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Abstract

The chemical industry is classified as a highly complex production system (Highly
Complex Production System) with critical safety risks (Critical Safety Risks). Machinery is
therefore not merely a production mechanism but a crucial defense in controlling process
quality, continuity, and safety. Operations must strictly comply with legal regulations, such as
the Factory Act (which sets standards for machine operation), [EAT Regulations (which controls
machine availability), and the Ministry of Labour Regulations (for safety inspection of
machinery and pressure vessels). Non-compliance with these laws directly affects Machine
Availability, making its assessment a primary concern. Internationally, the concept of machine
availability has been continuously developed using key indicators such as Overall Equipment
Effectiveness (OEE), Mean Time Between Failures (MTBF), and Mean Time to Repair (MTTR).
These indicators are used alongside Predictive Maintenance (PdM) through the integration of
advanced technologies in the Industry 4.0 era, including smart sensors, Machine Learning,
Artificial Intelligence (Al), and the Internet of Things (IoT), to accurately analyze and predict
failures. However, despite the significant advances in technical and technological dimensions
in international research, there remains a lack of systematic analysis that integrates the legal
and safety regulatory dimensions into machine availability indicators, particularly in the
context of developing countries. This article, therefore, aims to conduct an in-depth analysis
of variables, research methodologies, and empirical findings from international studies, utilizing
documentary research and a conceptual synthesis framework, to construct a holistic synthetic
conceptual framework that links technical factors with the legal dimension, which will serve

as a crucial foundation for subsequent empirical research.
Keywords: Machine Availability, Chemical Industry, Legal Compliance
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1) Banan: Wunuddeiieounsssningd e.a 2010 fellagiiu (2025)
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(Peer-Reviewed Journals)
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3) dadlewn: wumsfnwwideiiAsdesiuamundesldiedosinslugnamnssuad
IngdaszsiuUsnanata (OEE, MTBF, MTTR, Availability) 35015398 (Predictive Maintenance,
Data Analytics) kagnsnanianansenuvestadadu/ngvdng

1) unasteya: unanmITInsatudnannsasfiiiunsionsaniaegidevgy uaz
51mmma’i%’amﬂgm%’ayja?mmsmﬂaﬁﬁ’wﬁ’iy LU Science Direct, Scopus, IEEE Xplore Wag
MDPI
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1) nasidadon: dosifuilunsarsiikiunsiosanlaedideargy fidenudeides
Tnonssfunsuszifiurnundouveseiosdnslugramnssuiadl fmsneaunavesiindsidsuiinm
oA (OEE, MTBF, MTTR) wavini1sesureisnisisonasiadesilonld (@u Machine Learning,
loT) agedaLau

2 meeneiteya: dufiunislae malisgiidaien (Content Analysis) Litoarin
Toyaidymudiuls 1533 wazlsndududotidunisnguane anduld nshinseiias
WisuLisy (Comparative Analysis) iafumuunliiunagtosing uazgavneld msdunswvinsou

WuIAA (Conceptual Synthesis) lipasislutnadmnsunisussidunmanzand s ulsemnanaanmun
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1. agunguuasidinvan
mu%”amnaa%’wﬁyuuuumﬁmmm"’mmimsﬁﬁﬁﬂmL%ﬂ'ﬁqﬂ (Total Productive
Maintenance #5 8 TPM) e @y vdn A e Overall Equipment Effectiveness (OEE) § 19 n
Usgansnmlnesaneaededdng (Availability, Performance wag Quality) fudifid daysonisAuiay
Availability fie Mean Time Between Failures (MTBF) (azviounnuindedie) waz Mean Time To
Repair (MTTR) (ggipunnuaunsatunsiiesng)
2. M3danguiuUsiAsdes
2.1 fudseuwmaiia (Technical Variables):
e MTBF ey MTTR
e Availability Rate
o U aneInsalannieuies: Yoy aaniwuiges (vibration, temperature,
pressure) gnlfiloatrsuuusiass Machine Learning dwmiunisingednwidaneinsal (Predictive

Maintenance)
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2.2 fUUIAUTEULLAZNNTIANTT (System/ Managerial Variables):
. ﬂaqwéﬂ’lsﬂﬁ\ﬁﬂw (Corrective, Preventive, Predictive)
o ANUNTBNVRITBYA (Real-time Data MNT2UU loT)
o AUNTOUYRIYAAINT (AHaAraN 15N MTTR)

3. ¥99219n15378 (The Research Gap)

PNNsFuATIEENUtesineiiddy Ao MmAdganadwnnsysannsiavestetedunia
ﬂg]ifimw,azmmﬂaamﬁa (Legal Compliance and Safety Regulations) fifinasionisiuunay
wiorlvouaieadnslugnamnssuiatieognaduszuy
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(Regulatory Input)
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2) et aidangne: §1An OFE Uaguliazviounadnsvoinisuifinungmune
JGERERN

3)  vmMsienidysanns: venalnnsieseifidenlewanisnensalaim
dumandfuideuly Compliance Status

4)  NIBULIANTENATIEIUUUDIATIN alfufiutesinedandny nsnudaldiamn
NFOULUIAMIIFNATIZRRUUBIF T 71T oulesfifinianaila (Input-Process-Output) i uils
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NIWAIUITING UL Adialva (Novel Metric) :

NITUIUNITYIUINTTG
raay v o o o P v
1‘”“ 4ATaUIAY ﬂﬁiWGMU’]W’J%’Jﬂﬂ’J’]&IWS@MI‘U (lntegrated ProceSS) : f;]JEN

(Regulatory Input) : f81 \A30eININTINTAVRY Legal Wamnnalnifiansanaun ey

WLFLUSAI N Ui UUA Compliance and Safety

Ifdamndauazideangrunely
NNNYILY UATUINTTIY e
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4 4 4

[

494319 (The Gap) ¥19 4849149 (The Gap) ¥19n13 48497149 (The Gap)v19f3in

a Y

fndenguane : fudsi AATIITIYIUINT : VINALN LB : fadn OEE

ALVBUTDANUANT ASAT TN BULLINANT

Taquldazyiounadnsvenis

ATIVADUMINNY VLY WeNsalALAUMANTTU

UfuRnunguanelaense

euly Compliance Status

4 4 1

Input
MTBF, MTTR, Data
Availability, Sensor Data

Process
Predictive Maintenance

(Machine Learning), Downtime

Output
OEE, Downtime Duration,

Incident Reduction Rate

(vibration, temperature) Analysis, Maintenance Strategy

A 1: nTeURNANTIEuATIEE T UNsUTTliuAunTauldasesdnslugnannssuwedl

lngysannisiifininguuneuazanuuasnsie (Legal Compliance)

aAUsena

1. M5391501AUATEUAGUUDIFINUTHALTTIRY

iddvanaiinislisi Tnfiaenadesmuinsgiundnues TPM uag Lean Manufacturing
(OEE, MTBF, MTTR) uaglsvensveuiunludenisly Predictive Variables anniwuieas oT waglung
Machine Learning (ML/AI) Ll 8vinn 1snensaiaansidenieaanin eg1alsinig uuan1eaided
panuewatinUszaunudsalulsnuiflaseadie Digital Infrastructure fiasysaivindu 3
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2. ANUTIMYLAENNSEUSUTDIINLUUSUNUSENANIAINRILN

[y

A15U1NTAUBUIAAKALITITHINAUsEMANN LTl uUSEWmAR TSI U 1Y Usenelne

WHYAUANIMIY 2 UTEn13
2.1 anulandausunsneans: seuu Al-driven Predictive Maintenance fa191/8n15a39)u

adlugunsal oT warymansdinuausalunsTinseiteyaidedn dsliaenndasiudneninuag

Y 9

[

Podninvedlssnurwinnandnlngluginig

Y

2.2 4897390 UNTYIUINSRANIINMNIE: N15INTalTadngududn luflnwidelanysan

[
v o [

115 “fRvestatiduniinguuisuazaulasnie” Winumdinanunseuldiniesdnsegraiu
JEUU

Tuvsunvesusewmamamiaun MsujuRnunguune (@u n1sesreaeulszinl) Asdeuly
Wessuvaarnunould mneIesdnsgndwmeaifiesainluniunisnsisaeunenguune fewdu
Regulatory Downtime @4danansgnuse Availability Ingnse widadeinduligniiasierids
lassasnslunsousudfn OEE w38 MTTR kY

3. Yeaguiiion1simuns g unwidesdely

aa a A [ 1 1 A & ] A v Y

nsundAnngringlunseuknAnanatioldu 89319009103 (Robust Gap) Neeslasu
ASRNAN Aty nseuLUIARTITRU LI nguRid Ay luntsasanIesioUsuliuaunsould
\AIRIINTNADAAdBITUTRTINANIAmATiAkassUU T AURIUTEMATA IR ULasidAnyian Ao

aa Y o [ £ a I3 1 <) Y v

HUINERveItenMuANIINgnEswasANlaansiy Wrlvlunsiesgiegiadussuu wielils

sUwuunsUssuuiugaransaih luussendldidaleungluniagnamnssulvesely

unasy
nsfnwiAselgatunsiinseiidaenalsuasnsiseuiisunuidesisussmaniieited
funsuseiiu “anuneuldiniesdng” Tugnamnssuadl

1. daAununan: uIdvainalnnuiniiegragdunsldfiivinuinggiu (OEE, MTBF,

v a

MTTR) uaznsussendldinailn Machine Learning/Al Wii@a3145¢uu Predictive Maintenance

'
o

2. orINMTIReNdAgyRgn: Ao NMvIAN1sYIANNITHRYeY “dolaAumengranenazainy
Uaensie” (Legal Compliance and Safety Regulations) ii1lUlunseuuuifnuaziid inannunsou

THveansasdnsednadusyuu Fadudadedrdnineliiin Regulatory Downtime Tuusginenings
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