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Abstract

Refrigerant mischarging is one of the most frequently occurring failure modes in air conditioners, and both undercharging and overcharging

degrade cooling performance. Therefore, it is important to accurately determine the amount of charged refrigerant. In this study, a support

vector machine (SVM) model was developed to multi-classify the refrigerant mischarge through steady-state identification via fuzzy clustering
techniques. For steady-state identification, a fuzzy clustering algorithm was applied to the air conditioner operation data using the difference

between moving averages. The identification results using the proposed method were compared with those using existing steady-state

determination techniques studied through the inversed Fisher's discriminant ratio (IFDR). Subsequently, the main features were selected using

minimum redundancy maximum relevance (mnRMR) considering the correlation among candidate features, and an SVM multi-classification

model was devised using the derived features. The proposed method achieves satisfactory accuracy and robustness from test data collected in

the new domain.

Keywords : system air conditioner, refrigerant mischarging, steady-state filter, moving average difference, fuzzy C-means clustering, mRMR
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o] Wate BEsto] A wx Aol th2 £ Hgo| 5

of o]z A 7| WhE H3E W 452 A 9 718 drateiet & toll= RFE(Recursive Feature Elimination)

2 of o 7 W& ol A A Bh= TheFet e o] ng =S 1) 714k @ Ze| A E(random forest) R E- 2851 EX] AEl

Aetal Fdskes 2he] aHh % Yo 25312 ofjo] 71L& E3)] VRF(Variable Refrigerant Flow) A]AE] Q] yuj
A Yo A RISHA WA= 14 HE F SR, A4 & QE2H BAE o =3 AT(Li et al., 2020) S Puj 2 =4 &

AF diu] S3 25 AlE9 A5 AstE olojx| 7o) @A 5 AE Atk T2 o 25l n el Ffuksls o r AP E 9ok

A gtz o & #Ahst= Ao] 2 8FcHKim et al., 2021; o] @3t AR TE e o] Ajdbol|i= ah< w1 of] AFR-E do]

Kim ef al., 2022). o]of w2k, ofojzio] Wulko] whe A28 gjo] WA 7o) WK o2 b HlofE] WA alo) =

o5 S agRIee] ARt B2 A A E o frow, Kimat chopst 7w o] gt @ e vk, 1 E wlo] o] Fe %
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2.1 Fuzzy C-Means 233} ¢ 18| &

A8 da1e| S glofE mleld, AlAIE 24, 2
Q1A 3} o] theFgt ok Eokoll ARE-H = BIA| 2 B3 7]
2, tlolE 1te] A& S5t AR §1%] €] HlolE
Lo 50 = A ofsh= 7 olth w8t dare|Eell=
(partition), A]Z=(hierarchy), I x| o] Z(fuzzy theory) L]
3 (distribution) S-o]] 7]9F3F t}ofgt 7| Eo| ZA| 5}, FC
%@ﬂ%ﬂﬂ%&ﬁmmwﬂﬂﬂiﬂﬂﬂﬂ%ﬂ%A
ZE 3 3Ksoft clustering) 7]H o]t} o]= dlo| g7} th4=9
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2.2 Inverse Fisher’s Discriminant Ratio

FDR(Fisher’s Discriminant Ratio)-2 T 1x}] Ho]g 1&
o] Zol3 ), AN B4 ulmalo] 5 18 7he] Aol
A2 gl 2| TR A B8 ETH Webb, 2003). FDRL: 4]
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S48 08 77217k W, B Ao T8 ) dato] 248}
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2.4 Support Vector Machine

SVM(Support Vector Machine)-2 37 & Hi5 B Alof 2
= HEA S A sk 719k waled REem, 2zt %
220 == o] H & - 5h= 23 H(hyper plane)< A4
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MAD based Fuzzy C-Means
Clustering
(Identification of steady-state)

Input data

| Feature Engineering |

| Calculation of Moving Average Difference(MAD) |

| Binary clustering using FCM clustering |

minimum MAD

|
4

| Identification of steady-state cluster with |

Calculation of feature importance using mRMR
algorithm
1

¥
| Rest input features |

| 1* ranking feature |

oderafe
correlation on

| Best feature combination
I

| | Remove feature

A 4
[ Training datasets | [ Test datasers |

Tuning SVM model with
hyperparameter optimization

Multi-classification
using SVM model

Fig. 1 Flowchart of the proposed method
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Fig.2 Schematic diagram of air conditioner

Table 1 Experiment temperature condition

Indoor Outdoor
Condition
DB (°C) WB (°C) DB (°C) WB (°C)
Standard 27 19 35 24
Overload 32 23 43 32

2 e A5 Yo 03 ekl sl s uhs-
shm 7lEo) MM RRE £UH ARS 410w B85}

ALt 2 BAS uhgo = Y g o] Fasith
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28] Yol A whiet Aine Wsle BTHo R e
e QLAY Sol i, o] 5] sk 9319} B el )
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Table 2 Generated features

No. Features Formula
) 2. EEV, « capacity;

1 EEV opening - 5
> capacity,

2 | EEV superheating Zi 1(]:”1” out — Levap, i)+ capacity,
2. capacity,

3 | Evaporator TD Tirin — Tevap

4 Condenser TD Teond — Tairou

EEV(Electric Expansion Valve): YW B =, T, 0 =27 S
2%, Topou: L7 BEEZLE, Tay UY2E, Tou o5k,
Tirin: AW FY F7N2E, Tuirou: 2] Y 3715, Capacity: 4
W &

Table 3 Engineered features

No. Features

1 EEV opening

EEV superheating

Evaporator TD
Condenser TD

Subcooling

Superheating

Discharge superheating
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o] Waalrh. o]o] me Thoat g7} o] ¢
B Ao A 7|E0] FEe] AAE et B, 2
ol w2 AAATE Al AntE 8| wskgch
Cao%} Rhinehart(1995)+= EWMA(Exponentially Weighted
Moving Average)S &85} MSD(Mean Square Deviation) 2}
MSSD(Means Square differences of Successive Data) 7+2] F-
SAF 2 BSHE k= 71 Atk Wan 5
(2021)2 Yrl -2 Al Lfh s 54 of sl 187 544
glol8 & stute] T1F0 = stod, s T1m W AT BEAF 1%
ulgto] Bl 498 FAANE R Basialc = 7)ue) 4,

chAsE dlol el o] A8 Al 242t SA) o sl B | e A8
3 WABHE 7S FEA 07 AR dosla g EX
O A7t Eoluhs 5 B E sl 7|0l 244l

A= A= o o) A A FlT. Fig. 32 A e 282 f18l A
|5 S o whef wekE AL H A7ke] 2715 vrebd e
Lolw, 54 7 F7Hetel wet HFAom s = A4
FH 8] 1ol FrotAl = wAlE 2H4lsk3 T Kim 5(2008)-2
ASHRAE Standard 37-2005 ]| -4 3} ¢-4 35 A] & o] A ¥ 3}
Fol 7Hd & 54 9] Bt} EEHAE E8-5ko] HA e

= 913 YAGS sk o] F, A & bl T

AAB] e f A R ET B g A

ot

EE (Cao's method
I Wan's method

EEE Kim's method
HEE FCM Clustering
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Identified data
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Number of features

Fig. 3 Comparison of steady state filter results
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ofof whef, 1 ATl Az Tha0] EAL B Aol w23},
Azbol w2 B4 o] wskgt w0 7+o] 7 2] S B-g5te] A
AT E Bksha) Gk WA A7kl mhE WEkeS
a17] 15} 2t A0 o]
A¥GEF, 2 (1)} o] Q1743 5 9% 9(window) B 719]
o] oju]sH= MADS A4k}t

3 aH(moving window average)=- 7|

MAD, ,, = IMWA, , , — MWA,| (11)
MWA= iR A=9-of siddhs Bt o2 HE7te] 49
of whet, oflojzl WiollAl f-ojulgt S-S ghelek 4= Q1= 180
=25 Bt ALES AT 24 A 272 AAskich gt
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& Be R e AADS] At et
= A8k 2H, o] & Fig. 40f Yreb )l

“d+t3ke MAD d|o|E| 25 dlo]¥ 1t 7 2]of upzt A
dlolEl S B W AR o 4 23] 99 24 Hes
Aol 2] Yok oF el 28 A Elsh et 24 A2 A5t
= U2 0 2= 1|34 0 2 K-Hat %3 (K-means clustering)
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Fig.4 MAD graph of Evaporator TD Fig. 6 IFDR for each identification method
BN Condenser TD MMM Discharge Superheating Table 4 Feature ranking based on mRMR feature selection
N EEV Opening B EEV superheating
I Evaporator TD Subcooling Rank Features I Selected
I Input Current Superheating 1 Condenser TD 1.000 Yes
2 Superheating 0.079 No
0.4 3 Expansion valve opening 0.477 Yes
% 4 Subcooling 0.486 Yes
0.3
= 5 Discharge superheating 0.640 Yes
=
;3 0.2 6 Evaporator TD 0.608 Yes
' 0.1 7 EEV superheating 0.043 No
8 Input current 0.415 Yes
00 151 Cluster 2nd Cluster
Fig. 5 Boxplot of MAD in each cluster & AehE Hlaskgich Fig. 62 2t 549 IFDR gk AR
9152 Lpehl ol m, B Aol 4 A A3 FCM 2733} 7]
olE|e] %5 A% E AAY dlofeleks BAo] Arlol, BHE  uk Abare) A1 7]Wo] 0o U IFDR gho2, 9H 7k
FHiolA TR = Weke S A o= Fsks) 7ro] Aol o] |7} Bl Ad AutE S H s S-S ¢la)
o1s) kel Yol 7t 5 24 mie] 8 4= QlH= FCM 2 gir}
Aot daEES A8k AFH o, daelse| et
aehE o0 2 F A E ol sidshe RS Bdsh 6. F Do s
918 2t 310l 43 598 7 MADE A¥staiet.
Fig. 5% o] 249 & 12§ W 5380 7HE B 6.1 mRMR @312} 7|5 57 A1)
MADE Ltehih ZLgdo]m, B MAD7} 347} 5l 5 i)
- - - U= =2 Un= o= ullx o] 1 3lsl = tloks
2] ~E](2nd cluster)2 AL o Bletals w7 o 2 whck JEAtolE2 Yl S =, B 193 Fustshe vt
= R=i¢} e =)
shgick 2 71M el A9, 2Yst Auel B shg el EEER TAH AU A 2832 AL i HRE
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= = = SEO
E2) 2oof W HAMAE] A1 © 27} uFAlE}R] OFofThs 21 S ohFet A4S U A Q4o = AP AR JFE A "t
Fig. 32 4] o 2= o)k Aol f4 7b0] GRS EAE 71 2 AP 0.2 o]of
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Table 5 Confusion matrix of classification result

A R AFE Hg A

ot

Table 7 Description of test data

Table 6 Classification evaluation metrics

Predicted value Charge level | Load condition Label
Refrigerant (%)
70 80 Normal 120 130 Test Data #1 90% Overload Normal
70 429 1 4 0 Test Data #2 100% Standard Normal
80 0 501 4 1 o ) ) o
;Z?; Normal 0 1436 : Table 8 Classification evaluation metrics of validation
120 0 1 434 Accuracy | Precision Recall F1 Score
130 0 0 0 394 Test Data #1 0.944 1.000 0.944 0.971
Accuracy 99.4% Test Data #2 0.999 1.000 0.999 1.000
Total 0.972 1.000 0.972 0.986

Refrigerant (%) | Accuracy | Precision Recall F1 Score
70 1.000 1.000 0.988 0.994
80 1.000 0.990 0.990 0.990
Normal 0.999 0.994 0.994 0.994
120 0.998 0.995 0.998 0.997
130 1.000 0.990 1.000 0.995

of 23] oful(Spearman) HTASE A BHES A%
o= Aeshry.

62SVM md B4 W BE A3

mRMR ¢a12|E 7N 54 Aoz 25 A9t 54
Z3o] tisf SVM = 8h5-5- X1 3kqich v £7E 919
SVM =4l 9o] A2 7 A|(decision boundary)+= One-Versus-One
o2 A5kl on, 7148l stolwulkeinlE A4S 9l 4
A} E-A(grid search) @} k-fold W2} AZ(k=5)S &85l ¢, v
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