMR lalaglddndudesiianimensaunas
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M15197 2.1 Wiguigumalulagmsduiinteya (2]

BPMR HAMR MAMR SW/TDMR
o Ton(MP) Small Large
MI91U (Head)
Assist - Near Field Microwave -
Write
Easy-to-write Hard-to-write
4 o ability
dauuNN (Media)
Magnetic Exchange Low T, Low Damping | Conventional
Feature Coupled Repid cool Constant Granular
TMR - Extension Large TMR
Servo/Mechanical Adaptive _ Extension
Spacing (challenges) Planarization | Protrusion Extension
Two
Signal Processing One Dimension
Dimension
Synchronous Assist Methodology New Format
Architecture
Writing Optimization Architecture
High
Synchronous Microwave | New Format
Technology Temperature
Writing Oscillator | Architecture
Reliability
Challenge
cost Lithography Optics - Extra Memory

nani 2.12 msaanisalanudululaluniswasuuuaesnalulagnsdufindeya
walulad BPMR HUszaniamgenmanisalinaiuisaiiiuanuvuiiiudaiuilafe 10
Tbit/in® (ns1Uasea151ila) AdemAgtesiunsldnalulagnistuiindeyaluguuuy
T nsdufindeyaidwsimaniuy BPMR Wumalulagiiaunsaunldauldasuagln
UszAnsnmvassruunistuiinteyalauingsdu [14] dumalulagnsduiinteyauwuy
BPMR Felsisunnuaulalunyinideidusenauin [15, 16, 17, 18] uansdauwwiliuveniy
1 a dﬁl dl = v = £ 1 d! = v =f ¥
nududsiunvesmalulagnistuiinteyaluzuuuudiie 4 Fanalulagnisduiindeyauiuy

BPMR Wuanunsaiiuanugidsiuivesdetduiintoyalets 5 Thit/in®
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Energy Assisted Recording probably on BPM _100
Shingled Write & Two Dimensional Magnetic Recording (TDMR) Ib/in
fes. ™ L —

P

Bit Patterned Magnetic Recording (BPMR)

Heat Assisted Magnetic Recording (HAMR)
Microwave Assisted Magnetic Recording (MAMR)
Shingled Write Recording (SWR)

Discrete Track Recording (DTR)
(1-2 generations, prepare for BPM)

/5 Tblin?

1 Tb/in?

Perpendicular Magnetic
Recording (PMR)

Areal Density

Superparamagnetic limit

Longitudinal Magnetic
Recording (LMR)

150 Gb/in?

Time

i 2.12 mseeanisainnuilululalunisdsuwlamweanelulagnistuiindoya [2]

=a

28  szuumstuiindoyadawsimanuuulnunniisuiiiie

¥

LUIAALUNITAS 19UV 8RN NAlUlagn1sUUN NT0uawUU BPMR WuAaUY19

Y

vihladglagianzegegudioihuUssuiieufussyun stuiintoyauu Ul ALAN AN

2.13 MU eugusEning (a) @adusinwuuastden nu (b) @ 8 UUT NWUUTALNY

as a a

Wisuiiie TunstuiindeyavesdetuiinuuuaziBenazriinisiuiintoyaaruunsunwivani
finmsdasesiludnvaznldidussdeuivilinistuiindeyadaluwdasassldiuialunis
v o= v a A A Y = v o v Y o

Tuiindeyatnuinllefisuiumalulagnisdufinteyawuy BPMR lagndnn1svintauees

walulagnisduiinteyauuu BPMR ddelaiUseunanansaliniiugigeannndy wasdadiaiy

o 24 d|

Fudeuntesniinislddetuiinuuuanden lnensiuiinteyaadludeduiiniuazyiinisda

suidgunistuiinteyadenni 2.13 Msieuliigusening (a) detuiiniuuaziden fu (b)

A ! v =3 a

d 3] U U N il bb U U U # bb W ]

¥ L2

Wisuiliie lneddeildluduiindeyaszdmiosiaiuedrndusudeviaziioninlovaud
(Island) vt el @1 usun1stuindeyalunnardalaey aluasdvurndaenin
20 - 10 unluiuns warasgniudiediuntidaninainuduwidngn (Non-magnetic) Mdu

Unnseu 9 lakaudiievinisuwenleweunsenainiu delutagdunalulagnistuiinuuy
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BPMR @111306 1A MUILUEINLA AN T UUBIIAY wazsiafign Fadudssiiud

Imdglanuaulalunmsiauimaluladiand

'

(a)

AN 2.13 MsdSeuniausening (@) @eavunnuwuuaziaen nu (b) datuiinkuulnwnm

Wisuilie [10]

ngUansaasisaun1sYesdyaInvessuunIsUuTinteya i dauiiianuuuy
v s aa ¢ a o

BPMR #aeeiain3eisil Tnefimssrasstesdayqiaiad 2 Sfuvund@ouresosdyyio

BPMR wuun3nyuain Isansadeuduaunislineg

P(z,x) = Aexp {—% [(P;Vx)z + (PZVZ)Z]}, @)

a a s o o 1 A o = v = aa & s
M1919N 2.2 W'ﬁ']llLG]aﬁﬂﬂa@ﬂﬁjﬂqiﬂ,ua'ﬂﬂ‘l«mﬂ‘UENi%'U‘Uﬂ'ﬁ'Uu‘Vlﬂ‘UWLE)iJE)'ﬁ

UERHIERY Hyanwal
Square island a
Thickness 9
Fly height d
Along-track PW5, PW,
Cross-track PWs, PW,
Gap to gap width g
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[

WIS nDS Heyanwal

Thickness of MR head t

Width of the MR head w

T8 UnAkdIUsenNUDIT2UUBPMR HunUeontdu 2 Useinnsiedufe 53U BPMR kuU

'
=

YU (Spinning — disk system) WALIEUULUUINTU (Probe — based system) [8] Tuiid oz

naduanznsUszatadyaalussuu BPMR wuunyy dellanwaznisvinauiadieiu

(%
LY 1

sruunstuiindeyawuunldiunily (TufeuuukuifaziuIuey) Aedugodyaimuei

28452UU BPMR 398131509180 04 JUHUn1InUaantuudelasanini 2.14 wnuniwuden

o

WuuedmIuYedyy1:n1581UYeeTEUY BPMR 20l 3.2 sUkuuYesdyins BPMR Tu

WUUN Fausenaunanlann Yesdgiad (Channel), SnelalwosuuunanouausIuIgaIY
(Partial-respond equalizer), tazn151421935015399 (Detector)

Media noise
l Electronics noise

Input [ Output
—»{ Channel Equalizer Detector | 4
bits bits

AR 2.14 WU WUSENLUUSEEnS Uty IMN1T9 148958 UU BPMR

29 Uggmluszuumstuiindeyawsimdnuuudaunniisuiiie

= ] 1 < £ = ] Al Y [ ' [
Lu@ﬂ'ﬂﬂﬂﬁ%ﬂg'ﬂ’]ﬂig'ﬂﬁ’mLLVIiﬂ?J@QSUa%aiJi%‘EJgV’NVIELﬂaﬂUL‘Uu@U'Nﬂﬂﬂ (im‘uuﬂu

[ |

wng) nszaztulunssuiuniserudeya daygine1unau (Readback signal) aggnsuniu

RS

'
aa =

nnsunsnasa Iaeisendyninaitidinnsuningennuy 2 46 deUsznaunisliaiy n1s

wnsnaensyniItedgdnual (1Sl Inter-symbol interference) LazA1SLNINEDATENINUNGA

(ITI: Inter-track interference) [3, 14, 19, 20] uona USRI TyMINLARAINNITOUVDIRIDIU

[ 1

Mlainsaunin (TMR: track mis-registration) Faululgymndmansenuiuusauiussdnsam

>

VDNTLUU

2.9.1 mMsunsnaenseninadgydnwal (ISI: Inter-symbol interference) AUINN1T0!

(% [ s (%

yeaadainuil k fideeanatnauniy lusuniunisunsndendudydnwaliioghn o fdu

Y

'
[y

(uRedyauiadadu ki e i Wwavdwwauildviniu 0) wudyyuiadainui 5
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=

glusumudgaiaiaddidun 4 Negneuninisnisdunnindesdyyrudedais (Data

v

communication channel) #ilguneliia 1S wssld awnsaiilalaensdsdyarunad

[

nilaadinlulutosdyyia ddygraiadiniuieenvesiesdyyiudinnniinisvad

o

W97 Yosdeygradilneliiia IS [21]

1¢ -
(<]
S 0.8~ i
=
£ 06- ]
[
9
S 04 |
(4]
£
202 wweeeeees Along track direction %, .

- Cross track direction
-40 -20 0 20 40
nm

Ly

a ) 4 s = I3 Y] <
ATNN 2.15 HapdudaUDy iyﬁyﬂmwaﬁm']ﬁL“UEJUIULLU'WWNLWﬁﬂ (l@udy) LLa%IULLU'JGU'J'NLW]iﬂ

(&)

2.9.2 NISLNINADATLNINUNS N (ITl: Inter track interference) Tuszuunisdudin

foyawuu BPMR Winannislasuransenuainunindnafies (Adjacent track) n1sunsnaen

v [

sEnIuninde Unngnisaldgygaiaduninlneseulusunmuniounsnaeniudygunad

oo

'
= 1 %

unsnuanfiegfnfuddlussuu BPMR 1 1Tl szfinansenuiiuusannnds IS luawd 2.15

naneuauosd N ad @ deuluiuiniuunsn (duds) wagluwulivinaunsn
(1dunv) Lﬁaﬁﬂmﬁﬂﬁ’samﬁagamﬂmamauaumﬁ’mmmﬁaﬁiuummmLm%ﬂLLaﬂuLLm
EU’J’NLL‘V]%ﬂf\]zLﬁujﬂﬂ"]“Ua&%@yjaﬁlﬁmﬂﬂ’]i%ﬂﬁ?@‘&jﬂﬂuuwﬁrﬂﬂLL‘I/l%m]SiﬂﬂﬂjﬁLﬁlIEJ Fauan
TAAUINaNszuIn (T 928AUuLTInNdn IS TAEALTULSITEINITUNSNADATI NI

WNINTULAAUTULTITURY IUANUNUILUTINUT (AD: Areal density) 8emnuvuLLY

v '
a A I

WaiunTanuruwduindiesle durinefanisseas wazvuisvedlonaunaziivuiniidn

wazdanuundWuinliAdnfienuainuninuan (Main track) 19sudeyerausuniuainuni
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v = . = 1Y) 1 a & 4 o A ' 1Y) al o
nd1aLAee (Adjacent track) FeArszauUBIALULILUUTSUATUsE AU LANANSAY 1By
nmseteyadnandesdgyanagliaduuszdnsvesiosdyyins BPMR a1nuninlagsaui

[

WANFINAUAIUANAUILUULTIN UV 03ty ayau [17, 20]

A919% 2.3 LansAnauUszanduesdyeia BPMR a1 AD Tunsiazszau

AD (Tb/in?) Tx = T, (nm) 2D channel coefficients

0.0213 0.2321 0.0213
2 Tb/in? 18 nm 0.0919 1.0000 0.0919
0.0213 0.2321 0.0213

0.0478 0.3154 0.0478
2.5 Th/in? 16 nm 0.1517 1.0000 0.1517
0.0478 0.3154 0.0478

0.0824 0.3876 0.0824
3 Th/in® 14.5 nm 0.2125 1.0000 0.2125

0.0824 0.3876 0.0824

2.9.3 unindaisdawnsdu (TMR: Track Mis-registration) luszuunisdudindeyaids

(%
v

] aa v aa =~ A
wiwmdnguuuu BPMR usnaindaymnisunsnaeaiuuaesliiuaidudadidnnislymndaa
nsgnuseUsyansnnvesiesdynandusdianniufe n1e1uLenunSn Wsaunsniialsda
1@5TU (TMR: Track Mis-registration) [22, 23] Fududamidranluszuu BPMR fefaagns

dl al a o L% U U o U dl o a
AT 2.16 NSIUTYUNEUNITNINIULDINIBTU (N) ANYULIBINIBIUNNIIUUNG (V)
nwaizesiiguioanuandmrue wansliiuisiunismunzanigauesiieuiioguy

Ly

dodufiniio A, AopoWIINYRITIBIUNS BILELM19TENING AILUNUINA19VDIRIB LAY

6 v 1

AurianaveIwninleduaus Na1IAeInANENAIIUBIRIBIUAITEY N YANINAIIVDY

< L d' c{' U < d{' Y o J o Ay CY =
LL‘Vliﬂ‘WaﬂLL@%Lﬂﬁ@u%‘UU’]‘UIUﬂULLU'JW]llLL‘I/IiﬂLW@IViaiyliyﬂm’ENHﬂaUVlﬂ"lusU']aaﬂ‘UE)Q‘VT’]E)TL!lI

aa
F’]mﬂ’]‘W(ﬂ‘VIE‘j@
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Upper Track Upper Track
Fead Head T, _{ _I_ Eead Head T
Ae=10 + Main Track 7
Main Track
= Lower Track
Lower Track

t:l =l a o U 1 v} v} 1 Q" o a
AINA 2.16 NMSLUSHUNEUNITNINIUYBIIDTIU (N) ANWYAULYDIIDTUNNNIUUNR (V)
ANWULVDINIDIUNDDNUDNA IS

[
va v o«

ag9lsAnulunisuiAduiilonaiin1sad ouil ve9181uazLAG oUT 00NN
Auntanasazidu lneneuadeuilluuaundnaiuuy (upward offset) #3oA1UA1S
(downward offset) eIl 2.16 NM5UTBUNBUNITYINIUYBINIBIY (N) FNUUZTDIRIBIUY

o

d' a [ v U - o | a 6 (3
N19uUnd (1) dnwaEveilg Ui sanuanaIkIazisendsingnisalludnymue

171 “undnflasFamstu” (TMR : track mis-registration) ¥3eeeidnUeswieu (Readhead

offset) A, agniviualag [22] wazaunisnlddmsuanmie TMR awnsadalalag

aun1saanelUll

TMR (%) = % x 100 , (5)

naun1si (6) 1WuaninsilalunisAiuimsyauresal TMR MiAndulussuu BPMR uay
e TMR 1AnTU HanovaussvesdygIuNadind@ounlasunanszynuain TMR aza11150

asaduaunslesanaldd

P(z,x) =Aexp {—% (Piwx)z + (Z;MZT)Z]}, 6)

[y

= Yo 1 [y J LY [ a &
LNBiSUU‘l@iUNaﬂigV}‘U@UWﬂ TMR Tulnagseau QJJQJJ']ZU’E]’TL!ﬂﬁU”U@QiSUUﬂﬁ]%NﬂLWEJu‘lUQWﬂ

Fruaunauase InefiAuoundnlzanasiloseuulasunansenuaNseau TMR NIgelu uaziile
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YIMINAFOUANTINUEYBITEUU BPMR ildFunansznuandamn TMR Tupnuguusiudas
seiuagléin TMR lussdugeasliaussousfugfigathumnefesedures TMR Aifindudang
nsgnusaUsradns ameeaszuy BPMR i ued1suindinaninind 2.17 wWisuiiiey
UsgAnnmuasszuuiildsunansenuanndl TMR udazsedu diewnu X Aedasdiueids
WwAsvesdygafidenisdenidundsvesdyniasuniu (SNR: Sienal-to-noise ratio) &

mhedundiua (dB) wazunu y Aeensiinianain (BER: Bit-error rate)

-1
10 % =

10° -
- TMR0% )
S & TMRs% RN
@0 s O TMRIO% N 3
M-+ TMRIS% N
C 5 TMR20% X g
" —<— TMR25% \ )
10" R @\ ]

IR ALEEEN|

\\ \ -
A ]
r r o b r L N A\ L r r r

AN ARG AR 26 28 30
SNR (in dB)

[ee]

AN 2.17 LUSUEUUSLANS NNUBISLUUN WS UNANSENUAINT TMR Wiagseeu

'
) s

Tagundluszuu BPMR Dhilasunansznuain TMR Andulseansilaainnisdniiegavas

(%
aa o v

HanaUAUDId N adMAIdsunuUaellAtuasidnwuslunuvanung (Symmetric)

| [

warmniiymnseruuenunin TMR Wstuluszuufzdmariliedudsyansildanms
FnegrevemansuauesdyaruiadinddeunuuassifegluUldanuing (Asymmetric)
Fauansiog19A1duUsyans vesesdyaia BPMR esesio81991n01519% 2.4 A
FuUsraviuesedyyia BPMR [24] Fadunisuwansdsrndulseansalasunniseuan
Jaludesdyaradiiatagm TMR Fausiszeu 0 auia 25 Lﬁaﬁaéwquﬂaaﬂmﬂﬁ'}Lmu'qﬁ
msandu anfeglaemeuldindeuiilunuunvesumnindiuuy (Upward offset) 39vi

TiAnAMUNTAAOUUTEANS ANV IT0 I UAY

37



M990 2.4 AduUIEaANSTRITRIdye10u BPMR [24]

TMR (%) | 2D channel coefficients | TMR (%) | 2D channel coefficients
0.0824 0.3876 0.0824 0.1094 0.5151 0.1094

0% 0.2125 1.0000 0.2125 15 % 0.2125 1.0000 0.2125
0.0824 0.3876 0.0824 0.0620 0.2917 0.0620

0.0905 0.4261 0.0905 0.1203 0.5663 0.1203

5% 0.2125 1.0000 0.2125 20% 0.2125 1.0000 0.2125
0.0749 0.3525 0.0749 0.0564 0.2653 0.0564

0.0996 0.4685 0.0996 0.1323 0.6226 0.1323

10 % 0.2125 1.0000 0.2125 25 % 0.2125 1.0000 0.2125
0.0681 0.3207 0.0681 0.0513 0.2413 0.0513

2.9.4 AMUFUNIUVBIAILALY (Location fluctuation) wmalulagnsUufini@auwdindn
sULUU BPMR tusitsarnnistiufindausimdnsuuuuialuiidonistufindesnisenuusiug,
Juethaunn Tuusazleduaunfissoznsdosnin 25 uluwns sxiliAannuazdonly
msdwwﬁ’%mmﬁqq ﬁqLi‘]um'ﬁmﬂﬁﬁﬂﬁnﬂia%uauﬁﬁiwzmaLmﬁ’uasmaﬁwLama, AIUEY
NIUYBIVUIA (Size ﬂuctuation)ﬁuaal,m'azlaéﬁ‘uauﬁ, mmsﬁ’ummaﬂmmqﬂ (Height
fluctuation) ¥asusazladaus, AR UNIUYBITUS 14 (Shape fluctuation) YBdwAaE
Toduausd wazauiuNIveIan A1 Ukt wmand ufa (Saturation magnetization)
dHesnusazleduaundvualiuiueud wilianmarnuduwimdnvewrazloduaund

mududdldviniy dnanieuandguimamsndanatuaudiuniinisugneauniaes

Towaun LLazﬂ’]iL‘dUEJuﬁﬁEm“aﬁ@mUui@LLauéﬁﬁ%U’]mgﬂ%Qﬁﬂéfﬂ’m

8iSiBiSi8IS w
: @ @j Effective

=
i 2.18 nsilSeuiisumsdanisaddnlusiumisnivungay (deal placement) fiu

FunsTviTliAanansEny (Effective placement) [14]
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210 WANITNUVBINITUNINEDALUUEDINALUIZTUU BPMR
NANTENUTBINITUNINADALULABIARIUSEUU BPMR Fadutgymiiduidesuiain
NameUALewBIEynaduenind1afss Adunansenumnannnsdanunsnasaiuna
voadyanaiadluuninudn nansevuve I wag IS fiflredyaasiunduaintesdayaio
Tuszuy BPMR fluanafianansenuresn1sunsnaanuuuansdia 21na1mdl 2.19 n159uun

Usstnnvasanuuzdyg1aiinanlamnisinsnaonluuaois

1 o : peses i e
R 2 & T : o5
09 y Slagle tit Destructive

5 ttreetsr Constructive

°
o

ormalized Amplitude
Amplitude

=)
P

N
o o
N o

o

% ) . -30 -20 -10 0 10 20 30

Upper Track X X X 1 1 1 -1 -1 =1
Main Track X 1 X 1 1 1 S| 1 -1
Lower Track X X X 1 1 1 -1 -1 -1

Single bit case Constructive case Destructive case

AN 2.19 NsTUNUIELANUBISn Bals Ay uiiAnaInTymINISuLNINERALUUADINR

Tudesdygraunusaandyyiusuniu (Noiseless) Feusznouliaay nsalf 1 nsdudin

~ o

v a A a . . A Y] a Y A A A Y
EZJ'E];JUaLW‘EJQUG]LG]EJ'J (Slngle bit case) AUV 2 NTUUNANUAIBUYNUED UL NLAUDUNULUY

d9@5% (Constructive case) WaLNSMN 3 AISTUNABUUUH DUV NLAD UL NNTIVUAUAUTR

= 1

Agna1uuuannou (Destructive case) 9buUnNIIUNTANTULUVAWASULALWUUFDANDY

Y

HuanunsanTvaeulaandyayaniserundu (Readback signal) Wevinnisiieuiuindeya

WAea [15], [19], [25] avdaunalaan lunsaiiinaniswnsndaneuudasifbud osdaiadly

A7)

anuazvesgUwuundaasuiutuaiveseuniyn (Amplitude) vesdyaiueunduvesln

' '
S aa o L

nanvazdszauiiiiugau wu lunsdindanaeiviniseududuiadeya “17 wazg

Y Y

a dn‘ld

aouseulusng “17 Fslunsdldfeladndunsdiifingn Best case) lunaziieaiuninin

nanafivinseuiwduiadeya “17 uwdignaeuseuldsig “-17 Av0uouNnagnreslnnse
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na193gan Ingaziseniugnsalludnyuziduidn nsunsnaealuvanvoudInansenuiu

UszanSamvesszuu saluludiuveanatiamsannansgnuangliuuiiinnisanneuiu

[
| va o

vosdyaaluinerinusiauliidelalvianuauladuismadnsiasegadu Fezgnnaiiis

Tuidednly

211 msdhsiiauazaansiauagady 5/6

PNNANTTNUVOINTUNTNFOALUVADILRT Unasad ey unauluszuu BPMR

dedeyadafvinnistuiinadludmesdygraninnisanneuludnuaeniegluuuiidaiy

1y
JuLsuviiusEansanvewasvasdygintuiinlussuu BPMR dawas lngfigunuues

v = a A '

Toyatnngniuiinasluludesdyauseutnadanusinsatuiuiuinigneu agnelviin

Y

N158ANDUVDIALIUNTYAVOIF Yy IUEIUNGUT U At ud i arsnandesliliiinly

=

Yosdgaraneuiinistuiinteyaludedudin [26] lunialfddlinistuiindeyadie

gl

Y

= ‘:4'

sunuvaaveuastudetuiin inszasililayvinisunsnasnluuaesdAliaauguLsauIn

wazdanavinlidyaaniseunduiugnaaneuy dawalvszuu BPMR duszdnsamiianas

'
a =

lngwwmalunisunladymueanisunsnaeawuuassddlunsalniaisienan Weteyadni

'
1Y

instuinaslutesdygraiianistuiniuudssoudiedlaniuznasetnunuiudnignen

=

1%

9
Y
Anduanunsaunlulalaenisliisnisiisianazaensiavegadu dduingrinusiauilagiy

N59809N15VNUVBITEULU BPMR inmisidnsitadayaaumedsnisueguaduludnsdiud

5/6 [16], [17], [27] Ingin91uvesn1 i 59adayaainnaImi 2.20 nseniunsdinsviaueg.a

a a

Fu 5/6 in1sund1eyatndunnidiuiu 5 Un wviinisiiag (Mapping) luudagansia

Y 9

v v
o

(Codeword) lnedoyatinuieanagdinuiu 6 UnNNduIuNeaY 32 JUkUUNInIsUNINaen
[ £4 a o [ v v [ o A a & v

vosdrygutdeeiige andwuanuduldlaanmsdisiauegaduiifiadulanimun 64

sURUY Wevihmsvanidesmstuiindeyasluuuineliiinnisunsnasauuuaslanilaiy

TULTS

Output bits
modulation 5/6

U808 = 0688866

A 2.20 nsgnunsnsiadeguaty 5/6

Input bits
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A1319% 2.5 Wdsianegiaty 5/6

5 bits input data 5 bits input data
Codewords Codewords

A | At | A2 | Q3 | Okea Ak | A+t | A2 | Ake3 | Aked

I S T S | X! 1] 1] 1] 1| A x#
I S T T | 1 X° 1] 1] 1] -1 1 x¢
o I R | 1] -1 X 1] 1] -1 1 -1 X8
o I R | 1 1 X8 1] 1] 1 1 1 X
1 A1 1] 1| 1 X2 1] 1] 1| 1 X2
1 A1 1] -1 1 X3 1] 1] -1 1 x'e
1 A1 1 1] -1 X! 1] 1 1 -1 X
1 A1 1 1 1 X" 1] 1 1 1 X
-1 1] 1] 1| 1 x* 1 1] -1 -1 A X%
-1 1] 1| 1 1 X2 1 1] 1] - 1 X3
-1 1] 1| -1 x& 1 1] 1] -1 X3!
-1 1] 1 1 X2 1 1] 1 1 X'
-1 1 1] 1] A il 1 1 1] 1] A Xt
-1 1 1] 1 X 1 1 1] -1 1 X
-1 1 1 1L x° 1 1 1 1] -1 X8
-1 1 1 1 1 X2 1 1 1 1 1 x32

dwsunisisianeguaduiuy 5/6 TuagyinMIMuuateayadunnnIUIUIATINIY 5

A d‘ o U 1 v U > U dl o 1
ARD [Ak, Ake1, ke, Akes Aea) LBELUTUANUMISIINISNASTENBALATUTIONTEIU 5/6 1ng

Y Y Y

()}

]
v 4 v a

Yatayan1siinsialauIannsiienyateyanafianiiuIuviun 32 JULUU 21nTuIu

9 Y
anualy 64 sUwuunansaiadule eldlunistuiindeyaasdlussuvanami  2.21
sULUUvBINMsIsiaNenady o dnsidiui 5/6 wuantiaiieg9aNITaen ULUUYeINS

Whsranazdunldlunisduaiuansensidnsianewlisuasuutesdya
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X X X, X X X % Xe
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
1 1 1 1 1 -1 1 1 1 1 1 1 1 1 1

X X5 X, X, X, X X, X,
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1

X, X X X, X, X, X, X,
1 ! 1 ! 1 1 1 ! 1 1 1 -1 1 1 ! 1 1 1 1 ! 1 1 1
1 1 1 1 1 1 1 1 1 1 1 -1 1 1 1 1 1 1 1 1 1 1 1

2NN 2.21 gﬂLLUUsummiLSi’Iﬁﬁaua@JLa%u 0l ORINEIUN 5/6

dmdumsnensiiadnpfieanainisesasievimesdazgniniedl udmdeas
yhnsmszeznagaan (Euclidean distance) neuflazgnynmsaeasiaiiiethlunsaaeuly
m3aft 2.5 ihgsanegiadu 5/6 isuddymdoyatilsainisasimesTonslinseiumsns
Aum Tnemsudladgmitdudesnandeyaiioonanisasnsianimesdenasghifleglu

AT NAUR %\‘153E’J%'VI’N‘EJﬂé@ﬁ?ﬂ’ﬁﬂﬁﬂﬁf\]’]ﬂﬂwﬂ’ﬁ

d(xj,k»’?j) et \/Z?:o (xi,k g/ 3?1')2 A7)

'
v o w a

e x, ARASTENIAINN1TRTIIMINRsATIIm Imesiuay X, Aorsaddiui j 9anlu

1 v Y

a v Y A ° ) o o a . a o v
M13WN 2.5 Lsﬂqﬂﬁﬂﬁuaalﬁsﬁu 5/6 1Uﬂqiﬂ@®§‘waﬁ]5l@@ﬂﬂWﬂ@@?ﬁfﬂ,ua"lﬂ‘U'ﬂ J ‘VW]']I‘VW"I']

d( Xj:k’ XJ) ﬁﬂl’lﬁ’]ﬁ?jﬂ

a2



A5NISALHUIU

lunwideilaginsdssendldnszuiunsiseuivenasoadunuseendlunisasi
wuudiaesnsiweAdaludesdyaraeiunduretszuunistuiintoyaideudivaniuy
BPMR it ot usgnelunisdnduladimiuariniieuldandesdygralaenss §in1s

a v 1 1 a a LY dy
panuuuIdlulsavduiseasdennralul

3.1 A1591999YB9dIILUY BPMR

o = v I3 v o= v A& a =~ o oA a Y
3‘UUﬂrﬁ‘UUWﬂSU'P]3;|JaLL°U‘U BPMR LUUi%‘UUﬂquUVIﬂGU@%JJaV]LUUE]ﬂWUQ@nLaaﬂﬂﬁ]gLGU’]

= ¥

wwuniwalulagnisduiindeyawuunaly 1o stuintoyai uukuIR KTy Ay
Ygymdedrianisgilesmswuniuiin usagelsiamussuunistuiindeyawuu BPMR faq
wdgyAudainsunsnaenseninauwnsn ITl, nsunsnaensyninedadneal IS, Jyninis

' 1 < Y a Y o = [ v
muvl,mmmsﬂ TMR LaZUDNANAINANNATITLYIRINISAITVEU LUUAU

Wesnlulagdumsdienssuiunisseuiveaniaadninnuinfunisseusiie

'
[y a o

uuAtdgiludiuaig 9 dulinadnsiuriawela sulutlafinuidenuieinszuiunis

Bl

Seuivenasesiudiulssendldludedunintayaaudmaniaiuysgansamlunusig

q lapgnafiuszd@nsain [28], [29] agalsAn1ua1neudde [16] wuudiaospsdaymyien

4 I

BPMR @nunsaviazindauaionnaingosdgygiauniserunavuiltlunisiesizidmsuni s

Y

Mwnegwadniila dslulunuinednusiduiddainauenisuszgndnssuiunisiseus
YaaaIaslugiuuusng 9 Wanldsiudussuunistuiinteyauuy BPMR wielddmsunis

asnlunanisvinunenaainfieonaintesdygyruerunau Jeusznauliarsnisidau

U ¥

TUswnsULi 9180915 v et esd i alussuunisTuiindauanuu BPMR, A1suAU

DAY U

Tayadntesdyyrueunduiaiiunldlunisiase, msdnguiuuyadeyalinsey

dusunmsihldle waznisas1slaumaginsunisyinuiena

N1331809903d ey U uy BPMR H37ulavinn1sasiaesdyaiauuunaieiieu

Y

wazdinsinsviauegatuniseay 5/6 ludesdyayia BPMR 1ng9198991n91u338 [16] Lo
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#5190 YY1 UU BPMR d1n5U41809n19vI91uAusuinidy 3 Thit/in? Tagasneann

auniseapelUll

2

1 X+AX Z+AT+AZ
h = Aexpi—— ( ) (—
mn P17 %2 PWy

Nk = Zn Zm hm,nXl—m,k—n + Nk, 8)

)2]} ©)

A1919% 3.1 waziduavesiLlsildluannisdnassresdygiauy BPMR

o/ =) 1
AT FHEGHBEL A1
PW50x AUy RaENINInNSA 19.8 nm
PW50, AMUN Iy RaaNgNLNSn 24.8 nm
Ty S2ULY9TENINTA 19.8 nm
T SULMITEMINUNEA 24.8 nm
C ARSI 1/2.3548
TMR We1ulingg offset 0-25
SNR AMAAR IR MAIFYYIMTUNIUY 5-25
Ay AUANDUIBUAsETUNN -1 ey 1
U a dl 2 L2 U U a Q€
R AdnTlAsuRygIaIUNIU ANFUUTEAND
U a dl Yo/ U U U a Q€
Ye Adaflasudyaasuniu AFUUTEANS

a

oI YYIUNINITULEUDUUL A2VINNITUNUNVBIAIUNTUSTUaNad ey 179N

NTOsdEY QI BPMR WUUALTIADINININTIT U Bmelawes (Equalizer) wazdingiadu

(Detector) Aan1ndl 3.2 JUkvUtRFyI BPMR lukuunaluily 8atelawwes uaz i

77393V WagulUldmsiunenavesdygiamiglumanisituiesa faanmi 3.1 sUuuy

I o

Yosdeyeyias BPMR 7ldlaaan1sviunenaluszuu BPMR WuUvy (Spinning — disk system)
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[30] lunillagnanifnanity nsussatadyyialuseuy BPMR wuunyu deddanyaenis

oun adedussuunsiuiinteyawuuildiunmily (HufswuuiuifuasiuILou)

5/6 [UCli——o
Encoder|

Ti—1k
s/6 . =]
Bk Encoder Ak =z k

Tittk

5/6 [

2
Brm Tk {/ <
~ 5/6 = e { il «—Detector
lels [
21k

Decoder
By Ttk / Tiak

Read / Write Channel

Read / Write Channel
=)

Al 3.1 sUwuutRadayy 1 BPMR 74 awdl 3.2 Uuuugesdyayia BPMR Tuwuy

lauwanisyinunena PrlUNlY dadelawes way AIngIadu

[
LY

AU UYDIF U IUNEUTBITEUU BPMR eanansadiasadulkuninudeniuudglang

At 7]

AT 3.2 sUkuuYesdnyey1s BPMR Tuwuuialuild Sanelawes way Mns19du @
Usznaumedesdiad (Channel), dmelaesiuunansuausiu1saIl (Partial-respond
equalizer), m3uegiatuldniisesiu 5/6 (Modulation code 5/6)uaznslirsasnsravimes
T (Viterbi detector) [21] Feuvunissnasasyuuiulalduvusiaesdugimsunduud
YuaueuIAnues S. Nabavi fifinuwnisusyanafmanauauasdyyniaduesssuu BPMR

lusduuunanauauewesdy g IuNaduuuaasdfl [3] kasn15UTsannAINanaUALBIYDY

(%
v ¢ v v 1

FUNadUeIIE Uy BPMRUY deyanus1unauilaainiiasnuaziinannnsgouiuluuLay

AR

\&u (Linear superposition) U8 IHANBUALBIUBIA QY UNAd2IuNInuan (Main track)
wazunInU19Lfss (Adjacent track) n3ee13nanlandygrue1una u leainwae 1ull

NANTLNUNLAAINNITWNTNADALUUABINRA (2D interference) F4AABNISWNINADAVDY

[

dauanwal (ISk Inter-symbol interference) warn1sunsnaansenI1awnsn (Tl Inter-track

o

a

interference) NSWNSNADALUUADINAY TNavNliauIsOULUDITZUU BPMR Aagadasnain

< 1 o 1
3.2 mautdsyanazingluuutaya

ToYANATNIINLUUT BRI UUNAIETIBWTT AN ¥ TUNTYINY Awansluning

3.3 N1591809N15119UY0Rsd gy 1al BPMR Luunaeiieiu e uiinaosduluszuull
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Nanuaa1uiienu laun undnuu (Upper track), unsnnang (Center track) Lay Wn3nans

(Lower track) Inedoyanounazgnideuasuudetuiinazgnimiuiietuidunaway uaz

' Y =

msiudeyaandesdygufigneunduaiietundugadmiulnadu

-‘Uppertrack =| -1 |=- -1 ==1 1 |=====-=--~- 13539 =< 08912 = =| 13114 | ===~
= Center track = 1 == 1 r=ed - |=m===cecee=- 05271 ==+ 10751 ==| 00605 = ===
- Lower track =| 1 I R S R R 10042 = =< 05332 = =| 0536 |= ===

AN 3.3 N1591889N715VN9UTDIYRIA IR BPMR Luutateiieu

lngagyinisasisyadeyanuseneulumeditay -1 nuneddn 0 uay 1 vunedisdn 1 lngae

LYY 1 v v

WENANUAIDRNTIAIUVOIN1EIA Y QYIUF DA ITYEYIUTUNIU (SNR: Signal-to-noise ratio) 7

o

o

FAUATZAUN 5 UAS 25 dB Feagyinisiinauiiaz 5 dB Tuudazasiveinisdnasstesdaygy
wazAeulinsawnsn (TMR: Track Mis-registration) Simn@ausuInyseaudl 0 audls 25 ¥
rihmsiiuduiiaz 5 Weosdus luisazass lnsazvhnisiiudayausnmuuszan SNR uay

TMR Usennag 100 Uden

msiudeyamienqueiiegisdiuuleaiulyazdwmalimsliausaoyuuinm

IS v 1

Ingyideinislaegnaunase Snadiengudiegelidnuiutdes winduvenuadnsluglves

q

[ v a

Woasidus analanadwstiundods aeduluidnerdnusiauiazyinnisiiudouadnain

Y

Hosdeyeyred BPMR Tiunniigawihinduldle wielvinqueiegisvesyadeyaivualngwely

o

'
a aal

NFIATIEN wazaTUUINRedlunanTYIeNadyg e N uTeyaUniiiuseansnn

nsadyedeyadmsulnduredunariueratiy danmi 3.4 nsiiuaaidnein
WUUT1809%03d ey Iad BPMR wuunaneiie1u lneagyinn1991a89n158 uA10aLuY 3
LY 1 v J o A = [ v o 1 < 1% LY J o a [ v o J
W9UlaeRI9 Ui NIIIREINUNITOUUNT ALY, FeudfdewiTnuIilun1seu
<@ v 1 o a [ v o 1 <@ 1 o 1 ¥ 3
WNSNNAN wagiaumiauvitilumseuunina 19 lngagyiniseuteyaiuguiuy

Lesesfiay 3 unin ndgmnsenudeyaindesdyaiauuy BPMR Aflnnnunuiuiy

a6



Y

1 14 a J <@ o a v a A o
a9 Mmyguteyatnluusazuninazlasudyausuniuantatiames [19], [23] Ndewai
Widyyaeunduvetoyadnilasulunesyssangnnas

1 1 F F2 F3 ! k|
1 1 P4 | P5 = ! 1
. i ..
1 1 P7 P2 PO ! k

Aﬂ' [ I a o 1 1 v 1
AN 3.4 NMFNUAATUAIINLUUINEBIYDIA U8 BPMR LUUNR181I91U

A o o Ya o & A

Tumsiiudeyadaiiodanlugedeyatiu {idudenfivsiiudeyalaesaues

Qe

'
a

[

[ '
£y a I

Hushumimdnvgiheuinmseudeyadaisn 8 T (e ndalngsevatunsa
dswasununiseruarinvesieule Tnelidyanunisinindenvesdygiuuuuadis lae
Afildsuazegludnuairraauninuunn 3 x 3 futausaziuvdsdaudiumisd 1 auia 9
(P1-P9) Tnevinmsiiiudeyadnantesdayyiunisduiinlususuu BPMR Tnefl P5 waneds

G‘hLmﬁmé’ﬂﬁﬁ’;éwuﬁwmiéﬂusﬁayjaagj o YausUU

ATUIUKAY AUIUADAULY

1222200 12

31NA15°99 3.2 reazidengadoyaiiviuandesdyyimnisduiinguuuy BPMR

T o

I3 v 1 Y 1

FHelevinisiiudeyanndesdyaalauiainsiivyndoyanguiioginuseiuveingds

Y

N

e

[y |

Feyey1ad (SNR : Noise-to-Signal Ratio) ASlASzAUNNAAT 5 U 25 WONTIIIMUNAIY
@& eaa

Yaymnserueenuenundn (TMR: Track Mis-registration) N15¢6U 0 U9 +25 WWSIGUANT

ANUTUNIUTRIR WU laLaus (Position fluctuation) s 0 AUD 5 1Uaswdus
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A1519% 3.2 MeaBeayadayaiinuandesdyaanistuiingluuy BPMR

Labels Description Value
SNR AAIFYIURD AT YYIUTUNIU fiAndaust 5 8 25 uduias 5
TMR Aeulansawnsn flendaus 0 89 +25 [inTuiiay 5
Position 1 fnusinaugguLUeInnan AnduUszans
Position 2 FruainAIuULYI0RRaN AnduUszans
Position 3 FrUainA U ULYDIUANaN AnduUszans
Position 4 FLAIUnAuggUDIUnan AnduUszans
Position 5 FULNUIVBIUAUEN AnduUszans
Position 6 FnuainAIuNVRIURNaN AnduUszans
Position 7 fwrslnauggatsvesdnuan AnduUszans
Position 8 sualnaIuanseslnuan AnduUszans
Position 9 A UainAIuI8 1900 ANaN AnduUszans
Target AUnntinnoutunn AR -1 waz 1

33 nImanuduiusvesdoya

NSMIANUFUN UV BYAIINNITATIUNUNINAIINTOU (Heatmap) taasneniy

v v

Aavdwuiug (Correlation) vasyadaya Lievhn1sAnwauduiussenitusaziuUsluge

[

foya anmsdaunanisaianueuniniiaiielu fuansdunind 3.5 wwuniwaudeu
anuduiuvossagiuUs aransaszyiirudiiusesiulstedanuduiusidauatu
Fusuldun dunvusdt 2 (Position 2) AU fuvad 8 (Position 8) Huafudiumedl 5
(Position 5) TnefiAavduiugogd 0.63 vilvanansaseyldinviumisd 2 uay 8 Tnadunis
unifurasdayalusiuniad 5 il nsfidnusisaesda daranduiusuansaanis

ANMUFUNUSAUTY NUNAINUIN FakUsNsaadivuldua lulunafelnu
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06
pos_2 - 39%
|
pos 3 1 & 03
poz_§ - 04
pos 5 - 25% ¥k 25% 38%
=03
pos_6 1
- 02
pos_7 - - % -1% 64%| =
pos_8 1 1k . 42% 01
pos_9 26% LRGN 42%
0.0

.p'..‘}ll .p'..‘} *? fﬁr ,d:‘*? *? .p;} .p,? iy s
& & £ 4 $ & & &

L]

AN 3.5 LEUANANNSDUANLALNUSVBILAaLFILUS

U U s U ¥ a o 1 v U 4 a o 1
nsmanuduiussenineteyataluiundandn (POS_5) fudeyadnludunislayseu

1 v

Taseviveyanigldrdulse@nianduius vouiusdu (Pearson product moment
correlation coefficient) Fadunisfinwinauduiudideidu (Linear relationship) 5¥wanesia
wUsaeass Idennasdossiu Ao fulsidesdonduduusdeiios ogluninsdunsnindu

(Interval scale) JulU wazdniswanuwasunfiasanuus (Bivariate normal distribution) Tae

- QQ( v v

AduUsEANSanduiusLUUeTal AvA10g5ening - 1 fs + 1 61 Whlnd = 1 vaneganudn

muUsisaesdianuduiusivegluseivunn ddudsyansanduiusiiandilng 0 muneau

v 6 v Y

11 fwlsneaasiianudunusiuluseautosnsoludunusfues WwIaanunguINay (+) a8
WAAIN ANIIVDIAUAUNUS T AFn T usuule fegrelaginaueinisulanaseau

v A v

ANMUFUNUSHF 9L

a9



A15199 3.3 SEAUANUANNUSYRINYSAU

Andulszansandunusvaaiesduy AUNUNYVDITEAUAUFUNUS
+0.81 - +1.00 fanuduiudedluseaugen
+0.61 - +0.81 fenuduiusegluseuas
+0.41 - £0.60 fanuduiusegluseauiiunans
+0.21 - 0.40 firnuduiudogluszium
+0.00 - £0.20 ﬁm’mé’mﬁuﬁ‘asﬂuizé’uqqﬁmm

[ a1

TnenAduUseandandunusasiasening -1 <r < 1

% [

I 1 ! = o % a v Y
A1 r suau Wam9IN X wag Y danuduiusiuluiianseiudiy
' [ { =] v v W a a [y
A rdunin waned X wag Y danudunusiuluiemianennu

J [ 4 ! 1 v v fw
Al r Lﬂu@]u&l WaneIn X wag Y lddauduiusiuiae

3.4 NSZUIUNTEINIUAANITNIUIBNE

[y

& o ° o A o = PN v = v & v a
ﬂqiLa@ﬂﬂmaﬂUmgﬁqﬂmLW@u’]ll']l%]ﬂﬁ\]u Wi%UUﬂquUWﬂeﬂayjaLLUU BPMR UUANBDILNYEYNU

(% (% 6

UM Iunsnaonssnineunsn waznMsunIndonssniddnualniinnuguunss Jdmwaiu

[

mseuardnveawninudn (Main track) 9ndademaninisdenaudnuausnfiauduiug

=

) o vaw Y Yo & N a - a v ' & ) I
YINULLAE N ﬁdﬁf\]ﬂiﬂwqﬂqilﬁ@ﬂLWﬁﬂsU']\‘]LﬂEJQ (Adjacent track) V]a@lli@UizﬁrJ']QLWliﬂ‘Viaﬂag

il lurmaaantilunisseuslugadnduling Feusegnouldieadudseansansiumig

vYa o o

= = o ' v YRR 1 = Y va v
1 - 9 uasidonunalaagvesdunanidunedul target Tunssuiumaseusyidelav
n1saislumanisduunyseinn (Classification model) lngagvinnsainglunanisisowg

Jurnuniainvainvatgdane3iy uazitnsiuTeuigulieanig 4 annisiseusLag

IS

Anduveslunaidsuuvuunnaneiu lagasiniswustoyaidu 2 dwuldun yateyaily

(%
[ o o

dmsulney (Training set) wuadu 70 Wesiudanyadayanivun uazyadayadinsy

Y Y

Aoy (Test Set) gnudadu 30 Wesiudanyadeyarianun dauandlun1sned 3.4 n15uus
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ungateya dmsurndulaznaaeulieg uadhnsunundeyanmualuaeduy Target
9110 -1 10u 0 Tunsidenlumanisdwunuseaniithanlglunisilinedu §ideldvinisuuinis

NnHuluman1saunUsennnavuneane U

a I o 1% ° o ¢
M19190 3.4 ﬂ'ﬁLLUQQWU?uEQWGU@;JUa a']‘VﬁUNﬂN‘ULLagWﬂa@‘UI@JLﬂa

o v PR ° 1% g v
uudeyanlvirniu uudeyanlvinasgau

855540 366660

A13197 3.5 Leananuanignldlunisiaduliaanisiiuiena dgaiaeunduain

o

Yoadyaaunistuiinteyaguiuu BPMR

lana

K-Neighbors Classifier

Decision Tree Classifier

Random Forest Classifier

Ada Boost Classifier

Gradient Boosting Classifier

Gaussian NB

Linear Discriminant Analysis

Quadratic Discriminant Analysis

Logistic Regression

GX Boosting

Deep Learning
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uni 4

HaN13AATILVTRYS

[
va o

Tuunilfidvaginsnanfenisuszendliluea Wonsiunenadnsvesaiending
fieenandesdyqialduszuy BPMR I@&Jmiﬁwsqm%auuaﬁiﬁmﬂﬂﬁﬂi’waaamﬁv‘hmuﬁuaﬁsw
n1sduiinteyauuu BPMR unldlunisindugaluing wazvinnisileuiiisuaussougaes
Twnasing 9 tngvintsudadonoondu 2 dau Tassudwd 1) msvssgndldinaia
nszvauMssuveaaiedunsaiislumadmiunmsinenadeyadniliiunanss nuvie
anveuANANFYLIN 2.) MTianadnsaugnaedluviuerateyadnveusazlina uaz

=) I
WIsUEUaLTIauzURluLAg

41  AsaselumagInsuNISNIUIgNg

a s a

lwingrinusiauilagyinuenar1infioanandesdyyrusuiuy BPMR iA3

¥ ' '
a

I a & A e a9 A ] Yo  a ° v ° v
MINLUWFUN 3 Thit/in” illesanyadeyanlasuiinainnisinasdlagldaunisvinlvya

Toyanfegiinunmaiwaznieuldnu saulidududeninssuiunisyianuareindeya

% s

(Data cleaning) uazaINNIMIAINFNTUSVRIYATRYa Uz Tade IovmAuduiusiy

Uadendenuiraulameinnlgdlunisesuis Uadefidnanivanssous vosasdygyi BPMR

' ¥
EJQQJVLEJ | a a =<

FaanauufgiudItelanuuluddgmnisuninaeauuuaesia Niinvulutesdyyiuidl

U

ANUNUIRUUEIRTAINANTENUABAINTULIIVBINTUNINADATI T UTUY D ed Ty Yol AW
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avlutna warviin1susuunanisnduluinan1835nsldlaidasnisfimes (Hyper-
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A15199 4.1 N1sSeuigUNaaNSALRAsINNNSIAUSLANS ANV UNERE MEAIAINY

walugh (Accuracy) wagilaidunisgayide (Loss function) vesusazlunaa

Tuna Accuracy Loss
K-Neighbors Classifier 99.6324 0.0403
Decision Tree Classifier 98.4029 0.5507
Random Forest Classifier 99.1294 0.0325
Ada Boost Classifier 98.3434 0.6071
Gradient Boosting Classifier 98.6538 0.0447
Gaussian NB 91.5276 0.2224
Linear Discriminant Analysis 98.5764 0.0561
Quadratic Discriminant Analysis 97.8791 0.0574
Logistic Regression 98.8359 0.0631
GX Boosting 99.4675 0.0841
Deep Learning 99.9126 0.0029
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AN5199 4.2 wadnsnsyinunenflaanaauiintuunsn (Confusion Matrix)

Classifier True False True False
Positive Positive Negative Negative

KNeighbors Classifier 184104 642 181189 725
Decision Tree Classifier 181726 2752 179079 3103
Random Forest Classifier 183119 1517 180314 1710
AdaBoost Classifier 181603 2861 178970 3226
Gradient Boosting Classifier 182211 2321 179510 2618
Gaussian NB 168366 14601 167230 16466
Linear Discriminant Analysis 181575 2999 178832 3254
Quadratic Discriminant Analysis 180796 3786 178045 4033
Logistic Regression 181289 3295 178536 3540
GX Boosting 183195 1450 180371 1634
Deep Learning 184554 255 181576 275
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A15199 4.3 WIguwigua Precision kay Recall vadumaydanasiia

Lo Precision Recall
Bit 0 Bit 1 Bit 0 Bit 1
KNeighbors Classifier 0.9965 0.9960 0.9960 0.9964
Decision Tree Classifier 0.9851 0.9829 0.9832 0.9848
Random Forest Classifier 0.9917 0.9906 0.9907 0.9916
AdaBoost Classifier 0.9844 0.9822 0.9826 0.9842
Gradient Boosting Classifier 0.9874 0.9856 0.9858 0.9872
Gaussian NB 0.9201 0.9103 0.9109 0.9197
Linear Discriminant Analysis 0.9837 0.9821 0.9823 0.9835
Quadratic Discriminant Analysis 0.9794 0.9778 0.9781 0.9791
Logistic Regression 0.9821 0.9805 0.9808 0.9818
GX Boosting 0.9921 0.9910 0.9911 0.9920
Deep Learning 0.9986 0.9986 0.9984 0.9985
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Abstract

The Bit patterned media recording (BPMR)
system is the new challenge technology for the
magnetic recording systems to be produced in
the future. The readback signal of the BPMR
system included 2D interference as inter-track
interference (ITl) and inter-symbol interference
(1S]) to decrease system performance. Therefore,
the data of these readback signals were
interesting for finding the new model technique
from machine learning to analyze about
characteristics of the actual readback signal
without ISI and ITI. Previous work used the
machine learning technique to describe the
readback signal of the Two-dimensional
magnetic recording (TDMR) system. The TDMR
is one of the new challenging technology for
magnetic recording systems also. Therefore, in
this work, we would like to use the machine
learning technique such as K-Neighbors,
Decision Tree, Random Forest, AdaBoost,
Logistic Regression, Deep Learning, etc. A
classification model is used to predict the actual
readback signal output without 2D interference,
track misregistration (TMR) and position jitter
problems in the BPMR system. The new models
can predict and perform accuracy percentage
more than 90% from all models in the simulation
result, especially in Deep Learning, can achieve
higher accuracy than 99% and lower loss.

Keywords: Machine Learning (ML), Deep
Learning, 2D interference, Track misregistration
(TMR), Bit-pattern media recording (BPMR)

1. Introduction

Currently, the machine learning technique is
applied for data analytic to improve the
performance system. As same as in the magnetic
recording system that included ISI and ITI
problem in the system. The Bit patterned media

recording (BPMR) is the new challenge
technology for the magnetic recording system
produced in the future [1-3]. In [4-5] proposed, a
Two-dimensional (2D) magnetic recording
(TDMR) can be analyzed with a machine
learning technique to improve the performance
system.

Therefore, in this proposed method, we
found data of readback signal in the BPMR
system included 2D interference, TMR and
position jitter. It is exciting to become analyze
and apply the machine learning technique in the
BPMR system. In the machine learning
technique, we focus on several algorithms that
can perform the classification model to predict
the target of readback signal data and offer the
label or classification as a binary result, +1 and
-1. Then, this work begins with studying the
readback signal of the BPMR system for
preparing the data process and using these data
for sending to several algorithms as our focus.
Finally, we compared the model of each
algorithm and described it in accuracy
percentage. We founded all algorithm accuracy
more than 90%, and these results of this proposed
method can be used in the BPMR system for
improved performance in the future.

This paper is organized as follows. In
Section II, the BPMR channel model is described.
Section III explains the proposed method with
data preparation. The simulation results are given
in Section IV. Finally, Section V concludes this

paper.
2. BPMR channel model

For the readback signal output, we generate
the discrete-time BPMR channel model equation
[6-8] as depicted in Fig. 1. The binary input
sequence is encoded by 5/6 modulation code to
reduce the initial 2D interference problem. We
used multiple read-head (3T/3H) to readable the
primary bit and surrounded bits signal from the



BPMR channel, which was all track corrupted by
additive white Gaussian noise (AWGN). the
readback signal of the data bit can be computing
as

T = Zzhm,n‘xlfm,kfn +n,, (D
m

n

where x; ’s are the recorded bits, hy, ,’s are the
2D channel coefficients, m and n represent the
time indices of bit in the across-track and the
along-track directions, and nj, is an additive
white Gaussian noise (AWGN) with zero mean
and variance 0. BPMR channel coefficients hy, ,
can be generated by sampling a 2D Gaussian
pulse response at the integer multiples of the bit
period, Ty, and the track period, T,, A is the track
misregistration (TMR), Ay and A; are along- and
across-track location fluctuation or position jitter
according to

h,,=P(nT. +A, +A,,mT.+A,) . (2)

m,

In practically, the BPMR channel coefficients
hm n can be generated by sampling a 2D Gaussian
pulse response at the integer multiples of the bit
period, T, and the track period, T,, according to

p(z,x)-Aexp{_éK’“;\M +(2+:V+Azj }} (3)

where A= 1 is assumed to be the peak
amplitude of the pulse response, PW, is the PW,,

of the along-track pulse, PW, is the PW,, of the
across-track pulse, PW,, is the pulse width at half

its maximum, c= 1/2.3548 is a constant to
account for the relationship between PW,, and

the standard deviation of a Gaussian.
This paper focuses only on the data of the
readback signal 7, for /e{0,+1} from the

BPMR channel model before sending it to a 2D
Viterbi detector algorithm. In the value of ry is
coefficient value for representing estimated
binary bit as +1 and -1. This proposed method
uses the coefficient of ry; for preparing the data
before sending it to several algorithms of
machine learning [9-11].
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Fig. 1. A BPMR channel model diagram with
the rate 5/6 modulation code scheme.
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3. Proposed method

In this proposed method, the data of the
readback signal is prepared and used for creating
the prediction models as Fig. 2. In the data
preparation, we prepare the dataset from the bit
readback signal, 1, of the BPMR channel. It
embedded the signal-to-noise ratio (SNR) level
between 5 to 25 decibels (dB), TMR level
between -25 to 25 percentage and position jitters
to 0 to 5 percentage. In (4) and Table 1 explain
the position of data preparation. For example,
with preparing data of x;, and r;;, with SNR =15,
TMR = 0% can be prepared data as

12590 1.3623"  -0.9293"
he=[-1.0125"  -0.0409” -1.6620"
19078”03522 10118” | . (4
1 1 -1
X, = -1 1 -1
-1 1 1



Table 1: Dataset schema

Dataset of BPMR
Label | Description Value Example
Signal-to- 5,10,15,20,25
SNR noise Ratio in dB > dB
Track +
TMR mis- (0,5,10,152025} | 0%
registration in %

POS 1 Bits p?sition coefficient 1.2590
pOS 2 | Bisposition coefficient 13623
POS 3 | Bisposition coefficient -0.9293
POS 4 | Bitspositon coefficient -1.0125
pos_s5 | Bitsposition coefficient -0.0409
POS_6 | Bl position coefficient -1.6620
pos_7 | Pitspositon coefficient -1.9078
pOS g | Bitsposition coefficient -0.3522
POS 9 | Bitsposition coefficient 1.0118
Target | Native Bits -lorl 1

The dataset schema showed in Table 1; we create
the dataset by collecting data from the bit’s read
back signal of the multi-read heads. The dataset
consists of 9 coefficients in each position, and we
would like to predict the centre bit value at
position 5. In the data of all, we generate the
dataset of around 2,500 sectors for the training
classification model. Then, we generate the
dataset of around 1,000 sectors for testing the
classification model. A 1 sector equals 4096 bits.
In this proposed system method, the dataset
testing schema is the same as the training dataset.

pos_1 -

-

pos_2 - 39%
~0.5
pos_3

pos_4 -04

-03

-02
pos_7 1% -1% 64% pidag]

PP 15 "85 1% 64% 26% 42% Lo
64% 6% (R I

- 0.0

KPR
& &S & & E
Fig. 3. A heat map correlation matrix to compare
the correlation of each variable.

We plotted heatmap correlation matrices for
exploring the correlation of each feature, as
showed in Fig 3. We focused on features that
highly correlated with bit position 5. Based on
our finding, the heatmap indicated ITI and ISI
position is the highest correlation with the
primary position or data bit position 5 and
represent the percentage of heatmap as 67% to
38%, respectively. When we prepared the data,
we used these data. We sent them to the
supervised model as K-Neighbors, Decision
Tree, Random Forest, AdaBoost, Gradient
Boosting, Gaussian NB, Logistic Regression,
XGBOOST and Deep Learning to generate the
new model to predict the estimated recording
bit £, .

4. Simulation result

This work proposed a new way to detect the
estimate record bit from the readback signal in
the BPMR system. The prediction models were
created through various machine learning
algorithms. In this work, we focus on a binary
classification model of supervised learning. The
binary classification is the task of classifying the
set elements into two groups that mean the output
on our prediction model can be only two answers,
-1 or 1. We created multiple classification
models for comparing the performance. The
results of comparing models are shown in Table
2. In the simulation result, we found that the
accuracy percentage of all models performs high
accuracy in predicting over 90%. Especially in
the Deep Learning algorithm can offer an
accuracy percentage of around 99% with lower
loss. However, this technique proposed only
predicts the probability of the readback signal. It
can not confirm the performance in a practical
use system. However, we calculate the BER
performances from the processing of Fig. 2 by
comparing between x;; and X;, without a
complete conventional system as Fig. 1. This
research can offer high performance at the Deep
Learning model as Fig. 4. In this work, the
coefficients of the data set included all SNR,
TMR and position jitters levels for training the
classification models. Interestingly, this work
can perform the high accuracy percentage
performance of all models, especially in the Deep
Learning of a neural network.
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Fig. 4. BER performance comparison of different
models separated by SNR levels that added TMR
with position jitter problems.

Table 2: Accuracy percentage

Accuracy percentage by models

Models Accuracy | Loss
KNeighbors Classifier 99.6324 0.0403
DecisionTree Classifier 98.4029 0.5507
RandomForest Classifier 99.1294 0.0325
AdaBoost Classifier 98.3434 0.6071
GradientBoosting Classifier 98.6538 0.0447
GaussianNB 91.5276 0.2224
XGB 99.4675 0.0841
LogisticRegression 98.8359 0.0631
Deep Learning 99.9126 0.0029

5. Conclusion

This work considers the 2D-interference,
TMR and position jitter problem, especially
TMR and 2D-interference known as ITI and ISI,
affected the performance of the respective
classification model. We use the readback signal
from the 5/6 encoding on the BPMR system to
reduce the ITI and ISI problem severity and
improve classification model performance.
Finally, the Deep Learning of a neural network is
the most accurate predictive model.
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