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ABSTRACT

In contemporary hard disk drive (HDD) manufacturing processes, after the
assembly of the HDD from the production line, a series of diverse calibration procedures
are necessary to ensure standardization. These include capacity calibration, which
determines the storage space in terabytes (TB) presently available, and flying height (FH)
calibration, which evaluates the distance between the head and the disk by applying
electric current to the heater coil element to achieve the desired FH, thus optimizing
the writing and reading performance and tailoring it to each HDD. Additionally, electric
current is saved in a digital-to-analog converter (DAC) unit for the utilization of a
read/write head, while a preamp collaborates with the drive firmware to convert the
electric current in the DAC unit to milliwatts. In the present scenario, multiple
calibrations of flying heights (FHs), specifically flying height 1 (FH1) and flying height 2
(FH2), are performed. Each FH calibration requires a testing time of approximately 5 h
owing to the separation of measurement points into 240 locations across the disk
surface, referred to as test zones, with a total of 20 heads. The primary objective of this
study is to reduce the testing time by using a combination of deep neural network (DNN)
and particle swarm optimization techniques to predict the DAC profiles of FH2 as it

approaches FH1, where FH1 is the input for the DNN model.
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nsifisUsEANEA1NNguayAA (Particle Swarm Optimization : PSO) Husane3i

n1823afn (Meta-Heuristic Algorithm) sinl#lutlgyninisuiA iz ianuuuuendu

(Discrete) fioLilas (Continuous) warwuuNaunay Tgguniswauindasnlag Kennedy lay

Eberhart Tud) 2544 [19] Tnglaussdumalaanndnuagnisiuvessaun Tuusunves PSO lugdu



WesenIeunIa wagnsTiNmvedegiunivuaisendi g wuiandnlu PSO Feusazeunia
a v LY < . LY & P I & 1 Aad LY a o
fiausingaiuamsa (Velocity) Jagduwintu dafiadunmsidiangavesduiesivinlaly
afn (pBest) waraunialanangaainnamualulagdulug (gBest) lunsuginnase udag
aun1AszUsuASludnvauzidumislniozlndiu gBest waz pBest wnTulunanfeaiu
(7]

JUT 2.5 tleynadumemanvesinaueailendu [22]

9 9

2.5 MuTENAEIteY
Dakroub et al [1] 3¥n15inArmgenistuvesieu/dsuioatslusindanugann

a 3 6]

Qaﬂ'13ﬁuéi’m%’u°l%1umsi’ﬂmmqamiﬁummﬁaémﬂﬁauﬁé’mﬁuﬁﬁumanmmaaﬂﬂlmw dnyeyad
Bouanuvasasigniluldfuesddsznouvesiienu/dou aauuudimdnndndssdiu
AUINBUMANAATTRIAUTENBUAMNAUNIUANILLUWMANYDIRI8 1/ T ud A uauIunand
wimdnaisdygmanuuswesaumEIduYME IwuAatingy sw/ATsurzassluduuy
\fieanAUMUILILYBIEINAUINWIMEN AN O s?iaaiamaiﬁuauwﬁgmaaé’igfyﬂmmmLmﬁuaa

AuNANaY LaUNGgnfanawedyyIuaNRsIvesaINasgnUuTisululusindaugees
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JUN 2.6 (n) YusesiuuwresRaniasinsauiuauadun1siu (v) yuuesudiavewing
Weunnaawinaulunisiu () ﬂ"]mmufﬁqLstaaaumLL;J'mé‘ﬂlﬂ/\lﬁ’ﬂuszoﬁ’ummqﬂuﬁaém/

Weu [1]

B.C. Schardt et al [2] waflalnilsunsfauniiiotansivasunasnugewesnistu
serismemanusigdlusdnadlasiivhauldodisauysal lusgninesnsmansiasunas
mugslunstuvesiisuiToudunainanmsidsuilasimnsuazanuifwesnsinaves
81n7elA Air Bearing Surface (ABS) n1sUszynalignnisgeyideszuennaioaiay (Wallace
spaceing loss formula) fUlesMAAgeanvesdyaatuiinuinaniildunilediuiduuns
nszmiensviduiiuguresisniet 33d8ueddis inmumisosnsudugnudunisiiionis
Truusiazuntn deyauduilfifeaumuulsiuresoundgpuesdyanuivins undu B
LﬁmmﬂﬂmmqﬁuizmaqﬁumLLazmmhjaﬁwLamamaaammLL;J'mé‘ﬂﬁumﬁuﬁaaaﬁ LATADILTIINN
nssifunsdumuiazasidauninluiundaduseuisiunnsdisiy N13NAIAAILOUNEY
avanifisufuiwmidituunsndmsunsdumnaeiuai i lilsindeeanisUdsundas
ATavEUYeNILUAnAaTRnonTEar LY vasunn snumsauonnagaas Tslidunini
ssuidetmuninemzandusinuguinananielu (D) luSadusiugudnarsnneusn (OD) ved
Aaragmiouduiildunszninsfians OD fe 1D mMsvneLounagaiviliansndunay
LANAIIUBIAIINGIV09N13 Ul TEnIN9a1uNSEiveIN15AUA 1D 83 OD, N13AUMT OD 4 ID
wadanstadannsoutlonisiwdsuammugeeanmsdulauniing 0.05 fuldesaindede

mMaUseuiisuteyafiintiiunisdnass Air Bearing 1¥sduaviagniiaue
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10
.'f'e ®
08 F T
> * -’
.: . .\.' - Vo
06 2 . .. se' e .
* - 'v" .. 'v. ‘s
04 v':." ) i '.:':'.w 'v"'“v'-..“
" M ' ":}
- wve
E 0 2 ™ "' i e
-8 - v
T 0.0
u
o]
02
04
+ 1D->00
06 - » OD->ID
« 5 0D-ID
08+ L == ABS Model
1 ~ = 1 1 1 1
08 1.0 1.2 14 16 1.8

Radius, in.

& o [

Toyaninle EuiuAoradnsveIN13T1a8e Air Bearing 5811319M3AUNT (Seek) 38%ing ID fia
OD [2]

V. J. Novotny [3] imafianssrydnwasusimdnuuulnd i sunisimundudiensiaey
izstﬁwuaaﬁaém/L%uLLasﬁaﬁ“i?iquﬁ%ﬁqﬂizijmiﬁum (Seeking) N1938A (Parking) Way
sginsduagifounaznisnszunnlumaiien medaiondonisiausundgausininues
gﬂqummﬁﬂaﬁﬁ@auumm%ﬂ (Track) NNIUNTIkALAINNITBUAIBANTELAR (Graycode) uag
wosludsa (Sevo Bursts) Sguinen1sfummzensaen deyausimaniildsuszrintsnsdaunsn
wimdnduiuazgniasizi Meveiuidouvedlasiuuumdsniuazuunilnddaiin
(magnetoresistive) 181w/ Tsuradlnsiieenwuuniegamluluuan1sdumund asianuay
AUNIUVDITEHZUNNTEWINITIDU/AToULaZAEN +/- 5 UITUILAT AURUNIUILIA TNV
szevissEnieiie W/ doulariangnasianuiiuasadiou (Crash Stop) karnsenTiALLE

WU 0.5 m/sec
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1 _____,_-,..----;<---.J. 0
>
T30
S 0.75
gr s‘~\-\ 1
s 05+ . T 160
e S
9 -\.. P —
7] - E
x 0.25 T \s\-m 5
g Hard Crash Stop o
P £
2 0 S
< [-%
s (%)
° -—
- 3
u —
* 1 J.b- . % em—t-aa-ig 2
g J»—-—-o— ----- o T e, 'g'_
@ | DI RO
= 075+ NN\ v +30
H B A .
- 05 + ~~~J60
0.25 + lao
Soft Crash Stop
0 t = —
0 1 2 3
Parking Speed (m/sec)

=

sUN

v

2.8 tulunsiagn s MLARI DT ULUFIUNLAYA1NUBILBUNGIATININGIEAVDIIMANTY

a

(3

g

JAN WAYTLUTUNTENINIIDW/eUnU

q

fen

a 1% v = L3 <
Naennassiy Feduilsndurssanusilunig

ISUAUNTIDANRININNTIUAU a. hard crash stop waz b. soft crash stop lulasiuuin 95

Taawuns [3]

J. Y. Juang et al [4] e13alasilfifialaino$ (Sliders) w¥oun1sarUANAINLEINITY
(Flying Height) ﬁi%’muaa“iimﬂ%’mimmaé’fw’f’n&Jmm%fausuaaaqﬁﬂizﬂaumm%famﬁaLﬁﬂsﬁuizi
unsniithanflusdesost wuansitsaunsosaensfeusuamugansuuuasd
warUsIaMITUTTNG 3 wiluiues seritemsiduniseuidou DL TRHIRTIEAREE
Fesnavnuulidduresituiinuindnuuudaindmiunissiasiiudugivesdiuiby
penniivanetn (Pole-Tip) LLazwaﬂswwiam5LU§auLLUaammqamsﬁumdéfamawhqs] WU
fgamailasigedu dolaldBnmes (Heaten vidossviadou wuusraosdsnluealnludios
Wud (Finite-Element) wuulwin@snanisaaruiou (Electrical-Thermomechanical) vodla
masuaz Full Air-Bearing Solver wagsaudsdau Pole-Tip Tindouiu uazdlawed/fadiidssy

U

A1/

(%
Y

\H8991nLIPUBINA L51E@1NTaAIANITAINITEmesanA a1 sadalade s (Wu AT
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38 /mITeuvesangenstu [slildndusenuniunnssfiudmivgamgiives, msvie
vesBmAes wavsywinnaden) wenani daihaueisnmaassuulmldmnsunisindnd
fusenuuarlusivdinainvessyaginsdenuasBonsefudtanson (Angstrom) nadnsuas
wuuiaesazgnihluiSsuiisuiudeyansmaassmeldievlunmaaeusineg Gauandliifiui
Housneq sghewemdon 910334 ansaUsyfiusaziiudsEansamnisesnuuudnines

P UNTEU LAz ABS Mumns1aiuldagasinisi

E O
£ Reader Writer
8 -2
o
| =
£ /4
7 P T A |
8/ .6 | = ==Simutation |
g | =—Experiment)| =z~
T .8
2 o
Q
APIZRN M NC D/ W7\ L3200 2 il W\
-50 -40 .30 -20 -10 0 10 20

Distance from Substrate (um)

5U# 2.9 mswSeuiigunisilisuidassseeiiesenininisiasuazrnsinaugani siuiuy

aauRranelaan1Izn1soU (Thanuseu: 65 mw) [4]

U. Boettcher et al [5] wuuiasslauiinvedesdusynaudnimes (Heater) Ay
lunsauauaugaresnsiunganuieu (TFC) Tualames (Slider) vesensnnanlasilasu
nssryuarlddmsunsaunuanugaresnstunuulauniin deyanismaassiildsuainusiu
nauuazdaneIiunisiuimlvalddmiunisssyuvuiiasslaurinuuuailssoiiles
(Discrete-Time) ¥04fNT2AUAIINTBY (Thermal Actuator) m'u?LﬂﬁauLLUaﬂﬂawmqamaaﬂWiﬁu
Yolfaoe3s lagldtoyaveanesludsa (Servo Burst) Mifsuasuuiuinfaiuaslideyafifouly
WwAna$ (Sector) Tayaintu Ian1sdsuntaserudiunuvesiansefueufeuniusedy
wdanuideudun smunuuiaesnanliseidesiiszyveaaienimnuieutasnsldinaians
USulimunzaunewand (Convex Optimization) wHun wnsAwIadbdsuNsauasiiolililys
Inddunadouivanzandsieluinadusznauiihauieu Fsannsiuasuutasanugees

nstudwaganunsaldauaiugslunsduei



z
Resistance heater
element
y X

Thermal protrusion of
the read element

Lubricant

(n)

()

14



15

Servo
0 sectar

3.5 V bias, 2V step
4.0V bias, 2V step
4.5 V bias, 2V step

\, [nm]

(A)

Ul 2.10 (n) endndarlasiuazamoswudnadiurneves Slider n¥vuesAusznauidumy
vosiarufeuiionianuuargeIn st LFeu () wiuiansRarsdans
VNABINTIVYY (A) N13eUauRLUUlnEnvenugdlunsTuduiusiusydunsBuns
wssdulylihilagldiannastona (Data Secotrs) AdnTnsausegiuseaniuna 380 kHz

warLUUINaDd 2™ order TogUseunas (WEuiiv) [5]

W. SHI et al [6] ﬂ’]iﬁ]ﬂﬂ"ﬂﬂ’lima@l,am (Modulation Recognition) Wuaeundnlu

[

szuudeansliaevanssruy TINfIngdeaiskarnIngIndyga ANUNAINVaNEYed
sUuuuMIsHegankaraNduteuiifisturesaninuindouresdyaashliiinudeanisi
qﬁu&[,umﬁzqéfigwﬂmma@Lamﬁgﬂﬁaa n15138u31398n (Deep Learing) Aoidunisoenilil
Fnennlunisuidaywinantl iesrnanuanunsalumsuszananateyavuialuguaznis
Suuntssaniwiiont sAdeidiaueBnsandnmueganuuuAiraiiiszavsnmlaedn
muuuusaedaseUsramiiendedn (Deep Neuron Network : DNN) wenanil isthuae

danesnun1siiulszaninmnisiunguennia (Particle Swarm Optimization : PSO) LiaLiyl
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Usgandninn1smanuiulnua (Nodes) vosdalauiaieas (Hidden Layer) voalassinguseann
Fieudedn ieustaymillassedssamiionddnsuiuuaziuulvusvewedanuaees
Sudusestmundesues luuneuil 511438 PSO-DNN flauoifleouidnuarduyaameg
lanfiuiialag additive white Gaussian noise (AWGN) wagifiatinia3etng dsanansnuiulss

[

Usganiamnisansinislddeulvredugaivesdnsdiudayainsuniu (Signal-To-Noise
Ratio : SNR) mamﬁmaaqLLam‘[,ﬁt,ﬁudwé’mwmaﬁaﬁ’waaé’aﬂa%ﬁmﬁﬁsﬁu 9.4% uaz 8.8% iio
FauAuisnsililaseneUszamiilondadnuuuifiuiay Support Vector Machine (SVM) e
SNR Wiy 0 war 1 dB MuEFU uenani Msvaassdufiuseuiieuiu Genetic Algorithm
(GA) Ssiigauiliifuindanesuilisnauetuiivsydniamannndalunisusulassingyssam
Fenddnlimngay S8nsiiauetiuiedensilulfiielrienalunswauniinirevnduy

N159A9INTUBALAN

|

|

|

| ] :

: Bunary bit SpH ’{:;l_:.}'t«.‘ | l ' d Fealuges 24 Features

" stréam ) ) |(,Q.:«_M_}.-I "‘A“‘-'N ,.'r.,.{ Extroction Normalization | 1
| \

|

1

|

{ g i N1 L
—~ —.‘c-iul\_m‘f—-fl INAN, ’
|

f

| 256QAM

PRSP ——
, - ’
> -
%
0
E .
;==
. -
i—.-]l.;m. Ot prat .:‘
4 Z ot & 8WM
9 NN
 — e PO DINN
 S— ’ ) | |
SNR (48)

UM 2.11 uwndalpgsaumaiadseannamnisdungueuniasiuiulasaiigussanniieudadn

dmIUMTINTINTURAEALUUATYIA [6]
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F. E. Fernandes Junior et al [7] laset1eUssaifionitedn (Deep Neural Networks)
lesunsfigatudrinfiuszansammilenindanesfiunisiSouiveiaies (Machine Leaming
Algorithms) wuugadslunsuidamilulanuinnuduass egelsiny Tasereuszamidioy
dadniiuszauarmdidaniigniugnaiiadudededudFusiu Tnedddsnmuaiuives
Jaum Fnsiinldnawazndnenslunisuinedisann luuddei sauesanesiiuuuu
Twifidsannsifindszdvdamnsdunguueseunia (Particle Swarm Optimization) #4150
giimniulfesimnsuileiouiisuiuimediannnsdug Wedumaninenssulaseaie
Usgamiiioy (Convolutional Neural Networks) lag daludfa115usuaunnIn (Image
Classification) @8 psoCNN fenagnsnsitrstauuulnilaonsasazsasidunsanuilasu
msanfuiielamnsolinsfinssansnmnisdunguveseymasandudumanidnenssy
IAssUneUsEamMTTBnlAeg 1 ANE aU HANTNAADITOUSILERASIALTALIT psoCNN @11158
Fuvnandnenssulaseieyssannifleniinliosnesnss Sdiszansnmidaunmiieuldsu

q

A15PONLUUNAIALE

Layer Type: Pooling
Kernel size: 2x2

G CI P FC EC

_—-’__---_-_- ;\-.
{ Layer Type: Convolution \‘ Layer Type: Fully Connected

Number of output feature maps: 128 Number of neurons: 10
Kernel size: 2x2
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Velocity computation
Conv/Pool layers FC layers
geest-») 0 [0 |0 |E]a] O o
T T T Legend:
u’%:.%]:;:,“’ 032 064 082 011 033 0.76 0.3% 087 056 Convolution layer
T l IE Pooling layer
(pBest . P) 0 0 0 0 E] Fully-connected layer
IE Do not change layer
Final l l l l i l l l l Remove layer
|
Velocity 0 0 0 g'w 0 | 0 0 Add layer of type L
()
Particle architecture update
| Il —?_‘ | Y, —P“ o LF Legend:
VeIocnty l O_ 9 ¢ __0 4 '(1 9 | 0 O Convelution layer
J l l IE! Pooling layer
Particle C P P C C P F Fully-connected layer
[ @ Do not ¢hange layer
Updated L ]’5 L Remove layer
{

Particle - C o P F Add layer of type L

(A)

JUT 2.12 (n) MunuveteunIAfeITuLaue psoCNN (1) Fa819NIATLINAULSIVEIBYNA

Wl (A) fegnsuivussantdnunssuveseynia [7]

B. A. Garro and R. A. Vazquez [8] n1seanuiuulasedieyUszaviiisy (Artificial Neural
Network) LHusuiidudeu ioindssdnsamiuesfuanidnenssy faifunmsaglouiiden
wazdaneifiunisdouiilflunistingaimdndunuuin (Synaptic Weights) Tuauided 151
tiaueisnsiteanuuulaseedszamiiioulassnlud@lagldsanessunismaunuiziian
g mIunqueyniA WU Basic Particle Swarm Optimization (PSO), Second Generation of
Particle Swarm Optimization (SGPSO) uag PSO wuudrasslmivesnsmanmnzfandmiu
ngueynIAiFend NMPSO assvansedaneisumariidenisimuiesdusznaundna

Usgn1svedlasstigyszamiien gavesdminduwudsn n1siweudenseandnenssy way
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flafdunsaeleudmiumadussamusardu dnsaueiliduiinaiunnsefuuuailaddu
WevsziiunumngauveusaslegiunagAumniseanuuuiiadian feddumardsmudn
Mean Square Error Wy Classification Error wazldnagnsiiendnidssnisinuiniauly
(Overtraining) wazifieansuunisionselulassisUszamifionfiosnuuudaeisnisiaue
5uﬂzgﬂﬁw1ULﬂ§auLﬁauﬁ’uﬁaaﬂLLUUG’T’J&Jmumﬂmalsi?é’aﬂa'%ﬁmmﬂ%‘auﬁ Back-Propagation

'
a Yo v

WAz Levenberg-Marquardt #133n1uA qmﬁwﬁf ANUKIUE1vRIsNTATgNNAa UM dyrInig
ﬁ‘hLLuﬂgﬂLLUULLUUI;JL%QLé’uﬁLLmﬂGmﬁu

P. Konghuayrob and S Kaitwanidvilai [9] a1udesnisaruglunisdafiudeyaiiuiu
9819110 AnanAlulad Heat-assisted Magnetic Recording (HAMR) LualdiANN@eIn15u99
g$anarlasil (Hard Disk Drive) mansalinAduMuILuresiufiosussaie 10 Thit/in? Aowd
2020 mmmmLLﬂumaqﬁuﬁﬁqﬂdwaﬁlﬁLm%ﬂ (Track) wAvad Feroudabarenissuniuain
ABUDNIINTUFYITUNIY agm’frfluﬂzy‘vmmwﬁmmgm%aﬂmﬁaaﬂmeauimaLﬁ@%
(Controller) fiflaausiugrasdmiuauaunalneaiia (Servo) vosensanardiasil uanaini &
Fasmidadenniliuiusuagafussuulutunounisesnuuuneulnsamesse muideiliaue
wa3n v-eap Madeniifiuszansninduienteatt He loop shaping wlevhldueinesiosd
AoEd (Voice Coil Motor) adeslusninfarinsineldaniwanuliuiueu nasiinyszansan
A159UNguoYNIA (Particle Swarm Optimization) gniunlfifleandesinaszwitsssuuuay
aoulnsalaes Heo Wazszuuifidndsmuny 3 mds wiufiazldnoulysalans Hee WUUsTILANT
fdfugsdeiilnseaindutou uiteildasuneuinsaiaasiininiifaueniu v-gap &4
wangaunilunsiluldnuaie Ussdvsamuazaiununiuvesnsulnsamoisansazgn
WisueulunsAnunissnaes nadwstududnuneiindronastuvosneninsaaeaoduns
Y8INIAANUUTLANE AMUAZATSRANISIUMIL wana1nd saliaadosvesssuuiisenin
Stability Margin # 0.472 wasileulunsnadeunisniuvesssuududuiifennuududuas
Usvandnavesneulnsaiaasiitiaue

T. Lawrence et al [10] n1seanuuunisaumantnenssulassineusyainiiion
(Convolutional Neural Networks) faudiFusuidunszurunsilinaudsieddfideimg
anzenu luvagiifinisauesanesiunsaivantinenssusnlusi@ nagnsnisrumlnesialy
ﬂﬂ%’mﬁﬁwmm%uqaLLazLﬂﬁaw%’wmm '3%ﬂ'1317'iﬁagjé’ahﬂaiﬁﬂaz%w%mwLﬁsmwa wazdinay
ilugleguiliovmnzan Tumuideivoauonuuassmifildnafiudssansnmmsdungu

aun1A (Particle Swarm Optimization) dwsun1sassanUnenssuidednivednnisiuaauy
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meday lwgdunisidnaueysznausigesduseneulydaiudiu Usensusn n15euEuna

a qu'dd’

gnsmsdnsanungy FalsduladerneuftRnunumna foanavgaiase Tasianzog1sds
Prgliiulaldinduunguannsausuldnumnanmiitoudn Mmenssidadwiungs 151
ansnUfumnuivesnisdidunismungudnfusunnmiitoudunld demnil Ja8usy
GT']Lmu'qLLazmmﬁqaqﬂﬁuaamﬁﬁﬂLﬁumiﬁqa?ﬁ (Pooling Operations) 3sdsnaliantlnenssu
isetnegndeaane tnglisndudesdingnisaiuauiidudouriiafu Usznsiaes finsaia
nalansduinnaaalnl Geatrsaandnenssuaiovisluilaenisszyainuunnsiisreanis
AvuaAA3etendn Usznisfiarn nalnnssuiamsaunidlalngldainusadaanimin
(Weighted Velocity) fignfinduiu fenalnnisuiulssmnmiumazsunisagsiuisainm
aganlifuuvyitaesdildnisifinussansammsiungueyniafiauslunisdumsmumiismss

NaNVBINAITVDIBUNIA VN LA TARaNUAEUTININNITNTEINLAIULASLALNITLAIIY

= v a

Wulandu isldyadoyanianiud 8 4a laun Convex, Rectangles, MNIST WagfiaUssin49
dmSunsUssliuluuIaes wuudtaetinsiiuyseansamnisiunguayniaiuaued
ANULNUEGLTNTURS 7.58% wazansiununisAwanlang 63% Lilawseuiieuiuisnsnviuade

Tutlagiu

Data set The proposed PSO variant

$00£03000BFTADLA5 0046
IR RBY R NI "

IANEL

Input image

5UT 2.13 amUnenssuszuuiinaue WeNansananyadeya aun1ATILIUNIRE SEYmUMI
Tumangnifeniifivssansangeanlaednludd lnglasuanudiemdeannagnsnisidisiawuy

Tyl gUlUUMIAMUINTEEEINUe0UN1A AREAIUTURBUNTSUIRRMILMLsUUaImTn [10]
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A5ANHUN15Y

3.1 ynaulavainisianistiuvesinanu/ ey
nszvIUNsInANugwesnnsluvesiieu/deu Aonsiitidesnisinddududadl
wihedu DAC andrulateveswesiiew/idounndsuniafiionin Tareet Flying Height T

90 B A9ty A fie Thermal Protrusion Mksnaulaluandded definiaeilu DAC duandlugun
3.1

Point of Interest

A : Thermal Protrusion (DAC) \
B : Target Flying Heicht ) /4 Z_ﬁ‘

— - N - ——

s

=

Disk
5U# 3.1 yaaulavesnmsiansiuvewinenu/deu

3.2 A15ULEUB5115 DNNpso
FarifethinaneTBnslmdvasmsviwnelaglilassreyszamBedin DNN Saufuns

inUszAnBanAgNeYAA PSO 1301 DNNpso Lilan191u3u nodes 189 hidden layers

manzauuaziuszansaimdaandusuil 32 waresduszneulnesiuues DNNpso Lilenis

yiungluslndnistuves FH2 efviaeidu DAC fauandlusui 3.3
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/ PSO \
DNN
hidden layers

[ J
o
4 9
® =
: - B
w - - o
_g * = g
i -
> o
5 — H :
c -
- nodes
5x1 [ ] 1x1
Input data predicted data

SN\ 2y

5UT 3.2 lassngussanmi@isin DNN saufunisifinuseansamngueunia PSO

/ PSO B\

Result : FH2 Predicted by FH2

Mcan(DAC) vs. ZONE
8
2
S L) J SRy
g H
s AR
> o i
H g L@y
£ 307 X 90
5x1 1x1 | lgs 83| |
Input data predicted data 901 V191 | ’ - " - -
70| v |73

| Predicted - Actual

- .’ n
Mean Squared Error Loss ~ wmp  J(W) = ;]; Z (y(') —f(x®; W))2

=1 Actual  Predicted |

JUN 3.3 aduszneulaesinwes DNNpso sensvihuelusindnistuves FH2 Fedimiedu
DAC
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3.3 1as96519 Pseudocode 489 DNNpso
A1588NKUU Pseudocode va3uidetilnelalasaviauseanvaaan DNN SauiunIsiiy
Usganinmngueunia PSO agUsenauluflandu dnn Asgui 3.4 Heidu pso faguil 3.5 wag

n1sisenldilandu pso uag dnn faguil 3.6

def dnr( particle ) ## particles are node of each hidden layers, ex. particles = [ly1, ly2, ly3]
ly1, ly2, ly3 = particle

Normalize input/output for training set (X_train, y_train}and test set (X_test, y test)

Dense( number of input )
Activation( ‘relu’ )
Loop hidden layers:
Dense{ lyX ) ## ly1, ly2, ly3
Activation( ‘relu’ )
Dense( number_of output )
Activation( 'linear")

compile model ## set (oss, optimizers, metrics
fit model ## set epochs and batch size
y_predicted = predict X_test set

inverse normalization for y_predicted

find r2, correlation between y_predicted and y_test set

if r2 > r2_max:

save model for later use (,json & .h5)

retum r2 ## objective function

31]17; 3.4 #andu dnn
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def pso{ dnn, bounds, population_size, max_iter, w, c1, c2)
Initialize the population with random particles and velocity
Initialize the best global position ## gbest is best particle
Loop max_iter: ## iterations
Loop population_size: ## ex. population_size 10 = particle [3x] x velocity [3x] x 10 = 30
Loop update velocity:
velocity[i] = w * velocity[i] + c1 * r1 * (particle[i] - gbest[i]) + c2 * r2 * (particle[i] - gbest[i])
Loop update particle: ## update particle with new velocity
particle[i] = particleli] + velocityii)

r2_obj = dnr( particle )

if r2_obj >r2_obj_max ## gbest will be updated with current particles
gbest = particle

sU#l 3.5 Hlsridu pso

## Main Function Call - start ##

bounds ={(0, 50), (0, 50), (0, 50)) ## define number of node in-each hidden layer, example 3 layers
best_particle, best_r2 = pso( dnn, bounds )

## Main Function Call - end ##

5U# 3.6 n1sisenldilaiduy pso uag dnn
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3.4 nsdamseudaya

a

Jomseutayadiniuns training lngldtayavinarsafadlasi 50 d usiaziiag
Usenaulumeiianu/ilisy 20 i wazdiley 240 Teu Asuiedivoya 240,000 30 (50 x 20 x
240)

3.5 M15IATIVtaYaA

d1m3unns training Wuud1aes DNN Fayndeyagnutsanidu 80% d1v3y training uag
20% dnFun1snsivaeu nedayatauid input wuuiiaesazidl DAC 989 FH1, Head, Zone,
Current uag Default Current uaziinadws output A DAC 189 FH2 fauaninnuduiuslugud
3.7 wagn1sinanauANNduiusYasUayanowud input Aae Bootstrap Forest %aﬁamﬁugmm
271 Decision Tree fauansluzufl 3.8 dslusuidoiiasld hidden layers 3 layers Fanguaynia
PSO 2¥1AN5M191UIU nodes Timunzan Tnengueynia PSO dauns (3.1) wag (3.2) s
Avuailsiduingusrasdlagindinained R dsaunnsil (3.3) anamisianisduvesensadar
lasfla3auarArfiviureannuuus1aes 59015 training WUUT1A09 DNN 9x19#2% 9 Mean
Squared Error ¢ 4@ A1 317i (3.0) v u Loss Function 1@ 8‘1'7i DNN 9 ¢ 14f Backpropagation
Algorithm Tun1sveuusuasa error WBUAUAT weights SRUNBUNT UaWIIN1SUTUUTIAN
weights vl fvirlyien error ﬁaaﬁqﬂ Feaun1si (3.5)



Multivariate Label=DAC

Correlations

HEAD ZONE FH1 FH2 CUR CUR_DE
HEAD 1.0000 0.0000 -0.0018 -0.0058 0.0157 0.0000
ZONE 0.0000 1.0000 0.1482  0.2745 -0.4672 -0.9385
FH1 -0.0018 0.1482 1.0000 0.9633 -0.0565 -0.1543
FH2 -0.0058  0.2745 09633 1.0000 -0.2497 -0.2708
CUR 0.0157 -0.4672 -0.0565 -0.2497 1.0000 0.4371
CUR_DE 0.0000 -0.9385 -0.1543 -0.2708  0.4371  1.0000

26

The correlations are estimated by Row-wise method.

Scatterplot Matrix
; :
10 HEAD 0.00 ’u-——q-‘ 0.02 0.00 '
—. 06
04
02
ZONE \ 0.0 Correlation
NG 02
'\ \ -04
-06
150°] ‘ b
||||
|||||l| III ’
100~ | ”! !
B
110 !
90 !
704 | !
1?8 R | =t ‘ | |
104 Nl NV i " 0 ’ {. 'CURLDE |
102 : ' ! \
98J7_ ' IT_V_ __ ‘_"" = '_ '._l rim ;—f_r
075 1015 ‘0100 200. 100\ 200 100 20050 80 11098 102 106
JUM 3.7 anudusiugues input ua output
Predictor SexeeningLabSL DAC ~_~""
FH2
Predictor Contribution  Portion ~ Rank ~
FH1 94535708 oge08 | 1
ZONE 68620649 00647 : : i 2
CUR 3146990.1 0.0297 3
CUR_DE 1452186.2 0.0137 4
HEAD 1304255 0.0012 5

gﬂﬁ 3.8 NMIIEIRUANLEUNUSUDS input Ay Bootstrap Forest (decision tree-based)
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Particle Swarm Optimization (PSO):
Vi = wVi + cry (pb' — XP)
+ ¢, (gb — X}) (3.1)
fr1 =Xt + Vi (3.2)

Coefficient of determination or R%

RZ — 1 — ?:1(3/1:_37[)2

(3.3)
21 (vi—w)?
Mean Square Error:
S =)
MSE = 2t 1(37711 ) (3.4)
Backpropagation Algorithm (for DNN):
*W, =W a (aerror) (3.5)
X X an :

NAUNTVEIL Iaei Y unua1ase Y fediniviunsly U Aoreaevernase uas 1 uiungy

vosrlugatoya Inevtily azuuudiinnes MSE Usuenfanisvueiuiugt uagdsiifintuile
Arfivhuely ¥ Indidssfudiasaunn A R W@udiaeufvesarumaisaudndy
regression wazsinaziduazuuusening 0 81 1 aziuw 1 vanefanisaeviuieauysailuy
uazlaeviall AiigeninuansieUssamsaimining

Backpropagation Algorithm Fangvrauludiu training ¥4 DNN 9zl W, uag
error \Juan weights LLaZAT error YOITOUNBUNLT LAz & AD learning rate Feaziinis
U5uugean weights Tuailuds * Wy dwisunas training Tuusazseu

Particle Swarm Optimization 3¢¥111191191U3U nodes U84 hidden layers ¥4 DNN

|
a =

Ieeg1munzauwariuseansain 39 W Asdulseansuesninuiaes (momentum coefficient)

V @oaunsa (velocity) veseunia X Aesumnia (position) vedaunia €1 uaz C, Aol

] [ ' '
= % % =

109 fignduiunnuazeglua [0, 1] pb (pbest) AvsumadiifiilsiduingUszasiasiignd

aun1AtuAelae (local best) waz gb (gbest) AamilanduingUszasifigeiignuassey

NsAUNSARULNTavNA (global best) T Aadnuiusaunagaiiuns ¢ Avsuniaudaze
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NaN13INNaN

4.1 AMNARBINIIIUIY iterations Y83 DNNpso
INNINAGBIVDY DNNpso WUIINGHaUNIATAIINAINTITIAEIEMTINIY nodes VDl
usiag hidden layers Awangan lneauidedlamuun Particle Swarm 10 wagduau Iteration

20 FITIUIUBYAIATY 10 3¥NEIYIUNINANILNDUTUA1TIUIU nodes Tigidil ey

Tanusrasd t98 R% Ui S9agyinonnanan 20 50U lnsnan1snaaswansliiiuin

9

[
[

anusald R% & 0. 96 mnnsvih 4 adssuandluzud 4.1 wagmandl 4.1 waefinvaaes

& &

131U iterations MU ANAIMNTUIIUIToU 15198 UINI IS AY 10 iterations azliAoe

(%
Y

Funsifives R? fuandduguit 6.2 fnfunuideidatmalii 20 iterations

PSO by Iteration Plot PSO by Iteration Plot
| 09692
1
000006 ; 09691
| S | (IR ") S S———— |
g 000004 { 2 09630
i |
{
000002 | 09689
H
0.00000 ' 09688
00 25 5095 100 125150 175 00 /25 5075 100 125 150 175
o ol Iter
PSO by Iteration Plot PSO by Iteration Plot
i A . 1 |
b I |
09695 osesi |-
| }
| 4
9694 { 09690 § 1
” \ “
¢ 4
ECQ 9 SE"vﬁFﬂ’
09688 1
09687 4

- v T T ey N
00 25 50 15 100 125 150 115 00 25 50 75 100 125 150 175
Iter ter

3‘1]17; 4.1 wan1snaass DNNpso el R? 18w Objective Function
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/ PSO by Iteration Plot \

0.96925
0.96920 {-—i-
0.96915 1

% 096910 {—-

8
0.96905

0.96900 1

0.96895 1
0 10 20 0 a0 50
Iter

5UN 4.2 nan1IMAaeIn5UTU iteration 489 DNNpso

A15199 4.1 NANNSNAABIYDINISHNLUUINADITINBNITAIINUAAITLEDN WiNDAWMTHINTU

Run lteration Particle Epoch MSE R? Training
Swarm (DNN) Time (sec)

1 20 10 10 0.000203 0.9690 21.0744
2 20 10 10 0.000200 0.9692 10.0495
3 20 10 10 0.000199 0.9695 26.4638
a4 20 10 10 0.000202 0.9691 45.4285

4.2 mmaasanileiduinguszasa (R?) a1n Particle Swarm ¥@¢ DNNpso

Feannsveasdleglusisazidenveusiag Particle Swarm Nlinadnsuans 19y A

v saa 1 1

sznuidn R? fifuaziiusyansnmdilaain DNNpso Aavdanaseninuduiusiinssninedinis

TanstuasaiuAwiungvesyateya validation d3u 20% fakandluguin 4.3 Fanseudideaden

R? geitganagiinruiduiusifian Sadugeil PSO venindivszansnmanniigauuiu sU 4.0

' ' '
= = %

wansfsileituinguszasd R? Adfgaluvaisiiguil 4.5 uansfeilediduinguszasd R? fug

9 Y 9

fign uaznisnszanesives R (Distribution) veusiagngueyniadssui 4.6
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49.69e-1 PSO by Iteration Plot [\
000008 1 | U

000006
a 000004
000002

000000

75 100 125 150 175
ter

Example : Iteration = 19
PSO : 20 iterations, 10 particle swarms
DNN : 10 epochs
Best Position : 51, 49, 3
Best R2 : 0.9690895612067885

UM 4.3 Wisuiiguanuduiusiu R? ¥e8e DNNpso luusiag Particle Swarm

Training and Validation loss

Taining loss
\ - Validation loss

6008/6060 [==============================] =JIs ]_ms/step

RSquare

9.9692581257519068

Correlation ©.9845932166949057

Predicted by Actual Plot

220 A

200 1

180 { =

160 1

140

val_predicted

120

100 1

180 200 220

UM 4.4 flanduingUszasd R? NAvgn

q



Training and Validation loss

Taining loss
0.016 1 —— Validation loss
0.014 4

0.012

Loss

0.010 1

0.008

0.006 A

~N
g
o
(=}
5

6000/6000 [==============================] - 6s 1ms/step
RSquare ©.158944863392089546
Correlation ©.39928977976366857

Predicted by Actual Plot

7)) —

val_predicted

I
& B ©

100 1

80 4--

60 -

SUN
Y

4~ Distributions

4(>R"2

e oo ‘L’.'o' o8, o” XY

1
—
|

04 0.6 08 1

sUn
U

4 Quantiles
100.0% maximum

99.5%
97.5%
90.0%
75.0%
50.0%
25.0%
10.0%
2.5%

0.5%

0.0%

4.5 fanduingUszasd R? Nugnan

0.9695484
0.9694406
0.9691385
0.9686682
quartile 0.9678627
median 0.9659119
quartile  0.957408
0.8450216
0.2719704
0.1098756

minimum 0.0137143

Mean

Std Dev

Std Err Mean
Upper 95% Mean
Lower 95% Mean
N

4 v|Summary Statistics

0.9108016
0.1679136
0.0071147
0.9247767
0.8968266

557

4.6 N13NTEM8AI (distribution) R? 989 DNNpso lulsiay Particle Swarm
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4.3 nsvaasen1sUszliuNALUUTaasiildaIn DNNpso Auaniadanlasiingalva

wdnlduuusaesiidufivmels finstuiinuuusiassiiofiulild Seldiinnsi
foyavesendnfaninsisiua 40 i dslsildeglungu training 80% wag validation 20% 1
naasIIBLUUTIaes nantsmeasadufiuinele wazildn R2 = 0.97 é’agﬂﬁ 4.7 uag
Correlation = 0.98 é’fﬁg‘dﬁ 4.8 Tunu18ANITRUUTIaefl ALkl uguasd

AnuFuusiudueg1911N 219N TN1S DU aEANAINATYIUNE

RSquare ©.9700230516°983062
Correlation 6.28530480763608165

180 A

160

80 100 120 140 160 180
actual

5UM 4.7 ¢ R? mﬂmﬁﬁ’m’%ﬂu,azﬂWiv‘hmamﬂm%ﬂﬁafﬂmﬂmjﬂm
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Bivariate Fit of FH2_PREDICTED By FH2

FH2_PREDICTED

30" Bkl b Tl 1S A7 TREEANND A 7 = I — A W

<
7

80 100 120 140 160 180
FH2
1.2.3.4.5 6.7.8.9 Quantile Density Contours
Summary Statisties =~ |
Value Lower 95% Upper95% Signif. Prob
Correlation  0.985305 0.985174 0.985435 <.0001*
Covariance  162.5558
Count 192000
Variable Mean StdDev
FH2 119.7857 12.93212

FH2_PREDICTED 120.1517.  12.7574

4.8 A1 Correlation 3NN IRASazMsvigInesafaniasingslvg



34

Boxplot wam sl udsadruindu lnsrnr mean = 120 DAC uay

Std Dev = 12.8 way CDF Probability flea@in1s (4.1) ¥84n153AN150185Uarn1s
yhunelinadiviniu faanslugui 4.9

F(x) = P(X < x) = Yy,cx P(X = x;), (4.1)
x € [0,255], x : pAC

Oneway Analysis of DACBy Label
180 ' \ W
160
140
DAC
120

100

80

Means and Std Deviations

Std Err

Level Number Mean  Std Dev Mean Lower95% Upper95%
FH2 192000 119.78567 12.932118 '0.0295134 ~119.72782 119.84351
FH2_PREDICTED 192000 120.15169  12.757401 -0.0291147 120.09463 [ 120.20876
CDF Plot

1.00 B —FH2

— FH2_PREDICTED

0.75
Ne)
g
< 0.50
[
b=}
o

0.25

0
80 100 120 140 160 180

DAC

JUN 4.9 Boxplot way CDF anmsinasaiarnsvinegainesadaniasingslvg
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waznnlusligd DAC Fauduniwsiuiinainnisinaseiaznisviuielvuadununela
Faflanulndifsaduegaunn dagui 4.10 uaglduwenlusing DAC seniluusazieu/deu 3
B v a a a d' I

Han snaaesndaiuszaniannuwaziunumeladuansdusuin 4.11 Faawnsagan mean, Std

Dev l¢fa1ngudi 4.9

Mean(DAC) vs. ZONE

140 Mean(FH2):119.786 | Label
Mean(FH2_PREDICTED): 120152 | __pp4n

——FH2_PREDICTED

DAC

Lz = ¥ o o v = = R 1 ¥ o ¥ ¢y ¥
enanstiluenansianulidmsumsldanuienisdinwivintgu leygnlmhluldusslesimunism

Lidnnsdilag vivdu SnriaiulilianuUasilont wazdesddatadvesenalsynasaninisunluly



36

S 2 - v o Y Y] = = Y ! ¥ o Y %% o
enanstiluenansianulidmsumsldanuienisdinwivintgu leygnlmhluldusslesimunism

' = O L a Oy agve & Y Y A e v & A ° )
VL@J’J']ﬂiQﬂ;@G] NG| @ﬂmﬂﬁqi\lmlﬁ@@&ﬂauu@%q LLa%@aﬂ@'NE]\‘m\‘}LQF]GUENL@ﬂﬁqinﬂﬂiqmmﬂqiuqliﬂﬁ



uni 5

unegy

Nuddedlauiausisnisinnistulagldnisvinuigves DNN $auAUEN1S PSO AU
138171 DNNpso @935n151981%n197421 nodes 994 hidden layers nuzauLaziin
Uszavsnmuasilunisdnaueisnisiudlunisianistudsaunsauszandldiulayagiussfvg

WALNTEUIUNISHARTISARAN LASHIADE19AIAR LAz NISYILIYINLAE1L19089a1N15NNTIANTS

Y o o =

Juladusg1aunn MldsgannszuIunIsNanUeIasanantasi laog1alvadiAudansatu

o

[
[ =1

moUszasdnsalivesuideiinauanslugui 5.1 danaslddeyanindunisedns FH1 Auandli
WuiiauaNnsanziug FH2 ldegreliuszansnm

38115 DNNpso ansafisvihunAnilyussyndldivanumsiulyaivseivgdus la

'
=

9U1IMAINNALNINTAUNINISFBUSUUUT 0N AN anLazSnluNA usod19l3inu DNNpso

[
a v aa o

9o UlInUIeITNsAIUA hidden layer 489 DNN i 3 layers Wity a1dn1sAtvium

voukslinI1sUuiiel DNNpso @nansafumsuay hidden layer lapgrawmngan avidunis

flaANANN50B9 DNN 28nunlaeg19diussdnsninaindu

Oneway Analysis of TEST_TIME (hour) By Label
7 1y _! ull {8 At ' iams 5 B =

| .

(hour)
.

TEST_TIME

1 N
0 —
FH2 ‘ FH2_PREDICTED
Label
Means and Std Deviations
Std Err

Level Number Mean  Std Dev Mean Lower95% Upper95%
FH2 40 5.063642 0.3108686 0.0491526 4.9642214 5.1630626
FH2_PREDICTED 40 0.0017615 0.0004312 6.8185e5 0.0016236 0.00189%4

JUT 5.1 Wiguunannmyiamelsauiuuaziiainisinsiensinuegves FH2 210

gninfaninsinguly
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In contemporary hard disk drive (HDD) manufacturing processes; after the assembly of the
HDD, from the/ production’ line, a series.of .diverse calibration procedures care necessary to
ensure standardization. These include capacity calibration, which determines the storage space
in terabytes+(TB) presently. available, and flying height (FH) calibration, which evaluates the
distance-between the head and the disk by applying electric current to'the heater coil element
to achieve the desired FH, thus optimizing the-writing and reading performance and tailoring it
to each HDD. Additionally, electric current is saved in a digital-to-analog converter (DAC) unit
for the utilization of a'read/write head, while a preamp collaborates with thedrive firmware to
convert the electric current in the-DAC unit tomilliwatts.) In the present.scenario, multiple
calibrations of flying heights.(FHs}), specifically flying-height 1({FH1) and flying height 2 (FH2),
are perfermed. Each (FH calibration requires a testing time of approximately 5 h owing to the
separation of measurement points-into 240 locations ‘across the disk surface, referred to as
test zones, with a total of 20 heads. The primary objective of this study.is to reduce the testing
time by using a combination of deep-neural-network (DNN) and particle swarm optimization
techniques to predict'the DAC profiles of FH2 as it-approaches FH1, where/FH1 is the input for
the DNN model.
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In contemporary hard disk drive (HDD) manufacturing processes, after the assembly of the
HDD from the production line, a series of diverse calibration procedures are necessary 10 ensure
standardization. These include capacity calibration; which determines the storage space in
terabytes (TB) presently available, and flying height (FH) calibration, which evaluates the
distance between the head and the disk by applying electric current to the heater coil element to
achieve the desired FH. thus optimizing (he writing and reading performance and tailoring it to
cach HDD. Additionally, electric current is saved in a digital-to-analog converter (DAC) unit for
the utilization of a read/write head, while a preamp collaborates with the drive firmware to
convert the electric current in the DAC unit to milliwalts. In the present scenario, multiple
calibrations of flying heights (FHs), specifically flying height 1 (FH1) and flying height 2 (FH2),
are performed. Each FH calibration requires a testing time of approximately S h owing to the
separation of measurement pomts into 240 locations across the disk surface, referred to as test
zones, with a total of 20 heads. The primary objective of this study is to reduce the testing time
by using a combination of deep necural network (DNN) and particle swarm optimization
techniques to predict the DAC profiles of FH2 as it approaches FHI, where FH1 is the input for
the DNN model.

1. Imntroduction

In hard disk drive (HDD) manufacturing, the calculation of the flying height (FH) for read/
write heads is crucial to ensure efficient and effective read/write operations that are optimized
for each HDD. Dakroub e al'") studied the measurement of FH for an HDD by examining the
amplitude of the signals used in this process. Schardt er al® developed a technique for
measuring FH, which involves the movement of read/write heads from the inner track to the
*Corresponding author: e-mail: poom ko@ kmitlsc.th
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outer track of the disk. Novotny® developed a novel technique for characterizing the magnetic
amplitude to investigate the spacing between the read/write heads and the high-bandwidth disk
during track seeking, head parking, vibrations, and shocks while the HDD is operational. This
investigation involved the measurement of magnetic flux densities to assess the magnetic
profiles. Juang ef al® performed a nonlinear modeling of the read/write head, accurately
simulating its protrusion, which affects the variation in FH under different environmental
conditions. Boettcher er al’) performed a dynamie FH measurement with feedforward control
to oplimize variations.

These studies attempted to find methods for obtaining read/write heads with optimal and
efficient FH profiles. In this study, we propose a novel approach by combining a deep neural
network (DNN) with an enhanced particle swarm optimization (PSO)® ') algorithm to find a
suitable number of nodes for each hidden layer of the DNN. This innovative approach uses Al
techniques, specifically a DNN. in conjunction with improved PSO techniques to predict the
digital-to-analog converter (DAC) profiles of flying height 2 (FH2) with optimal performance.
By employing this methodology, it is anticipated that the amount of FH measurement and the
operation of the read/write head will be significantly reduced. This would result in a highly
accelerated FH measurement process while maintaining comparable efTiciency to conventional
measurement methods. We aim (0 reduce the production time per unit in the manufacturing line
of an HDD, as shown in Fig. I, and for measuring the DAC profiles for flying height | (FHI) and
FH2, which currently takes approximately 5 h (Fig. 2). In this way, we can reduce the
measurement 1ime of FH2 using an Al-based approach.

2. Experimental Procedure
2.1 Point of interest in FH measurement

The process of measuring the FH of the read/write head involves measuring the protrusion
value in the DAC unit, which 15 from the tip of the read/write head to the position called the

target FH at point B in Fig. 3. Distance A refers to the thermal protrusion in the DAC unit, the
focus of this study.

Traditional | FHI\ im o TR L (P2
5 hours 5 hours
prcems FH2

Progosal FH1 - - m" -~

S hours < 1 minute

Fig. 1. (Color online) FH measurement process and test time reduction concept for FH2 measurement.
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Fig: 4. (Color oaline) DNNpso archi re.

relationship depicted in Fig. 5. Data input relationships are sequenced using the Bootstrap Forest
method, which is based on the Decision Trees method, as shown in Fig. 6. In this study, three
hidden layers are utihized in the DNN. PSO is utilized to determine the appropriate number of
nodes using Egs. (1) and (2). Objective functions are defined on the basis of the R? metric, as
outlined in Eq. (3), derived from the FH measurements of the actual HDD and the values
predicted with the model. The DNN model is trained using the mean square error (MSE) as the
loss function, represented by Eq. (4). The DNN utilizes the backpropagation algorithm to
calculate the derivatives of the error with respect to the weights from the previous iteration, then
the weights are adjusted to minimize the error, as depicted in Eq. (5).
Particle swarm optimization (PSO):

Vi = wi ven(ph - X))+ e (6= X)) m
x:u = X,‘ + ":‘»l (2)
Coefficient of détermination or R

Rl T) )

Xbr=uy
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Fig. 6.  (Color online) Arrang of input rel hips using Bootstrap Forest method.

Mean square error:

SE 2 Y= F) o
n
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Backpropagation algorithm (for DNN):

c"wror] )

ow

w,o=W, - a(
In these equations, y represents true values, y denotes predicted values, g is the mean of the true
values, and n is the number of data points in the dataset. Generally, a lower MSE signifies more
accurate predictions, namely, the predicted values i closely align with the true values. R7 is a
metric for the goodness of fit in regression and ranges between 0 and 1. with a score of 1
indicating perfect prediction and higher values indicating better predictive performance.

The backpropagation algorithm, employed in_the training phase of the DNN, involves
parameters including w, and error. w, represents the weights and-error denotes the error from
the previous it¢ration. The parameler a signifies the learning rate. The algorithm iteratively
updates the weights, forwarding them to .. dering each training cycle.

PSO aims 1o determine a suitable and efficient number of nodes for the hidden layers in a
DNN. In this context, w represents the momentum coeflicient. J is the velocity of the particle, X
denoles the position of the particle, and ¢J and ¢2 are random constants within the range [0, 1].
pb (pbesiy refers 10 the particle’s personal best, which is the highest objective function value the
particle has encountered locally, and gb (gbesf) is the highest objective function value
encountered globally over all previous iterations. i is the number of iterations and / is the current
particle.

3.  Results and Discussion

From the experiments conducted with DNNpso, it was observed that the particle swarm
group effectively aids in determining a suitable number of nodes for ¢ach hidden layer. In this
study. a Particle Swarm of 10 was employed and 20 iterations were performed, where the 10
particles attempted to find directions to adjust the number of nodes 1o align with the objective
funetion, using R’ as the performance indicator. This process was repeated for 20 iterations,
giving a consistent R of = 0.96, as shown in Fig. 7 and Table 1. Furthermore, wé attempted to
identify the optimal number of iterations for this study. It was observed that after 10 iterations,
there was only a marginal improvement in R7, as shown in Fig. 8. Consequently, we set the
number of iterations at 20.

A detailed examination of the experimental results for cach particle swarm reveals variations
among the swarms: It is observed that a favorable R? obtained from DNNpso indicates a strong
relationship between the actual FH measurements and the predictions from the 20% validation
dataset, as shown in Fig. 9 in which the green-bordered frame indicates the highest R? and the
best correlation, and therefore the optimal performance of PSO. The distribution of R for each
particle swarm is shown in Fig. 10.

After obtaining a satisfactory model, it was saved for future use. The model was then tested
using data from 40 HDDs, which were not part of the 80% training or 20% validation group. The
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Fig. 11. (Color online) Correlation values obtained
from actual measurements and predictions using the
new HDD group.

Fig. 12 (Color oaline) Baxplot and CDF obtained from
actual measurements and predictions using the new
HDD grovp.

Fig. 13 (Coloc online) DAC peofile resulting from the actual s and predicts
HDD group.

of FH2 from the new
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Fig. 14. (Calor online) DAC profiles for each read/write head obtained from actual messurements and predictions
of FH2 from the new HDD group.

4. Conclusions

We present an approach to FH measurement using the predictive power of a DNN based on
PSO, termed as DNNpso. This method helps determine an appropriate and efficient number of
nodes in hidden layers and is a novel approach to FH measurement that can be applied scamlessly
to AL The predictive capability Significantly reduces the time required for FH measurement;
therefore, it is expected to play a crucial role in streamlining the production of HDDs. The
utilization of data from the source FH1 demonstrates the effectiveness of accuracy in predicting
FH2 efficiently.
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PYTHON SOURCE CODE

a o

udTedideulusunsunoufineddroniwilnseu (Python) Ineld3an1snag
HynnuszAustatiulunmeiulassingysamidadn (Deep Neural Network : DNN) $2ufunis
\WinUszAn3ninnguoynia (Particle Swarm Optimization : PSO) Tnsuuaidu 2 dau s
Usznoulude m3aiFeus (Training) ileaiauuudiass (Model) uaztiufinuuudiassuaznisld

LUUINEBINDYINNITVIIUNY

N13N15I38UFUAZEIIMUUINADY

import random

import numpy as np

import matplotlib.pyplot as plt

from matplotlib.animation import FuncAnimation
import csv

import matplotlib.pyplot as plt

import time

import numpy -as np

from keras.models import Model

from keras.layers import Dense, Input, Activation
11 from keras import backend as K

12 from scipy import io

13 from sklearn.model_selection import train_test_split
14 from sklearn.metrics import r2_score

5 from tensorflow import keras

16 import scipy.stats

17 from sklearn.preprocessing import MinMaxScaler

18 import pickle

19 max_r2 = 0.0

VR W N

0 0 N

[y
®

21 def pso(cost_function, bounds, population size=10, max_iter=56, w=0.8, c1=0.025, c2=0.025):

23 # Initialize the ‘population with random particles

24 population = []

25 for i in range(population_size):

26 particle = [int(random.uniform(bounds[i][@], bounds[i][1])) \
27 for i.in range(len(bounds))]

28 velocity = [random.randem() for._ in range(len(bounds)) ]
29 population.append((particle, velocity))

30 print("i"”, i)

31 print(“particle”, particle, type(particle))

32 print(“velocity”, velocity)

33 print(“population”, population)

[V

# Initialize the best global position
gbest = population[@][@]
gbest_cost, corrTemp, trainingTimeTemp, mse, rmse = cost_function(gbest)
for particle, _ in population[1:]:
print(“"particle ", particle)

(o]

o

W oW W W W w
~N

o]

40 cost, corrTemp, trainingTimeTemp, mse, rmse = cost_function(particle)
41 if cost > gbest_cost: # < find min, > find max

42 gbest = particle

43 gbest_cost = cost
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data = []
max_gbest = []
iteration = [iter for iter in range(max_iter)]

# Run the main loop
for _ in range(max_iter):
for idx, (particle, velocity) in enumerate(population):
# Update the velocity
for i in range(len(velocity)):
rl = random.random()
r2 = random.random()
velocity[i] = w * velocity[i] + c1 * r1 * (particle[i] - gbest[i]) \
+ €2 * r2 * (particle[i] - gbest[i])
print("velocity[i]", velocity[i], int(velocity[i]+@.5))

# Update the position
for i in range(len(particle)):
particle[i} = particle[i] + velocity[i]
particle[i] = abs(particle[i]) # should'we reject DNN and.return ©.0?
particle[i] = int(particle[i]) # should we reject DNN and return 0.0?
# Check if the particle's position is better than the global best
cost, corrTemp, trainingTimeTemp, mse, rmse = cost_function(particle)

print("iter”,; , "idx", idx, "cost", cost, “gbest cost"”, gbest_cost)
if cost > gbest cost: # < find.min, > find max
print("iter 2", , "idx", idx, "cost", cost, "gbest cost", gbest.cost, \
“gbest”, gbest, "particle", particle)
gbest = particle.copy() # problem can be 1ist() and dict()
gbest_cost = cost

data.append([_, idx, cost, particle[e], particle[1], particle[z]L gbest_cost, \
gbest[@], ghest[1], gbest[2], corrTemp, trainingTimeTemp, mse, rmse])

#data.append([_, idx, cost, particle[@], particle[1], particle[2], \

54

#gbest cost, gbest[0], gbest[1], gbest[2], corrlemp, trainingFimeTemp, mse, rmse])

data.append([_, idx, cost, particle[@], particle[1], particle[2], \
@, @, 0, @, corrTemp, trainingTimeTemp, mse, rmse])

max_gbest.append(gbest_cost)

# Plot the position

plt.scatter(iteration, max_gbest, s=20, c="red’', marker='x', alpha=0.5)
plt.title('PSO by Iteration Plot")

plt.xlabel('Iter") |
plt.ylabel('ghest’)

plt.grid(color="blue", linestyle='--', linewidth=0.5)

plt.show() |

# Write CSV file

print(“data"”, data)

path = 'drive/MyDrive/Colab Notebooks/Prototype PSO AI file.csv'

header = ['ITER', 'SWARM_IDX', "COST', 'PAR1', 'PAR2', 'PAR3', 'GBEST_COST', \
"GBEST_PAR1', 'GBEST_PAR2', 'GBEST_PAR3', 'CORR', 'TRAINING_TIME', 'MSE’,

with open(path, 'w') as f:

writer = csv.writer(f)

# Write the header
writer.writerow(header)

# Write the data
writer.writerows(data)

return gbest, gbest_cost
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def cost_function(position):
global max_r2
1y1, 1ly2, ly3 = position

layerl =
layer2 =

layer3

I

int(ly1)
int(1ly2)
int(ly3)

if layerl <= © or layer2 <= @ or layer3 <= ©:

retu

rn 0.0, 6.8, 0.8, 0.0, 0.0

print("cost_function", layerl, layer2, layer3)

# Load data
dataset = io.loadmat('drive/MyDrive/Colab Notebooks/FH/FH_DAC_x20@.mat')[ 'data’]

train_predictor = dataset[:,[0,1,2,4,5]]

train_prediction = np.array([dataset[:,3]]).T

#print(train_predictor)

#print(train_prediction) |

scaler_predictor = pickle.load(open( drive/MyDrive/Colab. Notebooks/FH/ \

predictor_normalization.pkl®; “rb*))

train_predictor = scaler_predictor.transform(train_predictor)
#print("train_predictor\n”, train_predictor)

scaler_prediction = pickle.load(open(’drive/MyDrive/Colab Notebooks/FH/ \

prediction_normalization.pkl®; ‘'rb*))

train_prediction = scaler_prediction.transform(train_prediction)
#print("train_prediction\n", train_prediction)

X_train, X_test, y train, y_test = train_test_split(train_predictor, train_prediction, \

test_size=0.2, random_state=0)

# Design your network architecture |
K.clear_session() |
train_inputs = Input(shape = (X_train.shape[1],))

y = Dense(5, dinput_dim = X _train.shape[1], kernel_initializer = ’glorot_norqal')(train_inputs)

y = Activation("relu')(y)

y = Dense(layeril, kernel_initializer = 'glorot_normal')(y)

y = Activation('relu®)(y)

y = Dense(layer2, kernel_initializer = ‘glorot_normal®)(y)

y = Activation('relu’)(y) ;

y = Dense(layer3, kernel_initializer = 'glorot_normal')(y)

y = Activation('relu’)(y)

y = Dense(y_train.shape[1], kernel _initializer = 'glorot_normal’)(y)

y = Activation('linear’)(y) !
|

# Train the model

model = Model(inputs = train_inputs, outputs = y)

optim = keras.optimizers.Adam(©.061, ©.9, 8.999, None, 6.9, False)

model.compile(loss="mse"', optimizer=optim, metrics = ['accuracy’'])

epochs = 10

batch_size = 10000

start = time.time()

history = model.fit(X_train,

y_train,
validation_data=(X_test,y_test),
epochs = epochs,

batch_size = batch_size,
verbose = 9)

end = time.time()
trainingTime = end - start
print("Time to train the model™, trainingTime)



180 # Get the training loss

181 loss_per_epoch = history.history['loss’]

182 loss_per_epoch_val = history.history['val_loss']

183 print("mse"”, loss_per_epoch, loss_per_epoch[-1])

184

185 rmse = np.sqrt(loss_per_epoch)

186 print("rmse”, rmse, rmse[-1])

187

188 epochs = range(1, len(loss_per_epoch) + 1)

189 plt.plot(epochs, loss_per_epoch, 'y', label='Training loss')
190 plt.plot(epochs, loss_per_epoch_val, 'r’, label='validation loss')
191 plt.title( 'Training and Validation loss')

192 plt.xlabel( 'Epochs")
193 plt.ylabel('Loss")
194 plt.legend()

195 plt.show()

196

197 # Prediction

198 val_predicted = model.predict(X test)

199 |
200 scaler_prediction = pickle.load(open( “drive/MyDrive/Colab-Notebooks/FH/ \
201 prediction_normalization:pkl™, ‘rb'))

202 val_predicted = scaler_prediction.inverse_transform(val_predicted)

203 y_test = scaler_prediction.inverse_transform(y_test)

204

205 r2 = r2_score(y_test, val_predicted)

206 print("RSquare”, r2)

207

208 corr = scipy.stats.pearsonr(y_test.T.flatten(), val_predicted.T.flatten())[d]
209 print(“Correlation™, corr)

210

\
211 plt.scatter(val_predicted, y test, s=20, c="blue', marker='x', alpha=8.5)
212 plt.title('Predicted by Actual Plot’)

213 plt.xlabel( 'y test')

214 plt.ylabel( 'val predicted’) ‘

215 plt.grid(color='green’, linestyle='--', linewidth=8.5) |
216 plt.show()

217

218 # Save the best model

219 if r2"> max_r2:

220 print("WK--r2",.p2; "max_r2", -max r2)

221 max_r2 = r2

222 !
223 save_dir = "drive/MyDrive/Colab Notebooks/FH/Maodel PSO*

224 print(save.dir)

225

226 model_to_disk = save_dir + '.json’ |
227 model_json = model.to_json() |
228 with open(model_to_disk; "w™) as json_file:

229 json_file.write(model json)

230

231 weight_to_disk = save_dir + '.hS5"

232 model.save_weights(weight_to_disk)

233

234 return r2, corr, trainingTime, loss_per_epoch[-1], rmse[-1]

235

236

237 # Define number of node in each hidden layer, example 3 layers
238 bounds = [(@, 50), (@, 50), (@, 50)]

239

240 best_position, best_cost = pso(cost_function, bounds)

241

242 # Print the best hyperparameters

243 print("best_position", best_position)

244 print("best_cost"”, best_cost)
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AT URUUINADILNDNINITIUNEY

1 import matplotlib.pyplot as plt

2 from keras.models import model_from_json
3 from keras import backend as K

4 from scipy import io

5 import scipy.stats

6 from sklearn.metrics import r2_score

7 import pickle

8 import csv

9 import time

10

11 K.clear_session()
12

13 start = time.time()
14

15 # Load data

16 dataset = io.loadmat('drive/MyDrive/Colab Notebooks/FH/FH_DAC_x4@.mat*)[ “data’]
17

18 train_predictor = dataset[:,[0,1,2;4,5}]

19 train_prediction = dataset[:,3] |
20 #print(train_predictor)

21 #print(train prediction)

22

23 scaler predictor = pickle.load(open( 'drive/MyDrive/Colab Notebooks/FH/predictor_normalization.pkl', 'rb"))
24 train_predictor = scaler_predictor.transform(train_predictor)

25 #print("train_predictor\n”, train_predictor)

26

27 sayve_dir = 'drive/MyDnive/Colab Notebooks/FH/Model PSO’

28 json_file = open(save_dir + ".json', ‘r')

29 loaded_model_json = json_file.read()

308 json_file.close() I
31 model = model_from_json(loaded_model_json)

32 model.load_weights(save dir + ‘.h5")

33 #print(“json_file”, json_file)

34

35 # Make prediction

36 val_predicted = model.predict(train predictor)

37

38 scaler_prediction = pickle.load(open(  drive/MyDrive/Colab. Notebooks/FH/prediction_normalization.pkl®, 'rb"))
39 val_predicted = scaler_prediction.inverse_ transform(val_predicted)

40 #print(“val_predicted\n”, val_predicted)

41

42 end = time.time() |
43 trainingTime = end - start

44 print("Prediction time", trainingTime)

45

46 r2 = r2_score(train_prediction.T.flatten(), val_predicted.T.flatten())

47 print("RSquare”, r2)

438

49 corr = scipy.stats.pearsonr(train_prediction.T.flatten(), val_predicted.T.flatten())[@]
50 print("Correlation”, corr)

51

52 plt.scatter(train_prediction.T.flatten(), val_predicted.T.flatten(), s=28, c="red', marker='x", alpha=0.5)
53 plt.title('Predicted by Actual Plot')

54 plt.xlabel('actual')

55 plt.ylabel( 'predicted’)

56 plt.grid(color="green', linestyle='--', linewidth=0.5)

57 plt.show()





