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Abstract

The objective of this research was to develop a predictive model for failure events of variable refrigerant flow
air conditioning systems using machine learning techniques. The air conditioning failure events were attributed to
the amount of refrigerant. The researcher utilized the RapidMiner Studio software to construct models from four
algorithm types: Decision Tree, Naive Bayes, Support Vector Machine, and Neural Networks. The dataset used consisted
of 402 records of variable refrigerant flow air conditioning systems Better Cool Co., Ltd., containing features such
as refrigerant pressure, subcooled value, superheated value, number of units turned on/off, and operational status
(normal or faulty). To evaluate model performance, the accuracy, precision, recall, and F-measure metrics were
calculated and compared across the algorithms. The Neural Networks algorithm demonstrated the highest
performance, achieving 95.04% accuracy, 94.17% precision, 100% recall, and 97.00% F-measure, enabling accurate
prediction of normal or faulty operational status.

Moreover, the researcher enhanced the model using the Stacking Hybrid Ensemble Method technique. This
involved combining the top three performing algorithms: Neural Networks, Decision Tree, and Naive Bayes, for
classification. Consequently, the performance metrics improved, with an accuracy of 95.52%, precision of 97.21%,

recall of 97.21%, and an F-measure of 97.21%.

Keywords: Deep learning, Predictive model, Variable refrigerant flow
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wsesUTuemaviinsiuauduuuyTutne Uiy uagtan

Usziluuseansaneikuu lenansnen 5

Accuracy | Precision | Recall F-Measure
Algorithm
(%) (%) (%) (%)
Stacking 95.52 97.21 97.21 97.21
Neural
95.04 94.17 100.00 97.00
Networks

015747 5 FauuudarUseansain Arrinuusiy
(accuracy) Wifiu 95.52% AnAsLiie (precision) Winfiu
97.21% AIAIUTEEAN (recall) 97.21% WATAIAIINEINNA
F-Measure 97.21%

Model
97.21%
Stacking
97.00%
Neural
Networks
I T T T T 1
90% 92% 94% 96% 98% 100%
Performance
F-Measure g Recall pg Precision pg Accuracy

Ul 14 : nsmiuansUszaBam Hybrid Ensemble

NN3UT 14 ﬂiwwmﬂix?ﬂw“ﬁmwﬁléﬁ’uLﬁuqqsﬁumﬂLﬁu
Tun15ladana39iu Neural Networks s ufiunisldnng
Boufveaeiasanmsldinalia Hybrid Ensemble Method
WU Stacking ¥lldAUsEAMB A MTigetuanifudeen
ANUUAINNEY 95.52% AAraTiEs 97.21% Aradusedn
97.21% uazFnANENIma 97.21% uaziilevinnmsiiouidiey
S8z lUNITINNUTENINane37iu Neural Networks
waz35n15 Hybrid Ensemble Method wuu Stacking &3
IFvinsmageusiuay 10 adailenAedsszeziiands

f1519% 6
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5199 6 : aUSeuigunsAwIMYeIsaneasiy Neural Networks

ez Hybrid Ensemble Method wuu Stacking

ﬂ%ﬂﬁ Neural Networks Stacking
1 1.11 3.86
2 0.82 4.21
3 0.70 3.72
4 0.63 4.26
5 0.76 3.82
6 0.71 3.62
7 0.67 4.03
8 0.63 4.03
9 0.72 3.85
10 0.71 3.72
Average (S) 0.75 391

YlnsIunaluNSAILINYBI aNa37d Neural Networks

Hsgozanlunsauiundunitluy Stacking Model

6) 8AUTILNANITITY

HANSANEINTNAILIF LU U801 15,88 909A3 04
USuaniafiinaseeinisideveaeiossuainimiiagu
AuduuusruuUiuieuUsiu Tnsldnisidousvonaies
GLuE‘i’JumG!ﬂ’limjﬂ’liLameLﬂ%‘laﬂﬂ%’ua’m’]ﬂuﬂmﬂﬂgu’lm
arsviarudull aunsoagldhnadenlinusanasiy
dusvasresanuulunisinungennisideanndluansyin
anunfutiy nsldimada Hybrid Ensemble Method wuy
Stacking 148ane3fiudiflrnuszavinngsaauarsosaun
@899usU Lawn Neural Networks wag Decision Tree uay

Naive Bayes HA1USZANTANANAIAINLUY AIAIINLTIBS

'
a

Asyan wazAAumnaigeigalunsiIouiisuaan
5aﬂa§ﬁm/|5ﬂ 4 WUV baguy Hybrid Ensemble Method
UU Stacking

e ianunseagunanisiauidwuulunisvituneg
91MsidevesaioaaiasusnarinsanguiuuusEUY
Usutheuusiu Tnglénnsdsudveaniesluduansi
anufuiiotiglunisinngeinmads annslisanediu

WUU Hybrid Ensemble Model Hglunisiseuivannies
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7) agunanside

Y
s a A

nuATeHldvhmsAnu el Ussasddsd Wewaun
fuuuiuieeInsidsveaaiesiueiniasiasiugud
LuUsEUUU Ui tneldnsdeudvennios 9ngn
foyaszuuiesUsuonimsiinsuauduuuszuuUuthen
wsiuiifideyaludnimmnssinindeveuaissiueinie
anUsua ey uagdmves Mvazidundeya
goumgil Teyauseiu uazdiuaaniiszyfvaniuzenisiis
aumgnansyheuy duiiszuifunadnuusie Label

L )

lngnef3deingadeyau1iin1siasies lagyalusunsy
RapidMiner Studio lunisa¥1afauuuannsanesiiusa 4
Usgtan laun Decision Tree, Naive Bayes, Support Vector
Machine uag Neural Networks sieldlunisuseidiu
Usgansnm

agalsfian Tunisveneraduuuyinng meidelavi
milﬁaﬂé’aﬂ@%ﬁﬂumﬁaaumsﬁauimmLﬂ%ﬂmﬂﬁh’fmﬂﬁﬂ
Hybrid Ensemble Method LUy Stacking laeanesiiu 2 aila
Ao Neural Networks wag Decision Tree wagladdanoiiu
Tunsendulasdiu Naive Bayes vilildanuszansnmiiiiy
qqsﬁummﬁm yhlsifuuuannsniugensiderenios
I@uaiugunndatu Tnsildanuusug (accuracy) 95.52%,
A1A13LTIB4 (precision) 97.21%, AMAIMSEEN (recall)

97.21% A1ANAAA (F-Measure) 97.00%

8) Tedfinveidy
TurAteddadulunsdnwssuuasianuiuly
sruulfuemavinsauguiuuuieulsiu lnefidauuud
afstuanigvhueeinisdsludmanisainadeves

LA3RIUSUDINANIINUS AN TINAE utudivesAn

ludesunuganeudsou uazynnoudiu

9) Yalauauuy
9Tl \osanszuuuiuenniasiasiugued
fdouauazfitaesiivarinuaneildlunisiiuiseinisly
Snuazvieannndu uazdednvuzvesiiszuuiiang
Fudaulunisviauvesssuniili gasiaasuenainaiy

AananlunsiiAsnzien1side saudenuiaInialeues



¥inrasdiu wazAedsau a1 ludanunainvaiely
21INSLELUNTUY

1% ™

Agdadninvesyateyanilaniugnsvinnulnd uag
pInsidgnaianuunelussuuliwindu Tneiinas
Femundfiunnnit e1avlidnuansenulunisasunis
Foufvountadasnss lugafindridiannsoldiBns SMOTE
(Synthetic Minority Over-sampling Technique) Juisms
%Jmmitﬁmﬁwﬂ'a;gamﬂauﬂa (Class imbalance) 198n3%

LU

nnAnsuUIENIe
sAdeildsuanueyasizsiann visn wames ga
$1itn Tuyadeyalniosusvemaviinsugudnuuszuy
U¥uteuUsiu (VRF_DATA CSV FCU 14.CSV) uazae
YauAM YU A. AT.UTEaIR Usidlanans 913sAUInm

wazAngTIUNAAUInY atdvayulaziuzilunuidy

I awaSaanysal
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