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A&E(Recall)o] Z+Z 0.36, 0.394 FE+= He 2 B}
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Abstract This study analyzed the actual frozen container operation data of Starcool provided by H
Shipping. Through interviews with H's field experts, only Critical and Fatal Alarms among the four
failure alarms were defined as failures, and it was confirmed that using all variables due to the nature
of frozen containers resulted in cost inefficiency. Therefore, this study proposes a method for
detecting failure of frozen containers through characteristic importance and PCA techniques. To
improve the performance of the model, we select variables based on feature importance through tree
series models such as XGBoost and LGBoost, and use PCA to reduce the dimension of the entire
variables for each model. The boosting-based XGBoost and LGBoost techniques showed that the
results of the model proposed in this study improved the reproduction rate by 0.36 and 0.39
respectively compared to the results of supervised learning using all 62 variables.
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1. M2

Zgo]y LEAA BE AHovE wEA 4%
ot AR 5 stdth AEETE A5SE P 5 ¢
2 thofet 9Rlog Qg AAgh A&, oorx A& &
I} 22 AEo] Oigt 2= HE3] UK Aoz i)
HoH1]. AlA st ¥ 2582 AAE R Frleta
om 202149l 19 30007t £9f| 0|8 Aoz oA
gt Y5 AeHoYRE 2551 e ¥ - ¥F 3=
2 operst 3 24 9 g 8919 FFO= Qs ¥
5 ZHolH ol 1Ao] WAYste] sHEo] £A4HE 4= itk
2]. 9% ZEoUR &5HE 3hE F Y5EY S5,
AR, B HAF 52 251 F& 5o Ut
BujE]7] 4 RS zt1 Q7] gRo] sHEo] &4t
A FEE ZPESt Fo|7 "gsit

2] 24 dojdtt AIE Eof, YF71004 1
PsH HH 3HEE 3719 227 A% gEo @
OFAA =1, 3HEo] =7} A55te] Eo] &40l A
71A 3], ZAHol|7} 23 UHA i 2 Q3 A
1hR|E Eolsto] &43kE0] AAMIE, &3] ¥
718§ & B48% FAA H&-Z ST wEbA
Y& HHolHel 14Z Ak Aol Fa35trH4l.
YA A 7o) Bgt o] AEo] XYL
AUt sHA|YE ¥5 Aol 1A "Ao] T3k A=
o] 2A51A] =t T3 WAL tEk A4
AA] HloJg7t opd AlEg oA TlolEE &85t AT
7F theoltH13-19]. ARE HlolH = AARE HAE
517] oj#E ookt EAEE BE 5% AHEstd
AT = YA, Hlo]E 9] E4Jo] WolAH Ao A
ol v 4= Qletl, AhY AF EA5kaAt sl
tlo]E 9] E4Jo] @ow Aol o358 A dF=
7NA= 2Aelth. ZHY AF EA= PCA(Principal
Component Analysis)t} LDA(Linear Discriminant
Analysis) 5 22 129 HolHE A& Hlo]
HE HIAAFE 1SS 59l 12T & A5l
2 dFoA= A ¥ AHolY &9 HolHE &
|oto] AL 7|82 3t 1A X WHE A4
gt Ys AHolY FAEVREY AHFE B9
Critical Alarm¥} Fatal Alarm& 1302 Aot

. XGBoost, Decision Tree, Random Forest,

LGBoost?} 22 EfAY Rdg H4%E QT (Feature
importance)Z 7|4t &2 Feature selections 4%
ot 282 FeHeE AEER] k2 Maes A9
AF EAE 4st7] Yol PCAE B AL AR
07 ZAANFY. ZF ZE¥HE Feature selectionyt
PCAE &3t tlolg 23 o]&sto] =5 o8&
o 1 "@A e Ndekgich & AFolA Aqket
P2 XGBoost, LGBoost? Random Forest &2
62719 HE WgE ARESl] A makgs T A B
o Aol FAE eI

2 A9 82 ot 2ok 132 AE, 278004
= YsAAE 2 s ey 1o ek Ay
£ AYdth 33oA= B4 ARESE Hlo]E|e} HlolE
Aol dis] Ao, & AFolA AQtshs B4
HaZ Avfelsinh 4dolA 4 daE FEsto] Bl
1, 5L ARoz upRe] gt

2.

ri

o7

[

| = JA7E A7t AFE 4 &
At mAlEd HHE THoR ookt oA ¢
TE I QU
tlolg 7|gke] BEAE st 71 ASkES Skl
A& HlojEo] Fgo] ZjtE o] = AX g5t
Aol 2= A gF2 HA L ShEo R RS 4
A6, 7]. & AFolM = 714 o5 F Ak g5 719
9] XGBoost(Extreme Gradient Boosting; XGBoost),
DT(Decision Tree), RF(Random Forest), LGBoost
(Light Gradient Boosting; LGBoost)2} 3 H]A| =
St& PCAE AH&at9ith XGBoost @2 20164
Chen}t Cuestrio] A3t EF] YHgS 7|Htoz H
A9 7Y g5 mdolth. ER AYgLrt ¥ ofg E
g BdS Adste] Hoh g5t Bdg fFE5ke] Hg
TE FIE o HRICE St ERVHEE A
o] QIt}8]. DT(Decision Tree)x= TIo|HEY &4
< 7]5te g 23 7|&E wdsta, B 7|5l wt
Ed PHiE HZdgsts ol Fdo] 1hdsta &
A AE AAH O R olsfsty] H7] wizol| siAo] &
ofsto] ARt O & fo] ARRE = &5 WHo|tHIl. RF
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(Random Forest)= 2001d Breimanol 2J8] A=
27 Egje} vi7 &a1¥]&(Bagging Algorithm)< 7|
o2 st FAE WAl Y Wit I 2 R
EA0 A8 5 AZET of g AT LT} =11, Hpe
AeoAE £2 452 EATHI0L LGBoost™ @
H2Aq 7)6ke] Rygoz 7]&7] 7k vE BEEEEY
9l GOSS(Gradient-base One-Side Sampling)2} i
ERA W4 F-59 EFB(Exclusive Feature Bundling)
£ A8 ETE Edvlo gz £t w21 & Ao]
29| HolHE tE 4= JloH ALLE §5iH11]
PCAE 19014 Karl Pearson®] =530 VA
9] HlolHE AAYY HolHE AeE FAaA7= W
Holth, F&olu ko|27F W TolHoA /o]
=2 JEE F2T o AREShe Wolth ¥ HlolH
9] AP SATHHA 1 HolE e EAZ et &4
Qo] Aej= Aol ti2l. £ dAolA AR ¥s A
gloji9] E4& 627HAleH 11 F 1 "Ao] 2%
FE B, 754 B WFEE PCAR LS 5

as3fo] dlojele] 542 Hefe AeiFoick
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Zhimin Du¥ HVAC system©j4] 8l 2542
7] &=, Y7 8 5 37 Z37]A WSt o]
A& AAS] s AlEdolA HlolEE olF QIFAl
7% (Dual ANN)ELHEFS AFEolo] eAE, FH
2 9 AR A9 BA 2E4S IA FEAIFHT3L

Tran, D. A. T= 94 ¥27] AA”19] A% 7] €
At 517] 95 ASHRAE RP-1043 A& 04 dlo]
EIS ARESto] 2k X1} 4o 7|9kt LSSVR 2 3<
AQtet, yAEE JHf 45H 2.5% BS54 7hA
0.5%, Yl = 8.15%, 5571 2.26%4 14L&
S AIZTH 4]

Dan Li= ¥717] 23 44 4 At #AE o5 &
A E5F EAE 413} k= 294 LDA 7|4t HlolH
7]9F A2RS AAlotg=tl, ASHRAE RP-1043 A1EH|
ol HloJE & ARG5St 77]9] WAl Ak 454
oz A 9 FdstArH15].

Ronggeng Huange 93 £57 ¢1E&E 7|dto g
St 94 Y7z 1 A 2Ee AbskET], ASHR
AE RP-1043 Al&#°]4 HolHE AR&sto] Bt 86.
3% Accuracy® 771A19] A3rS AEsidcH16)

Li Ge 94 ¥Z7] 2% A4 9J8] PCA-R-SVDD
ndS A9t T, ASHRAE-RP-1043 AlEdo]A
Hlolg 2 W75t An& PCA, SVDD ¥ PCA-PC-SCDD
371 71 "ol wls) A% AR A JhAE AaE
TEFH17].
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E & AM&oto] F1-Scoregto] Bt 09791 =8t 2k
35< 2dsitHisI.
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3. HOJE] L ¢ TZMA

3.1 HOIH

£ AFoA = HoflAA AlZwE2 Starcool At
AA Y oY &9 Hol"HE &8st & 111
7He] AolHAA 2%, AL, L7V 59 ths AlA
2RE A 7102 44 tlo|go|t}, %o T
S 7 7o) TAESE AJHo] 17 Hlo]Ej7t ABAAA
H % Holge 1o digt JEE AQst e E4
gl 715%HA &l =o] A}, =39 Hr. flojg&=

1) 20199 Starcool WFIE HFx
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& 299,57670°1% 1 Fofl a2 31,850717F A%t

©
T3 E dlojE= AW FHEE T F 67719
E4E 20 5lom offf Y Table 13 Zth
Table 1. Data Features
NO Feature Full Name Unit
1. Time - -
2. Container Container Number -
3. Type Collected data types -
Temperature o
4 Tset Set Point ¢
Evaporator Heater Average
64 Hevap Avg Status %
Mpump Motor pump o
65 On Avg on Average b
Battery pack
66 voltage Battery pack voltage )
67 Mpump.service Motor pump service Hour
runtime runtime
3.2 1% Oo|H
9] 3,180 =38 AA| HlojEl= F 299,5767H

oltt. 1% 1% dlojE= 31,8507H= oF 10.6%= B9
stqich 1 glolEole 179 AR Y= Active
Alarm3t 749 £& ¥+ Inactive Alarmo] &4
sh=t] B Ao AE Active Alarm¥t IO & FHF
511, Inactive Alarm A0 2 Hdhs)al BA5H9I Tt

A AL} JIHRE Fof 2 "olH gt 2
7HA AHE ERlskiE A RAR 1ol AZ =T}
ZA5tH 1 % Critical Alarm¥} Fatal Alarme] ¥
2 o Y Aol Azt Z2AE TA8AE = A
o= AL ZAsH olof]  AFoME= Critical
Alarm¥} Fatal Alarm%t Y402 o519 0™, Log
Alarm™ Warning Alarm AA0z wohsla 24
Skl

T+ HAE A7 17go] WA t= o] A HlolE o
T 1 A7 yEhg £ dve Ag Rl 1
A o] WAstr] AA9 Holgoe 1goleh=
Label golo] HE53 149 5 85300 of
9] Table 2= AAZ & Ao AMESE F HolHY
5 Yt

Table 2. The number of data used for analysis

Data Type Before After
Normal Data 267,726 295,853
Abnormal Data 31,850 3,723
Total Data 299,576 299,576

3.3 HI0|E| HMx{z|

67719 W4 5 AH oW FEE 2Tt Time,
Container Number, Type, Event ID, State2] 5719
Haps B4 EZRsh] gl AYAIZILL, 62719
HPE 240 AMgSHIH. 4E dHolE s B4 Tlo]
B} 17 o8 & Nullgte] &Xj5h7] w&o] &
TFolM= Zt H Ao WA AEAE of9 Table
39} o] H7hsl3dr.

Table 3. Interpolate Method

Feature method

Setting Value Use the previous value

Numerical Value Linear interpolation

Use a new category &
Use the previous value

Categorical Value

Tset, RH_set, CO2 set, O2 setd} 22 AA7F ¥
FEZ AP A4 hEol7] Wl o g AR
sto] B76Ilal, £AY HEES AY BOHE AR
sto] E7Felch A4¥ EZFH(Linear interpolation)
olgk & 9 ko] FolFe Wl L Alolofl HIX|RE gk
FA57] fsto] 24 Aol weh AP Akt
of AEX & Hbste oIt HolEeF AEA] Ato]
—4 FES S S22 AAE T 5 ] YRl ST B

= ARGt B & ®ieE 4719’7 dE

] o 2o EE3} HeE sioit 18 iRy Hes

o]M9 = AMESH EAMHT 7lE| o= ‘CA', ‘CA

DEF, DEF 5 ot gh=o] EAsh7] wi&el 7L

2] =0l 479 ulzt dekal Aztste] A= 7HE
18] ZE TE0] golE ARFE APk

EH(Feature selection)2 HloJE1E §820&
Hp0] s £0] S5
l= 9 ¥ 59 A=
Aol 4709 EgAE

4 2 MEH(Feature selection)
P

OO

gohs ZloIHH20]. &
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Ha 7 27

ez RE 7179 ¥4 %9 T (Feature importance)
£ Foto] ZHdER oyt vt 1E skt
78 GG FoA RUEL A9 15719 WS A

stof BAsHeIT.

HE A2 ol 33914 At B7HH-E Hlolg A
o AL3kct 182 Train® TestE 8 o 29] H&
E UHE § £253E A8t 1 % EYAYE &
F ¢38&9 XGBoost, DT, RF, LGBoostE &3l
Zr ndd 1% €92 F QS-S He S35 (Feature
importance)g 7|9to.2 Foplict, A% AEIIL
UEHE Bl 8 W ARHES= Aol H[&SHo|
A ZEAHQ AL gRlstatt. Tt & =RoA= &
‘d 58&8} PCA 7|¥E &85t tlolH9 A& &
Aolgink 11 & HEEE 0 §A] R ¥p0 PCAY
= A4 EYAQE 7 ¢1gEE AHgote] 1%
A BRndg Jpdstet. J83 AEdy, PCA, 5
QReET ALk o Aukel vl 9 BAg

l_

o

Operation data of reefer containers

1 Data preprocessing

Standardized data

l

Extract key variables by feature importance(XGB, DT, RF,
LGBM)

|

XGB Key DT Key RF Key LGEM
variables variables variables KEE:I
N - . variables
PCA PCA PCA :
variables variables variables FECA
variables

Supervised Learning(XGB, DT, RF, LGBM)

Fig. 1. Research model

3.6 MsXH

$19] 3.39] Table 39914 & AFLolA ARESE Hlo|H =
ZA EFF(Class imbalance)ZA1S &QIg 4= St
E73 dolHE AR A FZ = (accuracy)tt 7HA]
1= 852 BT ofg) 1 o]+ &5 E948

S o=
A5 RABLTL T 229 AU A DE $2

A HZE(Accuracy) # Tt ofU £+3 HlolH
9] J5 WA R ol FUE(Precision), HEE
(Recall), F1-ScoreE 271491 LA m2 A5t}
3= (Accuracy)= DA Holg & @A &3t Bl&
2 Yelf1, AUZ(Precision)= Positive(FA) 2.2
&3t A % AA Positive(FA)QN A2 ¥LS Lt
e}, A& &(Recalle A Positive(FA) 2 Fol
Positive(FA)O.E &3t A o] ¥]L&-S ehdich Ad
E(Recall)& AA] 14 IHOE 53 HlEZ UE
Y= AsAEe]7] 2o & Aol 71 83t A
S A O]t F1-Scorex AWE(Precision)?} AdAE
(Recall)9] 23}gats QJulgict.

Table 4. Performance indicators

Index Formula
Accuracy (TP+TN) / (TP+TN+FP+FN)
Precision TP / (TP+FP)

Recall TP / (TP+FN)

B 2*Precision*Recall/
F1-Score Precision+Recall

=]
4. M ZAut

4.1 REE X=skE Ay

ol#fj2] Table 5+ 627]9] ¥42 mEPEE R =ek5at
345t Aitolr}, FAof| ARESE H|olEl= &+t H|o]
Eo]7] W&o Accuracys BE ZdojA & ygith
DTS RF 292 27} 0.75, 0.709] A& E(Recal)S
71Z3519 AR XGBYF LGBM2 Atid oz Y2 (.26,
0.339] AEE&Recall)S 7=t

Table 5. Supervised learning results

Model Precision Recall F1-Score Accuracy
XGB 0.91 0.26 0.40 0.9904
DT 0.73 0.75 0.74 0.9934
RF 0.82 0.70 0.76 0.9944

LGBM 0.44 0.33 0.38 0.9864
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42 ZHE PCA Zit

o}#9] Table 6= PCAR YL =451 A Lds
< YT Aol #}@_oaﬂe 90%% 39S d,
62709] W0l Al 21709] ¥R ZAadTh 2wk 2
3o H]3] XGBoost2} LGBoost94 AE-E(Recall)o]

432 2t DY ZQH XSk Ay
o}#9] Table 82 FaWHHto 2 4719 Hlo]g A&
TS0l Z HolHE VA RdR 243 Fitort
XGBoost?} LGBoost= DTY FoHS,E 7dtog &
A 519 o, A=sk5at PCAYE 285t AvtEct A

A=

34 FAE 0] F1-Score7} At 5149k DT RF - &Recall)o] 22} 0.62, 0.718 55t 22 452
9] AFL(Recall)2 Robd AL AT 4 Ut} Bt} 544 DTO RF RES XGBY) Qg 7]
gtog BASYE off, ALg5T £33 daket A3
Table 6. PCA results E(Recall)o]o|A] & A}olE WA Lyrt.
Model Precision Recall F1-Score Accuracy
XGB 085 0.52 0.65 0.9928 Table 8. key variables results
DT 0.66 0.66 0.66 0.9915
RF 0.84 0.63 0.72 0.9939 Model | Precision | Recall | F1-Score Accuracy |importance
LGBM 076 063 0.69 0.9929
XGB | 083 | 062 071 0.9936 DT
DT 072 | 074 073 0.9931 XGB
7t ol XO |:|:| SEA 747
34 =2E F2 A=2ig 2 RF 082 | 071 076 0.9944 XGB
431 2t RAH Y| 1671 FH LGBM | 076 | 071 0.74 0.9936 DT
Zy 294 Feature importances B A9 1574
o] F9HSE H2 2% Table 73} éﬂk A 44 7F mEpy =Wz 4 PCA W 2| EEk ATt
= EXERE TS 12 B354
TAR FEYRS Han, J9 AYATS BT o) 4319) Table 7914 AR 2w 4

(21]. TESF S AR QIEH g E3 2=q wint

g3 Aol B §ZHolA HEAQ AL BASL
7 BEE 1Y gAd 323 WL e A4S el
@ % 9t
Table 7. Key variables for each model

No. XGB DT RF LGBM

1 Tusdal Energy Energy Pdis

2 Energy 02 Mcond_avg Umax

3 Psuc Vhg_avg Tcargo RH

4 Tset Tset Tusdal Net_freq

5 SH_act Umax Vhg_avg Tcargo

6 Vhg_avg Tpump Umax Batt/i?t/gg:(:k‘

7 Net_freq Net_freq TO Tret

8 Umax Tcargo Tusda3 Tint

9 Vexp_avg Tsup Tpump Tfc

10 TC Tevap Tsup TC

1 Hevap Psuc Tret Tamb

12 12 Tret Tusda2 SH_ref

13 Tret Mcond_avg Tsuc Psuc

14| Tret_instant SH_ref Tret_instant Mevap_avg

15 Tcargo TC Batt/i?t/gg:(:k‘ Tpump

1570 F8¥4E A9t UmA 470 BAIEE
90%= PCAE Fsto] AL HA4A)7]2L F a4t
A Axeh5e SHetqct 24 BEHE 9 15
7NE Z3sto] XGBoost= 337, DT 3270, RF:= 32
7N, LGBoost= 32719 EACE ZAFE L)

Table 9. key variables + PCA variables results

Model | Precision | Recall | F1-Score Accuracy imFssrtt:;ece
XGB 0.84 0.62 0.71 0.9937 XGB(33)
DT 0.71 0.74 0.72 0.9931 RF(32)
RF 0.83 0.72 0.77 0.9947 RF(32)

LGBM 0.78 0.72 0.75 0.9936 RF(32)

919 Table 9= 4719] HolH & 747 A =ek5g 4
FotdS o, 7P =2 AAERecallZ HERE dlo]
He} 235 RojE) 7t nd¥g XGBoost: XGB

719ke] FaW4e} PCA WSS ARESIAE W 0.62,
DT& RF 7I5te] QW49 PCA W45 AMESIGES
o 0.74, RF= RF 71919 89401 PCA W& AMS-
319 10.72, LGBoost= RF 7]§te] FQW$
PCA HE ARSI W 0.729 7MY =2 AEE
(Recall)& &QIstrt.
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2 AolA] AEE 4714 S| e HISHSIS
] XGBoost?} LGBoost BE-2 £ HILo|A] AQts=
2US 0]8519S W) /F W AL SRS Bk
1831 XGB+= XGB7I4H] o8& AEstSi= W 7t
& %% A5S HAT, LGBMS RFY 7]4t9] glo|g

£ ARESIE W 7MY 2 45 Btk DT RFY
§ g5l & Aole fIAIRE PCAE ol-8&sto] A=
2% F A =85S o AP E(Recal)o] HasH=
<  FRISHYLE  ofFfe] Table 102 A4U:
(Precision), A@&(Recall), F1-ScoreE AME3SH &

A3E et Eolo

ﬂll

o

g
O
g

N o, ﬂl

S

Table 10. Final results

Model Method Precision | Recall | F1-Score |. Feature
importance
SL 0.91 0.26 0.40 -
PCA 0.85 0.52 0.65 -
XGB
Key 0.83 0.62 0.71 DT
Key+PCA 0.84 0.62 0.71 XGB
SL 0.73 0.75 0.74 -
- PCA 0.66 0.66 0.66 -
Key 0.72 0.74 0.73 XGB
Key+PCA 0.71 0.74 0.72 RF
SL 0.82 0.70 0.76 -
- PCA 0.84 0.63 0.72 -
Key 0.82 0.71 0.76 XGB
Key+PCA 0.83 0.72 0.77 RF
S.L 0.44 0.33 0.38 -
PCA 0.76 0.63 0.69 -
LGBM
Key 0.76 0.71 0.74 DT
Key+PCA 0.78 0.72 0.75 RF

452 M¥s HlW

A&-E(Recall)S AA| 1421 A Fo 1AL
HIEEA 4 "AoM= 7 5835 H5A#o
9] Table 112 & AFolA AAE =4
XGBoost®} LGBoost®Eo]| ARt wo] ojst A&
E([Recal)& v|wst #o|o}, BAY 7]Hk9] XGBoost
9} LGBoost 229 A &dLE(Recall)o] ZA FAH AL
FARL ofe] 79 AEd ERE AMSSHAITE T
5] A3E Ha e Ao] oile ZAE B1 9H0
gt 7FSAE Foigtth 121 VAT A8E o

o
A

o{NﬁQrSE

o)

o disixl= Fgol =
Z23o]| gt e QS 0} O] H22 2912 vHe
ZHog Agsict olof| B o)A Aotets nd =
B2 7]HHe] XGBoost?t LGBoost] A5 TATH
AINE Y

A=E FAIE
10

rulo R
%
ofl

Table 11. Model performance comparison

Model SL The proposed method
XGB 0.26 0.62
LGBM 0.33 0.72
5,4 E
£ AFolA = Hofl2AlA A& Starcool At

AA G5 AHolH 29 tlolHE o= mily
719ke] 1 A FoWSE SEe g 'R 2 A
AE Attt 1S AP0 Mdsts A2 He At
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