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et al., 2013), 124 A & % (Stationary roadside) =73 (Bukowiecki et al.,
2010), 2= A o] % (mobile on-board) =74 (JeZek et al., 2015) .2 &
T vk oot S SAHAUHES A5 543 A wep A" A
Agtalo] AFEst Atk ggo® PMO Hdecle A R-acql
(Karjalainen et al, 2014)% x}&F 9% 821 (Suleiman et al, 2019) = <
THH o] 7lFog AYAdTE HESL FFLNE FAHoE I

btk mhAuow PMel Ggacle BAS: Y W JE £d
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o
kAl _E%E]l’ At EAZIHLS 71EE Al (descriptive  statistics) #2444

oA 24 %L%*—*y, ﬁ%ﬂ%ﬁ, BA2E 3724, 23R o]

dlole] st dlole wlold(Data Mining)¥ FAMSHAl A3, WA
FHE EAT vt HelHEREH A4} AAlEE FEk=d 1St
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ANN, 423185 SVM, XGBoost & tYst darg]5a #alefd 7]
W 5o 8% ui(Elangasinghe et al,2014; Le$nika et al, 2019;
Suleiman et al,2019; Xu et al, 2020). weba] o] F 7FA] FATHHE9
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Rack (Main Control Program) D O M| =

% F|:| |_]I vl B
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: E E Slrnplinu

i By pass i :
Air I:}nnlr L-d) dhaiaig®
l [ ] i:: CF\" Rll:k :

: oo | Ao i!d&hﬂhﬁé :
CRSD-7000 DAR Sampling :
e i N o— l : B
i ] ' ; : ‘-BME
CVS-7400T Sampling Unit l LA
72 Inch (Constant Volume Sampler)
Chassis Dynamometer $
....................................................................... p." Ll
A& : Jung et al.(2019)
<ad9 2-1> AFA AdEEA-CVs &8 PM =4
2. 1R AEE S
T2 1Y FhoA oo Ao s S8k <19 2-2>9 =
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2 W 5ol Fuel taw #4d 228 & A PM EA A
3t 87 Qv Bukowiecki et al, 2010). =W AS, wjd=A
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< 22> 14 AER WETks SR

NEA AF 5AY

=4S 9% AH(PEMS, Portable
Emission Measurement Systems)E <1@ 2-3>3 o] Ald x}eko
gAste, dAl =RE FPHA ME7tEE AT A el Al
AME "EAEta, AAE w7l Fol dAste] EAsk=d (Jezek et al,
2015; Pirjola et al., 2004), =] A 22} AejrzFs] Ay S &
|5 Atk wuk o] WS AA mRoA S

dRAFe oz 4§ s gl

o =

oEA WEE ZHe Wz
=

2o AFFA S4UH(Wang et al, 2012; Park et al, 2011,
Kittelson et al, 2004)& S573x+7¢ wlZA 5 (EFs, Emission Factors)
S48 BRE #F AFE A" AR oegrb, PM wlES 54
3lth(Pirjola et al.,, 2004; Karjalainen et al., 2014). o] ®-2-& #z 2}
of et drg FAHo] Aol wFE kel tEk Algte
ol MAl wFFHe] ApFA FEAC oy gl Utk E
o] PMe] #& A7l PM S48 43S vA Qo] dHeoly A=A
o] ojx]= o] Adti(JeZek et al., 2015).
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CPM HESAE AP radd 4P gradion Rt

A - 2Q1e AFAF, 54, A, TFAAY, =TS AEA
5 (Geller et al., 2006; Bikas and Zervas., 2007; Karjalainen et al.,
2014; 349, 2022). 53] MAUAE AzstE DPF A4sESs A
sk SCRE H-&e A#o] d=4dd wEs&rles drtd =
st=7Fs 43 Alg7F tiE-E o]t (Geller et al, 2006; Bergmann et
al., 2009; Dallmann et al., 2011, Karjalainen et al., 2014). Guan et
al.(2014)+ =2 FHE NO, AS 918 SCR 4A9 7= sFS A

Hhx o 2 A EE 9o Quiros et al.(2016)E W 3EAE2e] AR
A (SCR F3), A7t stolBg=) wet AE29 NO, wEHS

stk AF free wEY WEEH, F4, /1L, 2%

-

Mo
)

2

4 53 5o] AtH(Elangasinghe et al., 2014; Krecl et al., 2017). ©]

805 ¥ SAZE EVbessta 800l EH3shr] wfidol <1
of oy Fo] wEr. wekA Wl FA7F 7ted A UFEQ

%259

il

et al, 2017; 743, 2022). ¥rd d) 151 o7 s &85 vAlE A o

29 24 #¥ dye dely 240l Aty

(Robustness)o] & Zo2 Leld glo] H o Fue A7} 2

Z o]t (Lesnik et al.,, 2019; Suleiman et al.,, 2019; Xu et al., 2020).
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<E 3-6> dleolE 712 EA £A(KD-1472 =
an A2 Rk 2 A g ul 7] g FA =
" () (kg) (kg) (cc) (km) et
mean 9.7 2,742 492 2,389 157,854 38
std 4.1 903 637 495 94,972 0.8
min 2 1,325 0 1,396 1 3
median 9 2,855 0 2,497 141,402 4
max 35 39,105 25,000 16,991 2,244,437 5
EAth SAARL o] Y] o] A4 PM
= (D) (m) (m) (m) (km/1) (%)
mean 55 49 1.8 19 12.1 8.2
std 2.8 05 0.1 0.3 3.1 135
min 1 05 15 0.6 2.7 0
median 5 5.1 1.8 19 114 3
max 49 13 25 23.3 185 100
<E 37> AF R 72EA #A4(KD-147R =)
Bk
S 14 A 2 A = uj 7] g T A o1 7]
v (d) (kg) (kg) (cc) (km) =S
mean 11.7 2,479 22 2,485 171,150 4.2
std 4.3 47 615 460 89,673 0.8
min 2 1,600 0 2,143 87 3
median 12 2,435 0 2,476 160,378 4
max 27 39,105 25,000 16,991 2,136,740 5
PREIN Ao Sk =0 L
e | eAd oS o o e 20
mean 72 48 19 1.7 11.7 11.2
std 19 0.3 0.1 0.1 1.8 16.7
min 2 35 15 14 2.7 0
median 7 4.7 19 1.8 11.2 5
max 39 12.9 25 4 37 100
=9
S Skl A 2 A = uj 7] & TP A Uk
= () (kg) (kg) (cc) (km) 7w
mean 10.1 2,592 246 2,270 156,442 3.7
std 4 1,186 709 631 97,805 0.8
min 2 1,325 0 1,396 1 3
median 10 2,255 0 1,995 138,057 3
max 35 12,425 4,600 7,684 2,244,437 5
PREIN Ao Sk =0 L
e | eAd oS o o ) 20
mean 6.6 48 19 1.8 134 7.3
std 3.2 0.6 0.1 0.3 2.6 13.2
min 1 2.7 15 13 4 0
median 4.7 19 1.7 13.3 1
max 49 13 25 4 112 100
- 25 - St



5
o 7 59 A WoE | Fane T
" d (kg) (kg) (cc) (km) 7S
mean 8.8 2,959 857 2,499 156,654 3.7
std 41 262 246 236 92,665 0.7
min 2 1,390 0 1,422 17 3
median 8 2,955 1,000 2,497 141,262 4
max 30 3,495 1,000 2,957 1,447,333 5
sl 2] 0 Zo] U] =0] ] PM
Atk 22314 9
TSR E) | (m) (m) (/D) (%)
mean 3.9 51 1.8 2 10.9 85
std 1.4 0.2 0.1 0.3 3.3 13
min 1 05 15 0.6 5.7 0
median 3 51 1.7 2 109 4
max 35 9 2.5 23.3 185 100
<HE 3-8 AT 7 xEA B KD-147TRE
Z8
—u 217 F50 ERE g | 8 e
- () (kg) (kg) (cc) (km) b5 w
mean 10 2,113 0 2,070 145,430 3.6
std 3.7 278 0 283 75,086 0.8
min 2 1,325 0 1,396 1 3
median 10 2,125 0 1,995 133,582 3
max 30 2,995 0 2,993 2,244 437 5
o e 2ol ] ol ] PM
- (D) (m) (m) (m) (km/1) (%)
mean 6 46 19 1.7 13.8 6.6
std 1.3 0.2 0.1 0.1 2.3 13.3
min 2 35 15 1.3 6.4 0
median 5 4.6 19 1.7 13.8 1
max 34 3.7 24 3.2 24.2 100
sh=
o A e A MR | rae e
= () (kg) (kg) (cc) (km) b5 w
mean 94 3,167 939 2,597 166,422 3.8
std 4.4 903 554 474 106,881 0.8
min 2 1,970 200 1,998 17 3
median 8 2,975 1,000 2,497 147,126 4
max 35 39,105 25,000 16,991 1,447,333 5
o A 2ol ] ol ] PM
- (D) (m) (m) (m) (km/1) (%)
mean 39 5.1 1.8 2 11 9
std 15 0.4 0.1 0.3 3.2 13.3
min 2 05 15 0.6 3.2 0
median 3 51 1.7 2 10.9 4
max 35 12.9 25 23.3 185 100
P PR
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o H
o ik TTE A A H)| 7] FPA BH=§
* Q) (kg) (kg) (cc) (km) i Sty
mean 105 3,129 0 2,636 167,008 4
std 4.4 934 0 531 94,650 0.7
min 2 2,080 0 1,991 1,284 3
median 10 2,950 0 2,497 154,849 4
max 26 13,29 0 11,149 1,201,201 5
ERs A Z o] YH o] $1H] PM
- (1) (m) (m) (m) (km/1) (%)
mean 11.2 52 19 19 11.2 10.7
std 4.1 0.6 0.1 0.3 2.1 15.1
min 1 35 15 1.3 4 0
median 11 5.1 19 19 105 6
max 49 13 25 4 98 100
£
Tu A2 TTE A A Hl| 7] FPAY Bﬂ§
v (d) (kg) (kg) (cc) (km) Sty
mean 74 3,814 295 2,781 142,809 3
std 33 2,120 1,272 893 144,789 1
min 2 1,390 0 1,969 319 3
median 3,450 0 2,497 108,944 3
max 28 26,050 17,500 12,780 2,136,740 5
Tu 289 Aol Skl 0] 4] PM
= (1) (m) (m) (m) (km/1) (%)
mean 32 31 54 18 2.5 11.2
std 0.6 1.3 0.6 0.1 0.4 19
min 3 1 36 1.6 1.4 2.7
median 3 3 5.2 1.8 2.6 11.2
max 5 12 9.7 2.5 39 22
FZ WE7A HE7)F e V254 B4 A= <HE 3-9>9 7
t}. EURO5 o] zt#Fe] Ht PM sX7t 2 #asts o2 vEy:
t}. 53] EURO3¥ EURO69 #Hir PMEL+s 15% o] #ols B
i, WETA A8 ARl ohE PMEES Aol Ada & 4 gl
An] w3 v &7t gFAl 7] o] EUROG 7243 % FalA =

2

o7 FEAHEAL



<¥ 3-9> F=2(EURO) 7|+Y 7|25 A EXH(KD-1472%)

EURO3
R A2 T A7) =% Hl| 7] A= v =
v () (kg) (kg) (cc) (km) s
mean 16.5 3,020 651 2,710 219,508 5
std 2.6 1,300 834 713 114,827 0
min 13 1,475 0 1,493 1 4
median 16 2,775 500 2,607 203,404 5
max 35 38,420 25,000 16,991 2,244,437 5
PR Zo] U] =0] 4] PM
B 2231 ©]
I R IS (m) (m) (km/) (%)
mean 59 5.0 1.8 19 115 17.0
std 34 0.7 0.1 0.2 51 16.8
min 1 35 15 1 2.7 0
median 6 5.0 1.8 1.8 10 12
max 39 12.6 25 39 185 100
EURO4
R A4 T A ) = Hl| 7] A= v =
* (d) (kg) (kg) (cc) (km) Sty
mean 10.9 2,660 372 2,341 176,400 4
std 16 708 524 410 84,600 1
min 9 1,455 0 1,493 1 3
median 10 2,825 0 2,497 164,320 4
max 14 25,390 17,000 11,149 2,033,947 5
R 2 Zo] U] =0] ] PM
v (<) (m) (m) (m) (km/1) (%)
mean 59 49 1.8 19 12.1 10.7
std 2.9 0.4 0.1 0.3 1.8 149
min 1 2.7 15 14 32 0
median 5 5 19 1.8 115 6
max 39 12.7 25 23.3 235 100
EURO5
R A4 T A ) = Hl| 7] A= v =
v () (kg) (kg) (cc) (km) Sty
mean 6.8 2699 531 2317 126,409 3
std 15 761 553 379 78,305 0
min 4 1325 0 1,396 163 3
median 7 2895 600 2,497 111,584 3
max 9 12485 5,000 7,640 1,076,237 4
R 2 Zo] U] =0] ] PM
= (1)) (m) (m) (m) (km/1) (%)
mean 5.0 49 1.8 19 124 35
std 2.3 0.4 0.1 0.3 2.7 83
min 1 05 16 0.6 4 0
median 5 51 1.8 19 11.8 0
max 49 13 25 4 24.2 100
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1.2 Lug-Down3E &=
Lug-Down3® =9 F& HolHE 7|2%54 24473 E <% 3-11>7

2t KD-1472=9 FASHAl PM 5%(%)9 H o] nld] ko] &

1=

dol7] wjiel # ko] o]Wgo] E o Avhdrh Wi AF

S N

el
o oF 10y oo ® KD-I47R=RT 23 x#o] 71 Aoz ey}

HTaAdAL = o BTkmE A3t Aoz Yehy KD-147R =Rt}
Fa AN 2 2FolZ Bt o= Lug-Down3EE= HAMxFZo] Foj
Y A % EFAEA JYE&oE AMEole Aol tiidolr] wii
ol o},
<E 3-10> "oy 7]1Z% A (Lug-Down3: =)
R A4 TTY 2 A =¥ H) 7] % FayAE Hj =
v Q) (kg) (kg) (cc) (km) VSt -as
mean 10.6 15,838 6,760 7878 380,713 3.8
std 58 9,813 7,270 3,519 300,424 0.9
min 1 0 0 1 1 2
median 9 12,270 3,500 6,606 309,822 3
max 36 248,200 125,002 19,543 9,413,420 5
am S 4ol | ] 1H] PM
= (<D (m) (m) (m) (km/1) (%)
mean 6.5 9 2.4 3.2 6.9 7.1
std 11.8 24 0.2 05 25 11.1
min 1 0.7 0.2 0.2 2 0
median 3 87 25 3.3 75 3
max 74 129.1 21.7 395 30 100
deoze Agel AR, 9 L A4S, 32, 554 ol
B 71257 24 Ay G KD-147259 &g golzlo]
|



A5 B4 A3 gRadel A0 3 % SRAw o
#Ho® o 11 Aoz yehyth KD-147R =0 s 533
7V ARd Ay FAs] ginjEn stEAEFE g AEe] H
% 3 g PMEE E@ Btk S4ade] 49

=3 = g e Hoz A o g S
wEo] 998 et de ARHe g e 5+ AL
RS

71%2% A 4 (Lug-Down3®-E)

a3
e A TTE A A =¥ H)| 7] = YAz | &
= d (kg) (kg) (cc) (km) ST
mean 10.2 19,402 8672 9,327 415,254 3.7
std 59 9,397 77769 3,056 316,855 09
min 1 0 0 1 1 2
median 9 15,205 5,000 9,960 350,084 3
max 36 248,200 125,002 19543 9,413,420 5
e R Rchl Z o] o] ol A PM
- (91 (m) (m) (m) (km/1) (%)
mean 78 99 25 34 58 6.2
std 136 2.3 0.1 05 19 104
min 1 0.8 2 0.2 2 0
median 3 9.8 25 34 59 2
max 74 129.1 17 395 30 100
9
e A FTH 2 72 Hl| 7] 2 TP A Ll
= Q) (kg) (kg) (cc) (km) TS F
mean 11.8 6,799 1912 4,204 293,100 4.1
std 54 1,626 1,024 1,131 232,008 0.9
min 1 0 0 2 1 3
median 12 6,680 2,000 3,933 226,837 4
max 33 22,760 8,000 14,366 6,721,568 5
on 24 Z o] Y o] An] PM
= (9N (m) (m) (m) (km/1) (%)
mean 33 6.8 2.1 3 9.8 9.2
std 29 1 0.2 0.4 14 125
min 1 0.7 0.2 0.3 42 0
median 3 6.6 2.1 3 10 5
max 67 61.8 21.7 31 176 100
— 3 1 —



<E 3-12> AFH 71254 B4 (Lug-Down3E =

=%
E A4 TTY A A =F Hl| 7] 2 e Az Hj &
v () (kg) (kg) (co) (km) VTt as
mean 7.4 13,828 3 10,725 364,476 33
std 3.7 2,798 101 2,855 301,641 0.7
min 1 2,400 0 1 1 2
median 6 15,015 0 12,344 296,916 3
max 30 21,060 14,300 17,787 3,548,033 5
ERe A Z o] L] =0] ] PM
= (D) (m) (m) (m) (km/1) (%)
mean 38.8 11.2 2.4 3.3 6.4 45
std 11.2 15 0.1 0.2 14 82
min 1 49 1.8 1.8 3.3 0
median 45 12 25 34 6 1
max 74 13 29 4 176 99
o}-&
ERe A2 T A A =F Hlj 7] 2 YAz v =
= (d) (kg) (kg) (cc) (km) e
mean 11.1 15,090 6,689 7,012 365,976 39
std 59 10,511 6,920 3,141 267,563 09
min 1 0 0 2 1 2
median 10 10,685 4,000 6,299 304,567 4
max 34 248,200 125,002 19,543 9,413,420 5
ERe A Zo] U] 0] A PM
= (<D (m) (m) (m) (km/1) (%)
mean 2.7 9 2.3 3.2 74 7.8
std 05 25 0.2 05 25 11.8
min 1 0.7 0.2 0.2 2 0
median 3 8.8 2.4 3.2 7.8 4
max 35 129.1 21.7 395 16.2 100
5T
A A2 T A A =F Hlj 7] 2 TP A= v =
= () (kg) (kg) (cc) (km) Mt s
mean 10.6 21,177 12,138 10,219 468511 3.8
std 5.8 7,391 7,403 3,621 420,283 09
min 1 3,010 0 2 1 3
median 9 25,270 16,500 11,946 382,482 3
max 36 36,330 40,000 17,990 7,332,207 5
At A Z o] L] =0] ] PM
= (<) (m) (m) (m) (km/1) (%)
mean 2.2 71 2.4 3.4 51 5.1
std 04 0.9 0.2 0.3 2.7 8.7
min 1 45 1.7 19 2.1 0
median 2 6.9 25 3.3 3.7 2
max 9 13 2.8 4.2 30 100
- 32 — ; -"{1 'il-tr' L” '-:-'-l'
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F2 wEZTA HE&7)Fo wE V| xEA B4 AdE <E 3-19>9

2l ok KD-1472 59+ tt24 EURO4 2 EURO69IA i PM%

=
L7t AA #aste o= Uehyth. EURO6¥ 32 ¢F 10719 A+t
PM#Ee ZolE5 Htl ¢A¥E EUROGLE &4 Y $Fai#a
FaA e U8 AT e e,
<¥ 3-13> FZ(Euro) 71+ 7125 A 4 (Lug-Down3®Z =
EURO3
an 14 5% 2 A uj 7] Fa Az ey
() (kg) (kg) (cc) (km) et
mean 174 14,588 6,717 7,828 386,663 5
std 3.8 9,542 6,645 3,648 316,681 0.1
min 13 0 0 1 1 2
median 17 10,155 3,900 6,606 306,500 5
max 36 248,200 125,002 19,543 6,721,568 5
e | eA3d | 2o q] o] ] PM
(<) (m) (m) (m) (km/1) (%)
mean 3.8 82 2.3 31 6.9 12.3
std 6.8 2.3 0.2 05 2.6 139
min 1 0.7 0.2 0.2 2.1 0
median 3 77 24 31 76 8
max 67 1269 21.7 395 30 100
EURO4
an 14 5% 2 A o uj 7] Fa Az ey
() (kg) (kg) (cc) km) et
mean 11.1 15,503 6,842 7,300 442,268 3.8
std 0.8 9,988 7,327 3,251 323,603 05
min 9 400 0 2 1 2
median 11 11,585 3,300 5,899 386,110 4
max 12 40,000 27,500 15,928 9,413,420 5
—w | eA3d | 2o q] o] ] PM
(<D (m) (m) (m) (km/1) (%)
mean 49 89 24 32 72 6.1
std 9.3 24 0.2 05 2.6 9.2
min 1 0.8 1.7 09 2 0
median 3 8.7 25 3.2 78
max 67 1211 214 36.4 16.6 9
~ 33 - .H =T
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EURO5
E A2 T A A =F H 7] FAY =
- () (kg) (kg) (co) (km) Vs w
mean 75 16,487 6,750 7,930 414,444 3.1
std 1.2 10,075 7,635 3,575 308,253 0.2
min 4 2,500 0 2 1 2
median 8 13,925 3,000 5,899 361,828 3
max 9 40,000 27,500 16,162 8,369,702 5
o A4 7] R o] ] PM
- (gD (m) (m) (m) (km/1) (%)
mean 8.4 9.3 2.4 3.3 7 5.1
std 14.1 2.4 0.2 0.4 2.6 8.6
min 1 45 1.7 0.3 2.5 0
median 3 94 25 3.3 72 2
max 67 127.1 3.5 4.2 17.6 99
EURO6
e A4 T A A H)| 7] % T A v &
- () (kg) (kg) (co) (km) e
mean 4 17,167 6,787 8,277 286,223 3
std 1 9,515 7,665 3,353 213,821 0.1
min 1 2,470 0 2 1 3
median 4 14,375 4,000 6,728 248,908 3
max 5 39,990 27,500 16,353 7,332,207 4
e | sAR 20] el = ] PM
- (e (m) (m) (m) (km/1) (%)
mean 9.3 9.8 2.4 34 6.7 2.1
std 14.8 2.4 0.2 0.4 2.4 58
min 1 3 1.7 0.4 2.5 0
median 3 10 2.5 34 6.4 0
max 74 129.1 29 4 16.2 100
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A A A YH-= FF(Classification) 9} 3] # (Regression) 28 o0& G5
At o] BYE AFHAE EFe oS, 28 x4 A8 EAE
E ol atbe] AtEA E
g7t & %X—q.% el AbegE W EFEY, A5 HHow ALEE 1
FJAYF 2 EHH(Timofeev, 2004).
X AA UF dagls F 3 A (Regression Tree)= WA N7| 9
HSAER el A5t pAle] dE¥Es ok 1) 5
s, (z,y,), i=1,2,- N, 3, = (2,0, - ,xlp)ﬂ- ol Hrh 11 vy WF

&

-
i)

53l AEe Pelatn, Ut 7xE A4t guFel AFHET. o
O% A% F A BEE M AY R,R, R, 0% A Ak, 7}

Aol A ¢, = 2Bl ofef el & Wk (response)ol g A&

7FR (o] A 5, 2021).

M
= Zcm](xean) (};]I 4*2)

m=1

AAAD A T UFe =277 Us 2w W3 "(Overfitting) &
PR AL gl A7z v§ Fo =2 e duyy
(Underfitting) & 7} v}, wpe}a

A
arng AAse T2 290 HAx My Vs s F ()Y F
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mzER,

714 Q,(T)e =& EE(squared-error node impurity)E =7 3},

183 v-g B4 (cost complexity)®] 7S thea o] A A gt
| 7]

(D)= N,Q,(D+al 1] (4] 4-6)
m=1

A7 o B HZAHE 2457 B4EE FYSHEA W 2
716 A58 A9 o] AEA clcia=

ool diste] C(NE Ha3A 7= 8H9 Yi-(subtree) T,(7, < 1)) &
T8t}

shA R AT A g o] AVl we R e dd s B
A EF U (Classification Tree) R3S Alg3it), old w7t w=7}
=2 BE¥Y Evx 34 AFEA diEHs 7 7HA A7 S
ZY A 4(Gini Index)9} AE=Z 3] X 4=(Entrophy Index)°]
99 R, 283 N, W #F5H7F 3 W, = E mo

=
=
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m
BEASe] HES p (0<p <1)27 A, Y =G} AE
23] A4 (Entrophy Index)& T2 o] Ao th(o] Al 5, 2021).

~ 1
Pni= 3 ; (4 4-7)
K — —
Gini Index : G=Yp, .(1—p,,) (2] 4-8)
=)
K — —
Entrophy Index : D=—Yp,,log(p,,) (4 4-9)
=}
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W Ee Ragu fASAY O Be 4Fe welw, 2EEsY ¥
A

A2 AA Aol ek HitAdo] w2 Holt(Mohammad et al., 2021).

Random Forest
Instan...

&

Class-A Class-B Class-C

|
| !Mujunl;-'-'v'ming | J

Final-Class

<O¥ 4-6> AP FEHZE I

A& Chen et. al., (2016)

Ay ¥ A2EE A F 7HA F-e]l ok #43H(Overfitting) = A
9} =& o =9o|t}. Breiman and Cutler (2014)o] ojstd Eg o] 47}
a7 o] HAF dAo] HAE H ¢ o, =2 4

il

Zes AgHe Y Fepsk sbssnin dh g Suse o
Fefoll 47 g0l B8 HesER s ARRRE A4 WEE P

o go]stS Holth(AARN oA A 2016). Ldud]EL oy <F 4-4>¢)
2t} (Siroky, 2009).
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<#% 4-4> WAPGEX Y 2E(Random Forest) &1g]E @AY 774

Z BA3E G4

1¢A4 For B, i=1,...,.B

a. 58 dold Ael=7k N9l RiEY dolH 4F 5T FF
39 g Fol wet Ak Huld B 27 e T
AA FrERY HolHE ASH T,F AT

AA PG (A BAAR p WFE HeEsta,

N

:
of W F HAe wmi/pay Ad AhE T A

R |
daughter nodes® ® &A1t}

20 AE U HE AEEL god gon (7,)F

MZe $23 5& out-of-bag BEANE o Z@r),
—_ B
AAEAL A%, o)=Y 1)
367 i=1

%, Gla)E oAl Efe] ZFdx dZolga &,
Chx)e a5ael e o8 (G)f o 2ol vherh

3, 3o

Boosting< Bagging¥ ©E2A 4zl mdo HFwol JA il
UE7] oE e FAE wEedH 24-o] 9 ok v HH A b
olHE 714 SHHO R d Sy, FBAy2 oA

9th.  Boosting7] & Adaboost, Gradient Boosting Model(GBM),
XGBoost, LightGBM, CatBoosto. 2 ¥ & 11 9l
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3.1 AdaBoost
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Hol & 4 QltH(Friedman, 2001).
<3 45> A F9 A AvE REe 2dAd A9 2-37 2-4 7
G,

oty gl AgHE 22y G & APF FEHT 2F § £
d2He gdn A4EY, G0 (1F) SEFEL 0550 A o

vz 2-3) }49 o, >00°] " (Schapire, 1990).

<FE 4-5> dojtt B AE(AdaBoost) &E S wAE A
Z JAE GA

2-4) SiFE xE NHEAE —%7}6}3 Az o T ol =
NNERNE Folx WA oR JEXE AT Aals stEAE o)
w3 2o

2 ko Hure] Z3AH EFEgiele] £y H BF gz Gla)E 7
ort.
M
G(x) = sign| E o, G, (z)]
m=1

I
=2
B

2-0) HAAA 7 BEAe FIEE AFAL Gol ) HA

CEFHE BEAEB A ARFE BEAZ JE@ A wE
NEAE ATFeAA FFol 1o] =W, AdaBoost L Fo] miw wrE
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3.2 Gradient Boosting
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3.3 XGBoost
Chen and Guestrin(2016)°]
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gk ol nlE A HAeE Wl ghe] Aubo A ExE v &S A3 7S
ol oS3 o] FojH)
1. G? G (G, + Gp)?

Gain = E[HL—A Hy— A H, +Hy+2

=7 (A 4-12)

3.4 LightGBM

LightGBM(Light Gradient Boosting Machine) Microsoftoll 4] 7§&al &
Pog 9 FH(Leaf-Wise) WA &8sl s o XGBoosto] &
AdS BstaA e E3olti(Wang and Wang, 2020). LightGBM-2 &
Jdl & “Light” 7k Seab, HHoleE & & o AgAd o m=&
s AA AAstER AHe &Sx7F owE Aol vk FoEU=E
LightGBMe] {1717} Q1= ol Aol Aol 24& t57] wiolth

I WAL <a¥ 4-7>3 o] XGBoost ¥ daglH
A olsied 4 Art. XGBoost RS Wl E&HFA(Level Wise,
Depth—first)& AM&3te] SAMAAZEE S mEFo] ¥y nxef 7}77}%
=25 A FIsta FEoR gt otk ®

=3k

A dEe} £24(Max Delta Loss)o] & =0 A

(.
(B
-
0Q
=
()
oy
?

® &
oo m) ¢ 0 W - "-.’..ﬁ.o.cﬁ ......

(a) XGBoosting (b) LightGBM
<™ 4-7> Boosting#} LightGBM ¢-i1d]& H]3w(Wang and Wang, 2020)
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LightGBM®| =% F242 ofgfa} 2ty A=SFAET X=(z,y,)_,
olgtar g wl, by e 5A E4%F Ly, f(2)Y dH#eS 23

et al., 2017).

J=argminE, (L(Y.f(z)) (2] 4-13)

<3 4-7> LightGBM €ig|& @AE 34

1A f: . o N _
argmink,, yL(Y,f(z))<& 712402 v T 3AELS
Fgste] A mPo 2AAE

T

xX)= Y11 (x)

t=1

20A 2-1) t9AIE AR SEA7H,
Ir= EL(yﬁE%—l(xi)Jrft(xi))

=1
2-2) Newton’s method &&3| AXE =&A 710

r= s+ éhif,? (@)
Iy, = EjJ(Zgl + (h+Mw

j=14€1 =y
3TA S F3F o HiVE ;}—’Ft Uk 2k

(Zgi ’ Zgz Zgi)Q

G l( i€1; i€ I = )
2 Zh+A Eh+A Nihi+A
i1 iE 1, i€ 1
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3.5 CatBoost

=

CatBoost(Category Boosting)+= W8 HEE Agste H =& 4%
S BHfgsla e 4 1:4%0]131r(Prokhorenkova et al., 2018). o]d] A
¥ Gradient Boosting= F28® 9] X ault) grFololH 7 A HAE

dlolg o] kA= yEepr] wiitel hFulolH 7 HAEdHolH=E st
WHalstA @t old F3x W= oW I H (Overfitting) =&

r=
of| & W 3H(Prediction Shift)7} WElU= EA7F @A ST gk ojd W
Ty ¥Wae FUHEE ot e, olu FEE oWy Tt
HH EAHE Z7lE A4 A ZH(Computation Time)¥ ®WE# AR

(Memory Consumption)”} =7}skA €t}

X1 Xz X3 X4 Xs X6 X7 Xg Xg

Random permutation

X2 x5 X9 X1 Xg X3 X4 X7 X6

|

My 1(x5,¥5) = Y5 — M;(xs5)

X2 Xs X9 X1 Xg X3 Xa X7 X6
¥
M,
X2 X5 X9 X1 xg X3 X4 X7 X6
i
M r(X7,¥7) = Y7 — M7(x7)
X2 Xs X9 X1 xg X3 Xy X7 Xe
1
Mg (X6, ¥6) = Y6 — Mg(Xe)

A& Prokhorenkova et. al,(2018) 1 7
<Y 4-8> <214 F 28 (Ordered boosting)e] ¥z

S B8l A CatBoosty: Ordered Boosting 71 < AR
st W5y Wy dAEe 29" (Overfitting) wAE RS

=
Ordered Boosting< 7|9 HF2Ho] RE ko] @& Adl2 8h&3)
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= A3 Gy - volE o o A& Altste REE FE6hH, 1
A

A o] mFPol o EF e vhA A HTHRIE,

d

= Ordered Boosting®ll Random Permutationg %3] dlolH A=
748t oW 39 ¥ (Overfitting) = WA $Hth(Prokhorenkova et. al, 2018).
oAl e WY We AXEE YA CatBoost €32 %2 Random
PermutationS 7% Ho|HAMENA 22 HFE 7Ix] W55 Hi &

=
B ZES Ay, o= A (4-14)9F ZoR(erE W, 2021).

J
= (2] 4-14)
Y &=z oy +a
j=1
wdol x, = (x), -, 2k) Q1 A
a = 7kFEAGold e 7t A)a > 0)
P = AHGgEGOH 7

of YL oatE HAgehe Ao =S 7H, 53 W7 A2 W
FolA Adso] ¥ttt ek M4 3 (Feature Combinations)S AR
2 < YR Fol Edold £E&
BAA g vk 28ar 7] kol spepuE gho]l HAstE e o] 7)o

st g F9d dar 28 gl o] H o] v (Prokhorenkova et al.,
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Python Pycaret™ AutoML(Automated Machine Learning)s A
[e)

gtold gelH g2 A oo Bygs ©HAse 7 AS &8szt
3kt Pycareto A= EF(classification), 3] 9 (regression), w3

(clustering), ©]%7+#](anomaly detection), A+¢3o]=2](NLP), <& F%

KAV

%)
(association rules)o] &8 ¥t 12 GFE g5 7|6 R 52 1A
S AFs7] s g9, A, 2" daugsS 7Hkek 207 oS 5E
S =T A7) o =Hol e A9 il REY BAVY, WA, ¥
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sampling) 7] % b svbe AHES B 5 ATHEAES, 2020).
SNEEEEE 3~10 Akele] gro] Abgstol
Foloe B 7oA K=10% AL§
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Step I: Data Preprocessing

Step II : Ensemble Modeling

1
1
1
1
N - Filtering \ |
I/M Data - Categorizing Min-max "T' ~'/T~' D- i :

- i - Leverage Analysis Sealing raining/Test Data
(KD-147,Lug-Down3) - Willams plot :
|

Second-stage

First-stage {

Features of Secondary
Ensemble Machine

Ensemble Machine
Learning Models

Linear Regression

Accuracy of n
Ensemble Machine

Decision Tree

Secondary Ensemble Models 2 — S
& Lirryear Regression Learning Models Learning Models
Training set/Test set & Linear Regression & Statics Models
CatBoost
! Step I :Machine Learning b Step IV : Predictive Modeling I
) 1 :
1 1 |
T 1
! Model 1 Featuel | PM Prediction 1 |
! Train set 1 Trainset1 | ... Validation set ProValset1 | | pm— |
: . Train set 1 . 1 !
| 10 Fold |
| . . oV % 1 — )
| — +
| - Train set 9 Validation set 1 :
1 2 | | Validetionset || Train sot 9 Train set 9 RisVelzeninl] | Train set n I
1 ® : \
\ o 1
1 g ] |
£ = 1 § |
1 K Modeln Featwren | PM Prediction n :
=
! Tramset1 || Tanset1 | - Valideion sot Provalset! | | Train st 1 I
, & K v Train set 1 . N KD-147/Lug-Down3 :
. o 5 1 PM Prediction |
| —| T > |
1 Train set 9 Validation set . 1 H
! Validation set Train set 9 Train set 9 Pre Val set 10 1 Train set n |
I L
' i :
\ ! 1
! 3 PM Prediction 1 |
: Model 1 Featwe1 — 1
1
1 1 3
1 Tost setl Testset2 - Testsstn —» et 1 . I
, Presetl | . — :
1 1 =
1
] % 3 Testset n \
1 1
] é ] |
\ = I |
[ § 1 !
! = ] - !
' PM Prediction n |
. ]
. Model n Festuren Tastaerd :
1 i * \
1 ot IVOIOR Test ! .
, Test setl Testing set2 Testsetn —» Presetn, T " . :
| | 1 :
1 Test set n !
1 1 )
1

<39 49> FE Sy ARG 7EAA



3 AA

ad!

A5 PM A%

of

%

SRy A

A2 PM 4

T

A=

A& 2 PM Hj
KD-147E=, Lug-Down3E =

oF
ﬁo

O 7FA1 :

- AP

252 PM Hj

P58 B, S(

oF
ﬁo

O 7FA4d2

-147RE), 32, 55, 58 (Lug-Down3E. =)

7, KD-147%.= 9}

g3} Pk A

olfr= o

Lug-Down3

ol A

<
o

I

—_
file)

0
_ZTI
il

ol PMEl &5 = (%)

Sg )

=
T

kol A%

25

A%

o] 31, Lug-Down3

]y} Lug-Down3E =+

A2 PM v

o
Chiy

=4, 2Fol wef

Fo] 53tk o 7] KD-147 AA R E

S

Fel PM Y
= ddEd. mEA

R+

=
1

KD-147 2= 253¥ PM o

o
= Ao

i
=

o A

—_—

o

A

A&k PM i

m_mo



U

g 7

ad!
Ar

A+E2 PM o

of

%

1vA_|O
X
4
Godl

g 49

o

31 495

2~
T

SR

o

1

7v2=7t Al 7152 EURO4

=
=

TN A

=
=

FoloH, ul

o

, AL, @), w71, o], UH], go] TolH,

FA T

[

o] ¢} EUROS ©o]%= T3k, A7H4=|, w)

= Ae

AF A+
Wo B Caal
B 50
iy w o
A= Gt
S
S|
H % mu
: AEHE:
TIW o 2 2 Els el gl E|= || |7| "
7 Tk | ®
Zn| ©
<
oF
ped
™| plo i
T |2 T |5 |® < do
+ D | | B N o
wo | = N | Mﬁ 3
M4 =
Mo
oA
o B

¥
Al =




i)

780
a

3.2 qd=

g 9

g At 7palel w

A
=

A el M

&

1% 5

o
=
fi%e)

i

o
0

M
N

ojn

B

=]
RN

o wz} KD-147% =9} Lug-Down3®2 ==

[ = = i1

7h2 7] AL A

=
=

l

1
o

tmgos

S

;OL
T
i

0

_ZTI

—_—

X
ol
Gl

el

X
Gr!

WAy dlolE o ¢

-
s

& HlolE

AA dolEd 15% <]

KN
T

4-9>9} o] EgrAdolE H&

2!
Vv

)
oF

37

)=]
=

o o, webA

7}~

S EUZg uE

A 7HA

3 PM Hj

3

=
=

o] o

3
Sls
No || =
=
S
ot
o
&
T
do}
Lo
SN
No || S
=
_C
ToR
!
0
7
Gl It
&3
S
To}
bl 8
jang
_
ot
o
&
Sl E

3.3 dleoly Az =AY

=)

0

O

o

7}, HlelH

=
=

jaze]

S

Aoz dolg AA, dolg Ag, oA AA &

o #4g 7

p=2
[}

& (feature scaling)

(data augmentation), ¥

gkt

A of

-1} 8t 3

2] <



1) o] &= AA

e
o] 7] %ﬁﬂ/ﬂ—‘ﬁ o el d ] x 4] (Leverage analysis) W&
= ol &St E gk Hw YA A4S & FRRY] o)A A uS-
84 WHEoR dHA At (Mohammadi et al, 2012; Khamehchi
and Bemani; 2021, Bemani et al.,, 2022). 21 o] @AW A #A F
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71 AEES YehllE= Aotk (Mohammadi et al., 2012; Khamehchi and
Bemani; 2021, Bemani et al., 2022).
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Hro] Ay B=xE oA (High Leverage)olgt A 3tH, o]& #)| A3}
71 &2 3 (Mohammadi et al., 2012).
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William's Plot
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<9 4-19> Willam plot(Lug-Down3®E.E &4 to] g 3}&)
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RMSE = \/ % Z (yg)rcdhztad _ y(izctual)Q (41 5-3)
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Extra Trees Regressor et
AdaBoost Regressor ada
Bayesian Ridge br
Decision Tree Regressor dt
Dummy Regressor dummy
) Elastic Net en
Regression Huber Regressor huber
K Neighbors Regressor knn
Least Angle Regression lar
Lasso Regression lasso
Lasso Least Angle Regression llar
Linear Regression Ir
Orthogonal Matching Pursuit omp
Passive Aggressive Regressor par
Ridge Regression ridge
Bagging Random Forest Regressor rf
AdaBoost Regressor ada
CatBoost Regressor catboost
Boosting Extreme Gradient Boosting xghoost
Gradient Boosting Regressor gbr
Light Gradient Boosting Machine lightgbm




<3 52> 1A G E g5 dS5EE AT vBla(KD-1472E F3FdolE)

Model MAE MSFE RMSE R?

CatBoost 2.808 15921 3.990 0.626
XGBoost 2.815 16.075 4.009 0.623
LightGBM 2.826 16.128 4.016 0.622
Gradient Boosting 2.955 17.636 4.199 0.586
Random Forest 2.995 18.677 4.322 0.562
Ridge Regression 3.390 22.152 4770 0.466
Bayesian Ridge 3.390 227152 4770 0.466
Linear Regression 3.395 22.835 4,778 0.464
Extra Trees 3.234 23.048 4.801 0.459
OMP 3.692 25.012 5.001 0.413
Elastic Net 3.700 25.056 5.005 0.412
Lasso Regression 3.702 25.074 5.007 0.412
Decision Tree 3.618 30.547 5.527 0.283

KNN 4.307 37.147 6.095 0.129

<3 53> 1A GAE e dEEE A v al(Lug-Down3R = F3H o EH)

Model MAE MSFE RMSE R?
CatBoost 2.567 11.899 3.449 0.587
XGBoost 2.571 11.982 3.461 0.585
LightGBM 2.600 12.199 3.493 0.577

Random Forest 2.629 12.744 3.570 0.558
Gradient Boosting 2.685 13.100 3.619 0.546
Extra Trees 2.786 15.037 3.878 0.479
Ridge Regression 2.963 16.167 4.021 0.439
Bayesian Ridge 2.963 16.167 4.021 0.439
Linear Regression 2.963 16.167 4.021 0.439
Elastic Net 3.006 16.791 4.098 0.418
Lasso Regression 3.008 16.807 4.100 0.417

OMP 3.070 17.923 4.234 0.379
AdaBoost 3.838 19.900 4.459 0.310

Decision Tree 3.299 22.219 4714 0.229




<GE 54> 1A GRE g

v 2 (KD-1475.5 A o] E)

Model MAE MSFE RMSE R?
CatBoost 1.200 2.705 1.645 0.807
LightGBM 1.203 2.739 1.655 0.805
XGBoost 1.210 2.147 1.657 0.804

Gradient Boosting 1.276 3.133 1.770 0.777
Random Forest 1.259 3.145 1.773 0.776
Extra Trees 1.336 3.837 1.959 0.726
Linear Regression 1.585 4923 2.219 0.649
Ridge Regression 1.585 4923 2.219 0.649
Bayesian Ridge 1.585 4923 2.219 0.649
Decision Tree 1.482 5.149 2.269 0.633

OMP 1.889 6.163 2.482 0.560
Elastic Net 1.896 6.216 2.493 0.557

Lasso Regression 1.900 6.253 2.501 0.554
AdaBoost 2.240 6.532 2.551 0.534

<E 55> 1A A E T dFEY s Plal(Lug-Down3®E = A o] H)
Model MAE MSFE RMSE R?
CatBoost 1.314 3.069 1.752 0.716
XGBoost 1.314 3.094 1.759 0.714
LightGBM 1.336 3.172 1.781 0.707
Random Forest 1.327 3.222 1.795 0.702
Gradient Boosting 1.395 3.479 1.865 0.678
Extra Trees 1.400 3.761 1.939 0.652
Least Angle Regression 1.548 4.283 2.070 0.604
Bayesian Ridge 1.548 4.283 2.070 0.604
Linear Regression 1.548 4.283 2.070 0.604
Ridge Regression 1.548 4.283 2.070 0.604
Elastic Net 1.621 4.692 2.166 0.566
OMP 1.624 4714 2171 0.564
AdaBoost 1.667 5.098 2.258 0.529
Decision Tree 2.011 5.494 2.341 0.492




<E 56> 1A YE S ASFEE AT HW(KD-147R= Aol E)
Model MAE MSFE RMSE R?
LightGBM 7.449 91.438 9.555 0.369
CatBoost 7.469 91.835 9.577 0.366
Random Forest 7.455 92.574 9.614 0.361
XGBoost 7.523 94.063 9.694 0.350
Gradient Boosting 7714 96.788 9.830 0.332
Bayesian Ridge 8.159 107.926 10.381 0.255
Ridge Regression 8.147 107.941 10.382 0.255
Linear Regression 8.175 108.766 10.421 0.250
Extra Trees 8.056 109.371 10.453 0.244
OMP 8.229 109.998 10.481 0.241
Elastic Net 8.447 114.156 10.677 0.213
Lasso Regression 8.483 115.028 10.718 0.207
AdaBoost 9.779 135.931 11.648 0.062
Decision Tree 8.977 138.758 11.767 0.044
<E 5> 1A YA E T dFEY Ae Bl a(Lug-Down3® = E{HA o H)
Model MAE MSFE RMSE R?
Random Forest 6.084 58.832 7.669 0.614
CatBoost 6.170 59.552 7.716 0.609
XGBoost 6.180 60.194 7.758 0.605
LightGBM 6.226 60.710 7.791 0.602
Extra Trees 6.364 65.173 8.072 0.572
Gradient Boosting 6.463 65.736 8.107 0.569
Linear Regression 6.961 77.219 8.787 0.493
Bayesian Ridge 6.961 77.219 8.787 0.493
Ridge Regression 6.961 77.222 8787 0.493
Least Angle Regression 6.961 77.227 8.787 0.493
AdaBoost 7.248 78.548 8.862 0.485
Elastic Net 7.304 85.230 9.232 0.441
Lasso Regression 7.342 86.141 9.281 0.435
Decision Tree 8.019 100.425 10.021 0.341




A2d 22k FEE S Vv 52 23 % 37}

1. stolsst=tm g XA 3

3}o] 3 1} 2} v] Bl (Hyper—parameter) & 23 o] F#HEHA] ¢JuolEs:=
lal RdS A u Ay A

AelHoF st dHvHE  EI
(Bayesian Optimize) &i1g]&<S Z3j
71— Er_sﬂoﬂ x%g.g}oq y_aﬂiﬂ }% Z,:t‘sgé}
Ao g stolHueu|EE et ol d W
thool®u © AAAQ W
¢ tH(Shahriari et al., 2015).
GridSearch= ®Aetzl s stoldaetn|H o] gEs 443 34
& FA Az HAEE AA M =& dsel yEkd sho] ¥ u}2}
Y ghe dFHom AY3t. 7bed RE A9 Fdd gE HiE
£ ob7] wZel "Mt = stold st E o TRV BETE Ao
2 Z7Fskt}h ¥bH | Random Searchi™ Grid Search®t A}
ShAIRE &AL 3 o] 3R GtolHutetn Y eSS FAS FE T A
et AZol7k Atk Grid Searchel W& EZ Qg wtES gl& Fo]
AA Gl A Abol o] gholl diefiM = gEA] B o] VTl EE
A o] stolyaetuy e o Wy S ¢ Aoy A== thh "o
2tk ey Grid Search®t Random Search X5 o] d ZAFA] of A
oAzl stelgutetry FHEY Aol digh AAHAAS v HZRE
A AAE A wrdskA Rste @AV EAST 2= kol H 1t
gt E o tig 2ALS AT w APAA S vbgetE A A A A
= AAHem 38T F+ e WyHo=m Holxet H# 3l (Bayesian
Optimization)”} At (Snoek et al., 2012).
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e HA xS HAss elth ol HA%e f= WS
AH o dA K= black-box Fo FHE etk 5, dHel
2 99 At A o] dHE YEYA goH, 29 ds
ah dhg I o Aol g H Tt wEbA hedk A o) x F
of et ks AdtetH, (5 AdE wes HAHE x5 W=
oo FAshs Zlo] HA otk & Aol ol Aqt A3}
aElEE o] &ate] <E 58>, <& 5-9>9 Zeo] HAFIH AT o
Zygel stojduEn B S 34 5} gl

<3 5-8> stolH It E {FY(KD1-472%=)

ROk 8 o2

1.

B\

Model Hyper parameter | Min | Max | Ax}= ol = ol &
n_estimators 200 | 800 726 287 283 341
learning_rate 001 | 0.2 0.0697 0.1118 0.1469 0.0590
max_depth 10 30 22 15 10 23
min_child_samples 0 70 20 23 21 3
LightGBM num_leaves 32 255 38 44 52 76
colsample_bytree 0.5 1 0.6552 0.9167 0.7085 0.8113
subsample 0.7 1 0.9052 0.9988 0.8190 0.7201
reg_alpha 0 1 0.7354 0.5726 0.1863 0.6235
reg_lambda 0 1 0.1551 0.9245 0.3456 0.8595
n_estimators 200 | 800 261 259 566 327
CatBoost learning_rate 0.01 0.2 0.1912 0.1745 0.0817 0.0743
max_depth 1 16 11 12 9 15
n_estimators 200 | 800 259 254 217 282
learning_rate 001 | 0.2 0.0552 0.0211 0.0198 0.0474
max_depth 10 30 10 24 36 10
min_child_weight 1 10 9 7 3 9
XGBoost max_leaves 32 255 116 104 33 108
colsample_bytree 0.5 1 0.7590 0.6696 0.6010 0.8213
subsample 0.7 1 0.7632 0.7370 0.9075 0.9159
reg_alpha 0 1 0.9976 0.0201 0.1409 0.7990
reg_lambda 0 1 0.8384 0.1560 0.7468 0.7336
Decision max_depth 1 16 10 8 5 9
min_samples_split 2 5 4 4 4 4
tree min_samples_leaf | 1 | 4 2 1 1 2
n_estimators 200 | 800 264 489 269 287
Random max_depth 1 16 15 13 15 12
forest min_samples_split 2 5 2 2 2 2
min_samples_leaf 1 4 3 1 1 3

— 94 —



# 5-9> gtolH et 74 (Lug-Down3®E =

Model Hyper parameter | Min | Max | A= sl& =% EF
n_estimators 200 | 800 712 690 728 306
learning_rate 001 | 0.2 0.1640 0.1100 0.0586 0.0552
max_depth 10 30 28 25 17 13
min_child_samples 0 70 14 6 7 6
LightGBM num_leaves 32 255 93 60 37 32
colsample_bytree 0.5 1 0.6204 0.6152 0.5758 0.8678
subsample 0.7 1 0.9700 0.8557 0.9435 0.9692
reg_alpha 0 1 0.1162 0.5308 0.9139 0.3381
reg_lambda 0 1 0.9035 0.8836 0.2999 0.6615
n_estimators 200 | 800 558 560 552 240
CatBoost learning_rate 0.01 0.2 0.0558 0.1205 0.1174 0.2000
max_depth 1 16 15 14 9 8
n_estimators 200 | 800 248 255 255 255
learning_rate 001 | 0.2 0.0586 0.0993 0.0353 0.0994
max_depth 10 30 13 12 11 12
min_child_weight 1 10 8 6 1 6
XGBoost max_leaves 32 255 117 100 117 100
colsample_bytree 0.5 1 0.6210 0.6569 0.5782 0.6569
subsample 0.7 1 0.7878 0.7824 0.9107 0.7824
reg_alpha 0 1 0.3528 0.9227 0.8116 0.9227
reg_lambda 0 1 0.6833 0.6061 0.0168 0.6062
max_depth 1 16 11 11 7 9
Decision - .
frec min_samples_split 2 5 4 2 2 2
min_samples_leaf 1 4 1 1 2 1
n_estimators 200 | 800 233 275 273 290
Random max_depth 1 16 16 16 15 12
forest min_samples_split 2 5 3 2 3 2
min_samples_leaf 1 4 1 1 1 1
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<E 5-10> 2% SAE

Hl L (KD-147525 A 2FE)

M MAE | MSE | RMSE | R* | MAE | MSE | RMSE | R’
odel —
Test set Training set
CatBoost 1184 | 2621 | 1619 | 0815 | 1.070 | 2.087 | 1445 | 0.850
LightGBM 1.185 | 2.634 1.623 0.814 1.102 | 2.211 1.487 0.841
XGBoost 1186 | 2648 | 1627 | 0813 | 1.082 | 2141 | 1.463 | 0.846
Random Forest 1.193 | 2701 | 1644 | 0810 | 1.067 | 2109 | 1.452 | 0.848
Decision Tree 1226 | 2960 | 1.720 | 0.791 1180 | 2672 | 1635 | 0.808
Linear Regression | 1574 | 4976 | 2.231 0649 | 1581 | 4952 | 2225 | 0.644
<HE 5-11> 23F SAE stx g2 A5 v (KD-147RE 58)
\ MAE | MSE | RMSE | R MAE | MSE | RMSE | R’
odel —
Test set Training set
CatBoost 0891 | 1665 | 1.290 | 0814 | 0810 | 1.272 | 1128 | 0.863
LightGBM 0.893 | 1.666 | 1.291 0814 | 0783 | 1.176 | 1.084 | 0.874
XGBoost 0896 | 1694 | 1.302 | 0811 | 0.780 | 1.179 | 1.08 | 0.873
Random Forest 0896 | 1.703 | 1.305 | 0.810 | 0.826 | 1.349 | 1.161 0.855
Decision Tree 0928 | 1943 | 1394 | 0783 | 0879 | 1611 | 1.269 | 0.827
Linear Regression 1.361 | 3974 | 1.993 0.557 1.376 | 4.052 | 2.013 0.564
<HE 512> 2xF GAE sy dE&RE s v (KD-147RE= 5%
A MAE | MSE | RMSE | R | MAE | MSE | RMSE | R
odel —
Test set Training set
CatBoost 1773 | 6152 | 2480 | 0.724 | 1.391 | 3470 | 1.863 | 0.854
LightGBM 1.831 | 6693 | 2587 | 0699 | 1348 | 3462 | 1.861 0.854
XGBoost 1.825 | 6505 | 2550 | 0.708 | 0.825 | 1520 | 1.233 | 0.936
Random Forest 1.831 | 6639 | 2577 | 0.702 | 1323 | 3462 | 1.861 0.854
Decision Tree 1921 | 7759 | 278 | 0652 | 1.789 | 6590 | 2567 | 0.722
Linear Regression 2029 | 8452 | 2907 | 0620 | 1953 | 7.872 | 2806 | 0.668
<3 5-13> 23 GAE B SR E Ads HA(KD-147R = 3hE)
A MAE | MSE | RMSE | R* | MAE | MSE | RMSE | R
odel —
Test set Training set
CatBoost 1453 | 3789 | 1947 | 0776 | 1219 | 2525 | 1589 | 0.853
LightGBM 1450 | 3722 | 1929 | 0.780 | 1.287 | 2,790 | 1670 | 0.837
XGBoost 1462 | 3833 | 1958 | 0.774 | 1.011 | 1.818 | 1.348 | 0.894
Random Forest 1455 | 3763 | 1940 | 0.778 | 1275 | 2731 | 1653 | 0.841
Decision Tree 1508 | 4228 | 2056 | 0.750 | 1446 | 3745 | 1935 | 0.782
Linear Regression 1.746 | 5544 | 2.355 0.673 1.722 | 5524 | 2.350 0.678




<& 514> 23 = 5 d5EY 4% v (Lug-Down3E = HAE)
M MAE | MSE | RMSE | R* | MAE | MSE | RMSE | R’
odel —
Test set Training set
CatBoost 1.280 | 2913 | 1.707 | 0736 | 1.089 | 2.011 | 1.418 | 0.813
LightGBM 1283 | 2946 | 1.717 | 0733 | 1.053 | 1.885 | 1.373 | 0.825
XGBoost 1288 | 2944 | 1716 | 0.733 | 1.150 | 2229 | 1.493 | 0.793
Random Forest 1283 | 2971 | 1724 | 0.730 | 1.106 | 2103 | 1.450 | 0.804
Decision Tree 1.336 | 3347 | 1.829 | 0696 | 1.291 | 2961 | 1.721 | 0.725
Linear Regression | 1585 | 4483 | 2119 | 0593 | 1581 | 4415 | 2101 | 0590
<% 5-15> 22 Y E g% d=5E¥ AT vi(Lug-Down3E = 3}E)
N MAE | MSE | RMSE | R | MAE | MSE | RMSE | R
odel —
Test set Training set
CatBoost 1336 | 3411 | 1.847 | 0.721 | 1.104 | 2.064 | 1437 | 0.832
LightGBM 1395 | 3436 | 1854 | 0.719 | 1204 | 2413 | 1553 | 0.804
XGBoost 1388 | 3432 | 1853 | 0.720 | 1.052 | 1.893 | 1.376 | 0.846
Random Forest 1.394 | 3480 | 1.865 | 0.716 | 1.149 | 2260 | 1503 | 0.816
Decision Tree 1462 | 4062 | 2.015 | 0668 | 1.382 | 3443 | 1.856 | 0.720
Linear Regression 1696 | 5152 | 2.270 0.579 1694 | 5128 | 2.265 0.583
<3 5-16> 224 AAE st d=1d A% v (Lug-Down3EE 53
\ MAE | MSE | RMSE | R* | MAE | MSE | RMSE | R
odel —L
Test set Training set
CatBoost 0966 | 1917 | 1.385 | 0658 | 0639 | 0.759 | 0.871 | 0.846
LightGBM 0978 | 1956 | 1.398 | 0651 | 0.761 | 1.051 | 1.025 | 0.787
XGBoost 0975 | 1980 | 1.407 | 0647 | 0.770 | 1.068 | 1.033 | 0.734
Random Forest 0984 | 2018 | 1.421 | 0640 | 0.716 | 0976 | 0983 | 0.802
Decision Tree 1.093 | 2673 | 1635 | 0523 | 1.037 | 2221 | 1.490 | 0.550
Linear Regression 1.303 | 3.610 | 1.900 0.356 1.264 | 3199 | 1.783 0.352
<E 517> 23F YA E s =23 A% vl (Lug-Down3E = E4
N MAE | MSE | RMSE | R’ MAE | MSE | RMSE | R’
odel —
Test set Training set
CatBoost 1.017 | 1.893 | 1376 | 0.790 | 0928 | 1483 | 1220 | 0.843
LightGBM 1.018 | 1.895 | 1.377 | 0.790 | 0953 | 1575 | 1.255 | 0.834
XGBoost 1018 | 1945 | 1395 | 0.785 | 0.704 | 0906 | 0.952 | 0.904
Random Forest 1.012 | 1916 | 1384 | 0.783 | 0904 | 1463 | 1.210 | 0.846
Decision Tree 1.049 | 2144 | 1464 | 0.763 | 1.012 | 1936 | 1.391 | 0.796
Linear Regression 1353 | 3284 | 1.812 | 0636 | 1.372 | 3487 | 1.867 | 0.632
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PFIS #4138 4 2t} Permutation Feature Importance 4F4 <id&

2 <3} 5-18>3 Zth(Fisher et. al, 2019).

AN
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Z 33d @A
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g B

ol 54 job AA Az y3te)
Ao dolE X E Jutow o FE AU

21‘;_],7:” eperm — L(yv’f(Xperm))
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FI= ob) 27HA] Aaby 2% A3 4= 9l

FP = ™ /oo (5-1)

FI = el — o (5-2)
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3E 519> SR JEus ddE ToE BAAIHKD-147 HAAE)
T CatBoost | LightGBM | XGBoost R;(zlrcé(;rtn D?Iizlirzéon Rezilrrelzzaslion Mean
12 11.0 11.9 13.7 55 9.8 181 117
7] & 59 55 53 46 59 0.8 47
F37 ¢ 2.9 24 38 2.6 1.1 04 2.2
Ll Eatats 452 489 46.7 576 495 718 533
T 135 13.0 12.2 10.9 10.9 0.1 10.1
A A & 15 1.0 15 2.8 2.4 1.3 1.8
AL 0.9 05 0.4 0.2 0.1 0.8 05
o] 2.3 15 1.7 0.7 0.8 1.7 14
W ol 3.8 25 19 14 2.2 0.1 2.0
o] 3.1 18 2.7 2.1 27 05 2.1
¢1H] 3.7 29 2.8 15 19 14 2.3
AZEA F5 13 14 14 0.9 0.8 18 13
frEs5 AF 47 6.5 59 9.3 11.9 1.0 65
AF/RIAR 0.1 0.1 0.1 0.0 0.0 0.2 0.1
g7 100.0 100.0 100.0 100.0 100.0 100.0 100.0
<E 520> o EFEFEY JHENS Aoy Fax EAHKD-147 58)
T CatBoost | LightGBM | XGBoost R;Si‘;? Derfizieon ReI;rr(lazzliron Mean
14 14.9 18.2 11.3 48 6.7 5.3 10.2
Hl 7] 6.9 59 49 54 8.1 06 5.3
TP Az 4.0 43 45 2.8 1.8 0.0 29
W &7t 5w 30.7 46.8 55.4 64.6 53.1 775 54.7
Y 135 143 10.3 129 158 0.2 11.2
A 0.0 0.0 0.0 0.0 0.0 0.0 0.0
SAHY 1.3 0.3 0.2 0.1 0.1 6.6 14
2ol 5.1 2.8 2.2 19 3.2 1.0 2.7
slol 40 2.0 41 1.3 2.3 0.9 24
=0 44 1.3 1.2 15 6.0 13 26
S 5.3 3.3 42 15 2.3 5.3 36
AL 5 09 0.7 0.8 0.8 0.6 0.8 0.8
frEs AF 8.8 0.1 09 25 0.1 0.2 2.1
AR /HIALS 0.0 0.0 0.0 0.0 0.0 04 0.1
A 100.0 100.0 100.0 100.0 100.0 100.0 100.0
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E 520> dZRgd gEus Aud Few BAAMKD- 147 S5
T CatBoost | LightGBM | XGBoost R;glrcé(;rtn D?I(fizieon Regirrtlezaslion Mean
ks 25.1 55.3 37.2 50.6 58.7 76.8 50.6
W) 7] = 54 3.8 4.8 3.4 16 2.6 3.6
TP A 9.9 9.9 159 8.0 14 0.4 76
W &7k S w 223 87 131 179 21.8 5.1 14.8
T 4.6 3.7 6.3 2.8 0.9 5.8 4.0
A A5 0.0 0.0 0.0 0.0 0.0 0.0 0.0
A4 72 3.0 3.1 4.7 6.4 0.9 4.2
2 o] 2.9 3.6 2.2 16 2.1 05 2.2
5l o] 45 1.7 4.0 15 0.8 1.0 2.3
o] 2.6 19 2.5 1.7 0.6 0.3 16
] 73 5.6 6.0 4.7 3.0 1.7 47
AFGA 5 3.6 2.7 2.7 3.0 2.5 4.3 3.1
25 1% 45 0.0 2.1 0.0 0.0 0.1 1.1
AF/HIARS 0.1 0.1 0.1 0.0 0.0 0.5 0.1
A 100.0 100.0 100.0 100.0 100.0 100.0 100.0
<3 5-22> SR N A4 Tak 4 EIHKD-147 3)
T CatBoost | LightGBM | XGBoost R;glrcé(;rtn D?I(fizieon Regirrtlezaslion Mean
A2 20.3 217 36.0 20.2 14.3 35.6 25.7
W} 7] = 72 85 7.6 88 7.3 35 71
TP A 2.6 6.0 9.3 2.9 1.0 0.5 3.7
W &7t~ 5 54.6 36.5 26.6 56.2 65.9 51.6 486
5 25 4.3 3.4 3.2 3.7 0.0 2.9
A5 1.2 1.2 14 1.3 1.6 37 17
A4 0.6 04 05 0.1 0.1 0.1 0.3
2 o] 12 25 2.2 0.8 0.7 0.1 1.2
5l o] 2.7 2.1 25 2.0 2.1 0.3 19
o] 1.1 2.3 2.5 0.8 1.0 0.1 1.3
] 2.5 3.6 3.8 16 1.0 0.2 2.1
AFGA 5 2.3 2.5 2.5 19 15 3.3 2.3
25 A% 0.8 2.2 14 0.0 0.0 0.7 0.8
AF/HIALS 0.2 0.3 0.4 0.1 0.0 0.3 0.2
A 100.0 100.0 100.0 100.0 100.0 100.0 100.0
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<E 523> dE5RYgd dHus Add o #4423 (Lug-Down3 HAHE)
T CatBoost | LightGBM | XGBoost R;glrcé(;rtn D?I(fizieon Regirrtlezaslion Mean
14 28.2 35.2 36.7 295 318 74.1 39.2
H 7] & 117 133 9.8 147 136 1.7 10.8
TP Az 4.0 54 47 3.3 1.0 0.0 31
W E7t~% 205 9.3 188 289 282 9.8 193
T 36 53 6.3 45 5.7 1.7 45
XA F 44 48 40 3.3 3.0 0.0 3.3
SAHY 1.0 1.2 0.8 1.0 13 0.0 0.9
2ol 5.7 5.2 3.1 35 43 0.1 36
slol 55 55 36 34 34 05 37
o] 39 49 39 2.2 13 0.0 2.7
¢1H] 48 56 48 3.3 45 0.2 39
AZEA F5 3.1 16 19 14 0.8 0.0 15
=25 A% 0.7 16 05 0.0 0.3 119 25
AR /HIALS 2.8 11 12 1.0 0.7 0.0 11
B 100.0 100.0 100.0 100.0 100.0 100.0 100.0
<HE 524> dERgHE dEEs Ao F8E 443 (Lug-Down3 5F)
T CatBoost | LightGBM | XGBoost R;Srcé(;? D(?Iglirzéon Rez;zzgon Mean
12 32.2 29.6 29.3 215 20.9 498 305
7] & 36 10.8 72 11.1 10.9 1.0 74
T3 AE 6.7 3.7 104 2.9 15 0.2 42
&7t 5w 28.7 35.3 289 449 431 16.6 329
T 2.7 2.1 3.1 2.9 41 0.2 25
XA T = 6.0 45 41 59 6.5 0.0 45
AL 15 0.1 0.1 0.0 0.0 0.4 04
o] 3.1 11 0.9 13 12 144 36
W ol 3.3 26 29 29 37 14 2.8
o] 3.7 29 36 16 16 0.1 2.2
¢1H] 5.1 47 6.2 36 5.0 6.4 5.2
A 5 0.8 0.3 0.7 0.3 0.3 0.0 04
frEs AF 0.8 0.4 09 0.1 05 95 2.0
AF/RIAR 19 2.0 1.7 11 1.0 0.0 13
g7 100.0 100.0 100.0 100.0 100.0 100.0 100.0
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<E 525> dErdd JEHs AdEy % B4 43 (Lug-Down3 %)
T CatBoost | LightGBM | XGBoost R;(zlrcé(;rtn D?Iizlirzéon Rezilrrelzzaslion Mean
12 376 39.0 365 472 578 60.1 46.4
7] & 9.0 11.3 10.4 16.4 178 8.0 12.2
FaAE 11.7 10.9 13.2 11.1 6.3 0.0 89
&7t~ % 3.3 34 49 0.9 0.0 6.5 3.2
FTY 8.3 6.6 8.3 48 0.6 0.1 48
XA F 0.1 0.2 0.2 0.1 0.0 0.0 01
AL 6.3 6.3 5.2 46 25 0.4 42
o] 5.6 3.1 2.7 15 1.2 19 27
W ol 0.4 05 0.7 0.3 0.0 1.0 05
o] 3.9 39 40 2.0 16 26 30
¢1H] 9.2 11.0 96 8.3 10.7 19 85
AZEA F5 34 2.8 26 2.3 1.2 0.0 2.0
frEs5 AF 0.2 0.4 0.7 0.0 0.0 175 31
AR /H ALY 0.8 0.7 1.1 0.4 0.4 0.0 06
g7 100.0 100.0 100.0 100.0 100.0 100.0 100.0
<E 526> dEFEYYE dEus A 8% 44 3 (Lug-Down3 =)
T CatBoost | Light GBM | XGBoost R;élrde(;rtn De:ﬁzéon Reléirrézzliron Mean
14 25.0 389 431 24.8 22.8 76.6 385
H) 7] & 8.6 78 5.7 14.0 135 04 84
TP Az 5.3 5.0 58 40 41 0.2 41
Wl &7l 2%+ 175 9.0 9.8 27.3 255 6.7 16.0
59 65 54 6.0 6.1 85 47 6.2
A A &7 59 55 4.4 35 42 05 40
SAHY 0.8 0.4 0.2 0.3 0.6 0.0 04
el 5.7 6.5 5.2 34 5.0 0.2 43
sol 5.0 56 5.1 5.1 5.8 06 45
=0 58 56 46 3.3 26 0.0 36
S 6.2 6.6 6.8 5.1 56 0.0 51
AR A 5 39 19 2.1 19 1.2 0.0 18
25 A% 05 0.9 0.1 0.1 0.0 10.1 2.0
AFE/BIA 3.1 1.0 1.1 11 0.7 0.0 1.2
B 100.0 100.0 100.0 100.0 100.0 100.0 100.0
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Importance Rank
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3. APYAT 9 AFATA PM #j& 8 vla &4

TAEAR PM #jE dS2golA &9d PM wWiE F99L2 A

oot webA A2 AFAF wFM AAE FFAEA PM
[e)e)

T+=(Geller et al., 2006; Bergmann et al., 2009;
Karjalainen et al., 2014; 324 2020) B& Ho|} & A3 w71~
AAA A7 FadddA ALEAnt. ol AN St viE
ThEAEA A A T aEE wE AR BlFo] dF AA AL

7] wEel

<3 528> AfrAEak PM W&ol A el Adfdy v

A A5 2 PM v = Q.91
Geller et al.(2006) vl & 7} 2= A 712
Bikas and Zervas(2007) FHAY, A 7=
Bergmann et al.(2009) Ll b Ed g o
Bukowiecki et al (2010) 255 o
Karjalainen et al.(2014) Ll b Ed g o
Krecl et al. (2018) AL, A SHEE 2 Ty
Suleiman et al.(2019) Al
#1241 (2020) A FAF, %—_%7(], A2, FFAAL,
vl & 7} 2= A 712
X et al.(2020) wAAAE, % %ki‘i*—l, W &7k Al 7)<,
2k z
374 31 (2022) AFAA, AFTE, d9E, AN SEAY
g &7t 3, 44, 5%, #71%, EUROS
AF, 4y, FF3AF
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<# 6-1> AFAF*H5E) EUROL~6 wj&7t2 A7+
@49 @ mg/km
T EURO1 | EURO2 EURO3 EURO4 EURO5 EURO6
DPF/CRDi | DPF/DOC SCR + SCR
i
A 7 A] DPF + EGR UWS
+ EGR + EGR UWS
(488D
9| 1992 1996 2000 2005 2009 2014
] % /\] ]
S| 1994 2000 2005 2008 2011 2015
CO 2720 1000 660 500 500 500
HC + NOx 970 700 560 300 230 170
PM 140 0 50 25 5 45
: DPF(Diesel Particulate Filter, A J AN EZ o 373])
EGR(Exhaust Gas Recirculation, ¥} 717} A<=8-343])
CRDi(Common Rail Direct Injection, AH#A Y AZEALAZ])
EGR(Exhaust Gas Recirculation, #1717}~ Aj<=8H44])
DOC(Diesel Oxidation Catalyst, t]& AFa}Zuj7])
SCR(Selective Catalytic Reduction, A& & Zuj]3-33%])
UWS(Urea water solution, 24 W4])
23 BAMNARG T A2
FAMAEG TS FRUd ZFFol dis] A8 FEH(A10%)
o AEATE AR U ARRAR, QGFWAS, FAAT, A
A A&k drk oA T ARRATAS BAAURTT
7% BapFedol 20250904 210220229 = B3E AAASF)S HE
A etal glow, Fabg AAAA g vid A F el Asta Atk
2(6.30, 12.31) 7122 dA A SFLHEY 2FA oA A

o &2
£
~
HN

aL A

\)
foby
1r
o)
ol
_|_/

- 127 — -'xE l_I 1_“



Y
O
BN
2
[\
ot
2
k=)
i
X
oft
_>|~1_Al
2
4
ot
)
2
I
ot
]
rlo
)
oo
lo,
p)
2
1>
2
k=)
)

N
>,

3,

AT x ARG A (HERRED) x A A

eAFUAS, AAAF R AdAS

rr
R

_ 128 - o Eas ki)



KR

il

B

6-2>9} #o]

2713019108 41279

A&E AT <E

3] A o
6,840 el A 2021

=z
=

-

ZHaE Ak 2016

]

Y2016 22 7,080 )<

2o

)= - =
T%u <)

=
3

)

4% ¥

]

%o

5,062

(7] 8 A g 5 2017).

5|
pud

Wels  2A

20%

A

il

7N

27

PN
-4

ol
=

B[ Al ALE o t7]

A} a1

ol

!
-
A

Pl

Al A&

Aok Y

A o=

Abg] ] o}

A

5
T

o= 20124 ©]
w

A

] 7] &}

&
LS

i

ol
!

X

o
R

C

oF
)

N o0 (@)} —
Tlo | 2| |3 B | =
ol |V VN @F| =]
=S|IV 8| S|
Ll | S| S| K =~ | D>
N <t 0 | N [aN [aN]
T8 E| &8 ® S5
DRSS | S |olR|S | =
— o0 o [aN] N o) — —
LI || & | K M| M
N[|=|loO| DX x| e
N || ~ | —
T | = || I~ | ©
< [ = =] 0| > w o0 | o=
— —
SIS |S |23 8|5
N =W | O |N (9o 1N INap!
M| ;| © o~ | <t
Tl || 2|3 =S| o®
KRR |||
m — [aN] o — -~ | & 2]
Sl ~ & a
N =6 BN = | =
= =
el R el ol P R
TR | TR |
== o | | = ol
< | 9k < | 9k
o o

© 718 A7 (2014 ~2022)

=2

1)) 8}

2] <

- 129 -



2021

zp20
%

3

=

2018 2019

“e

—— A EE —B=-ERAEL

2876 2017

2014 2015

2013

8,000
7,000
5,000
5000
40600
3,000
2,000

1,000

Feiatd

n\!
<
=0
=K
i
%0

%

=t
il

T

RO
)

WAeE AV Wrgs Edz Fiy

1=}
T

=] L
s

A

al

7h

73

B

o}
e

AGAR, AFA A

-

T

3}

=K

N

o

A
" 4

-
s

{7 o] ol s FRAs

g

1.254,

R

o <2¥ 6-2>09

p A

2 H 2500cc
ko)

o]

[e)
=

A

1
T

o2 "

A=

=13
=

7]
- 130 -

[e)

=

1.0
ol

=
=

=

=

o

==
[}

1(2013)° ¢

-
fins

] 712 2000cc

1.754

1
T

-

e ERER

]
yal

o},

3,500cc
oA a1 U Th.

AR

7t



BAT = RS A4 5y a2y A 3500cc 2HHE F24

o

Z7hste 549 mola glo] olo] W@ FE/ a7

<¥ 6-3> FHANAREGTT SLIFEAF
ol 71 Zv)) 7] 2k 20002 3} ~ 2,500 7} ~ 3,500 % ¥} ~| 6,500 3} ~ )
171% 2,0000] 5} er J“L J“L er_ 10,0002 2}
(cc) 2500013} | 3500013} | 6500013} | 10,0000] 5
LdFdAe 1 1.25 1.75 2.64 45 5
AR T AR (2022), AN L Hehy

W y=0.4229 x?-1.0216 x + 1,5852
F ¥ R? = 0,691 °
=
E 25 .
B 2| L]
EE e
E"'E 15 - ®
2 ! e Lo
% »
: £ 3
= 05
w
Xi]

1 15 2 25 3 15

Engine displacement [L]
< 62> ARAEA w1 STk g
g L = HS Ao (2013)

- 131 - ; xﬂ 2 1_'.” B



e x4 o027 PM(%)o] =7}

17

W10 o

L

<a¥ 6-3>5 AYE

]_

ol
O
—_

1.16

112

1.08

1.04

300

200

[CAIT]

17

13 14 15 16

12

REG)!

oy

3t

4
ujr

jou
<l

oo
<lo

N
A

l2)

2.3 A QA

"FRleEY, o wE s A el

:]:L!

—~
o

I 1.00, 50%F

S

2 5009HH o] % 1.53, 100%FE o] 5009 o]

Z
o

7]

H Rk 0.40

wmo

o

o

F 0.85, 10

0]

JWO

o

50

<0

o

gmo

T

a

I 0.87, 10

0|3

- 132 -



2
=

e 2e8u <z

<)

[}

]

o) U

]

%

]

o]
1l

[e)
=,

B A

=

olth. AeiAel oule A

EEEENE:

6-4>

N

1:‘1_]__

04

10%Hw]

104 o]~
50
0.85

1)

<2¥ 64> 20199 A9 AHAEA AT PM

Fo] AF~
0.87

RE
100%HH] ¥F

o0

A~
500+ 7
1.0

100%*o]

1.53

12.0
106
80
6.0
48
20
00

N

s

S

= A= A Agol A

— 133 —



2 A% #H=X

ol

i
A

=
=

el Al

gyl

A

0101

Joj 5 o2 W&ol H

T-ekal, 200795 Al E

B wls 7] e A=A

=2
[}

2}

Atk 2y dA @30

2 LPG

ar
=

o]
I=|

o

o

)
s

B2
of

it

—_—

—
o

TEEA

1
T

53} 5]

=]

=

7 e of

o

jant
]
od

N
~

BR
o

.

<4
N

o

el

)=t

1P B R LS

4 9

o
1l

73 ©]

=
=

=
K2

olx B Z o]

Aol

-

T

338

Hlo

:rL

)

o

T, 2017, A

A= =97}

99, 2021).

ol

i

=T

2] <

- 134 -



A3A A
d AbElEA
B Az}

o oA

3 T
L =T
ﬂo 17_A| 0 T —_
TR o e R o
i B o ol
g M = = X w7 ok
o M wuﬂmm}ov N Al G & e
z T ’ G T = = A % o =
ﬁ#%dréﬂ o QJPP%L
mjgﬁwwmﬂjgﬂ Emg},gw
: = X T ~ X
mﬂmrguuaﬁoﬂx_ﬁ%ﬁhﬂi uuﬁowﬁ%%;ug
= o5 W = T o T ol P B K o PE RO
X DT _— . 3H XL pm N ? 0o X ,ﬁ H_I ‘»Al
%ATHTQEEMWo*@%% ?Ju%ﬂd@
dn oy . = T 2 o = = o N - % T A <
i o mim % = B! of %0 Ap it _ 3 g i < o
) TGS = A 7 o Mo Y o n W S
o B e 1}3 %1%@ W
~ e on e ~ NE X D W o Ik _ o}/
T o o R N A s o %0 Tmow X T W9 o
w0 mﬂun7ﬂqr ﬁo%ﬂufqoéiwaﬂ
[ O_ EE Myl HT —_— JH %0 iy e ,I_,_AI X = WAI he .lL
wrm_wquqm@@ﬂimaeeﬁodL7$
T of — R T % o © s e o B
- o deghﬁ w 4 5 < =
< X o E ~ o N o T 9 X clg_ 2
0l o % Of 7AL _— o f HL — ‘_mﬁ
gyagyﬁ aﬂ1§ﬂ7tbxo
ol —~ 5D 9| o 0 N e i of
me X = ;o o = T = W = o T i
aJE. ﬂ,%nﬂmﬁl iu]iH aV]ﬂ;
z:j@ﬁwm;ofg R Xz LT 5
~ = o =y = i T v ~ = = '~ KO T
= & o) mxjﬁA;u%xﬂMﬂ]Povr%drM
£ 3 =3 o) o = ‘ilﬁ MI od M_; o o Z o ~
_:H_T_nmo Emﬁﬁ%ﬁxuﬂuwﬂwmgﬂ.wﬂgﬁ
&r;ﬂuﬂrﬂwou%7ﬂﬂﬁnﬂmwx1£,1ﬂﬂr
oo Uru mhy e Mn H_A:o ™ do o = "y < o % plo o ol
R < o 5 ~X LR g0 g
ﬁe T El b ﬂﬂ 1o o o X JD DS ™ - - Bo
Tgmﬁiwﬂugﬂ m;no_nT T B
o X o " = n Mf W = IF X o T
I 1_,_A| 7E O# \m . ~o ,ml —_ o k)
T T = W o o i
o) o ! K ™ 0 —
= ot FIRR =l L
T o+ A 5 X a
o B B ¥
= My B
ﬂ.u” ﬂ%y ;OO
\ A
XO

- 135 —

X

et

ke

wlof



Hola 9t} 7]E9 101 o] As Ak

=

=

Al

_%4

1
T

2

[<]

7}

=

[€)

PMe]

X o) m ®o
J)Al ﬁo X 0 T EI#
T M TTE PR -
Ry o N oo R o) o i T 5 o
o) o T iz £ oo Ny X 2
N o) o) o w#.a w T = ojy Mo M ~ o " M
+ " oW w oo o om o T XK X -l
T o KW % U aC ok Ty AR
i CR I - — & T
of T o B X I Ao 5 © o
o0 o3 N ~ w Mook 0
J M J ‘,_JM _— ﬂ__/H HT a7l ) U.ru To _El N » ) W or EL ﬁl
Ls S5 T IR i R
= uoﬂ o m o D o= o)) W/o ,_aww_ = iy
! T g = o) X oy o T W = ol -
~ o ~ X = 7o T © TR er X
“® TmowF - Vg Do ST s w
»A lxe) .
R P g W W T LDy
3 ;oT : m X o %o R of AT o MMU B 9 T o
o X a T = Wy R o e M5z O [
Gy T Ty o A ol T oo X -
Gl k) X X _/L 0 =
T e T T E o = B = Do s o
=0 X ° Y B L imt iy :i AT
o W N e O 7R ol T ok T o o] o G 2
"o KO — 0 o H_l HT.__ ‘;lo_ﬁ :i EE = RO "4 _&.o = 2o X
o ot N ool o o W N <X
Wy X = o T e ®r o o o o is
o N D ey T Q% g T o o B = 90
N TH oy oy oy o+ M o — Iz X KO — g X M X’ o =
° Fxoom o al £ T 5 I TR B oo 2o
o I~ o o wm B Two jals ~ o N <
o n_Av._ ﬂa HT AT EL ,_Mﬁ . ,._t =K ™ O_._ HT ,._t il :.L ~ O,ﬁ
= % = n o rln M v 2 2 3 T C3 T G+ Bz oo W W
o — o~ —_—
- i WL T brT T or D
° K X o) T N T 0o = = %
K 5 Yoo oo oo ) E R0 o= T o < © % EN R
. ﬂLEu.H - 2 = (O T ¥
;o._ o EO 7D IN s ﬂ.o” Of ‘._t O#E ‘mu_!‘_ N l 1 10 H;I .l nLﬂ HT_ M.M
@amﬂwﬂn%%wmaﬁm@ o 2<aﬁwm*}
— [~ f [ =~
0 Tl O_H Z.E O_H 3 _ ﬂﬂ Mrﬂ ;Ir.” o0 . ™ JH N X NF o
N TRy o E g N A R T W
N TR

b et

°©

- 136 —

g Ao ® 4



5,600 »
4,000 Hies B
'6‘2:2 ug
5 3,000
2,000
1,000
G

6,000

3u,

2013 2014 2015 2016 2017 2018 2012 2020 2021
i

<19 65> BPAATEF AF PE

A

<& 6-6> ¢ AuEl e W&

Avtee. ek
SL [ BEA deE PR A PEE 100% 35
$2 234 TEE B AL RER 0% 85
S3 | BEA A B A5 BER 50% 5

2.2 WE7tEAA =94 +4A BEHE Ry

A7 BYdeldes mMErtRAA dA/2dA olgol EAE
ohool EAHClHE &5t <ad 6-6>3 o] wiEThAAA A
=¢E Abgstal, olF 20199 AFAbsAt AAtde R gtk Az 3
HE AFF9 F4o] 7bestth PM wMiE8871E2 <3E 6-7>% <&
6-8>= F&stol WE7tAAA 43 =2¢4 s S A
AE =2¢A HE2 147%0M, AA AF T = =d4 ves

Eare

169% 2 714 =& Aoz Yeyt <X 6-9>F 7|+ o =2 )
)=

~ 137 - % A—T e I_‘_” ﬂ Il



20193 E4H0IH

k 4
20194 (M= RFE / 2814 3R dAttis)

Ay YA LEE AP

<29 66> wME7ERAAL B84 A4 AHE Fa A 9

<% 6-7> KD-14752.= u|&7}2=4A PM Wl&7]15

X'HZ}_??]_X]' PM HHi%E 7]%
19923 129 31 o)A 45% o) 8}
1993 19 1955 B
19954 129 31471 40% o3}
1996 19 1955 B
20004 129 31974 35% o]}
2001 19 194H B
20079 129 3197 25% o] s}
2008 19 194 B
201691 89 319744 15% °]3}
20161 99 14+4E _
20174 129 312717 8% ol 3}
20189 19 14 o % 8% o3}

AR A AE 3T (2022)

I

- 138 - - ,:H 2 1_'.” 'CJ} U



<¥ 6-8> Lug-Down3E = &7}~ AL PM Bl &7+

. PM &5k 715
A AR 2= | 2meE | 3me
19954 129 31¢ o)A 70% o] &}
L: Q] 10]1H
A5 20008 124 318714 60% eret
= 0|3} A=x S
2008 1€ 1Y o] % 20% ©]3}
19954 129 31¢ o] 50% o] &t
[e] ol H
A 2000 124 318714 A% elet
= 23 2=x o
2008 1€ 1Y o] % 15% ©]3}
A8 - AFILEAFTTH(2022)
<GE6-9> 20199 A rAF wiEvbAHA ASE A 2 234 vE
2 &4 234 A
o o] B o H] % (%) o H] 2 (%) o H] Z(%)
=& 66,845 91.8 6,002 8.2 72,847 100
<% 50,778 86.7 7776 133 58,554 100
3= 315,224 83.1 64,094 169 | 379318 | 100
55 51,443 90.7 5,306 9.3 56,749 100
A 484,290 85.3 83,178 147 | 567468 | 100
2019 4 =34 gHA
o &AL Bl Bl o
Cha 2,033,901 181,677 2,215,578
) 743514 114,057 857,571
3= 2,710,673 551,268 3,261,941
55 113,049 11,592 124,641
7 5,601,137 858,594 6,459,731
~ 139 - ] 2t} 8

11



o}

1

k9
yul

| HEiEE 100% F-

23

J

A
&y

i

a3

A
L1

23 Alyged QA

A 131,1459

el

ol
o

A, Auele

745 104,916

A 2.2¢]

o

%

Jjo
—_—

o §-}o]

1
T

A

3.1 AuEle 44

BgA eAAe A
3. Hr2 AL

AW A7

A3

mK

Gl

o

o
olo

N

0

F A

.WL

o

e}

PAY B Aol A

o

}A o
6-10>3} 2+o]

°

g

A
=
<3

-

= Alyge®
Alue] Q.=

1

o
S

B

—_
o

&

NR

A2 A 52

o

taew, A

S

2= oA

S AS

=
=

ako] 200 W wh

S

— 140 —



o

et 370 Ay

Xéls

= aA A

>k

4, 55 =9 A

Ea

7}

=
=

of

&

6-10> tHet2 Alvtg] e W

<i#

) X

X
o 0y .
ok %
< > x
T A _
e T oo
" i N
X " 4k
oo x =
NR —~ ol
X of
L le =
o > o
03 i Fo
£ |5 |TH
== o Mo
%o | Hlo o~
= | 1m <] o B
plo ~ MFM
<] b N
N Mo | =
= = X
A — |7 e
= x N X
» B D
— o ox | ® AR
N No ~ | No =
~ NN | N W
R I O
— — N — X
LS ™ — K
o= B T S B e
o N | of T | o
m | mae gl
of B | of N | of D
o
™ — N ™
UF ) w2 5}
<

o] #of

= ATl A

& Agkstauzt ok,

HolH,

20,250

il

<29 6-7>3 zo] offs} 2

ke
T

A A 34

!

=]
GE

7h

7

B

2t

skt 2

[e]
= AA

¢}

Al

I

—_
file)

e

el

BEEEE]S

wolAE

1
Sl

ksl

1)) 8}

2] <

- 141 -



43t 459 67) AZRYS FEHAGL. 28 AR 9

slatAdr. o4 vFS = 2B 23 CatBoost,
LightGBM, XGBoost 37} R & ¢ A gkS A -&3ste] AT 7H5 A
2 Abggtt 71E] AN EGE AR dis EAHE AES
i, JfAeES AlAlgTE 33 A E StEddA] =E¥ 47 PM O WiE

27t SHE ShE WISEY E|EEHE RHOZ F2 HO0lE 7IE 67) ERY 24

PFI SQ& 24

AtEIES

[ wEEAgAn Y ous 28
LB, i, SAE IS (ESlE 6 HEDE MY

- HHETIA HAIYA RS 67 OfF REE Ff PM HiERQ 57 MY

HISTEA ZAAMIAL-RBO| T2 SEXO! PM BhER91 4743 43 §
0528 24

- HAH 3 ZHO| PR ATIH B HIS(CIEL) 4T

| IE BENUREE LY 2E HE
IE HHASE gesEE M

“JIE WA vs et Wi B4

47 PM HE FR0le] HUEH HIEE UHH S TIEXIR #8
CERE ASE X0 YR 10y FANNSES UE
PR BE L IEE A EY

<Y 67> BAAY RkE WP AU

- 142 - IR ,{-i & Eﬂ [



6-11>3 o] A

A
it

=<
9

AApgA o we) Aol

== T
=R T+

o] " o3lt}. wta] KD-147R =9} Lug-Down3E = 2]

43502

3|
pud

g B

16.1%°]

g

|

o ARAS beAs 2128

3

py

HEom 1ol A

35

3

]

A
e

S
=l

R
o o

AT FEA

}‘\_]_,

il

<3 6-11> PM Hl& F8&

o
= N -
o N
¢
TN § | B
o= 2| =
N I S
<)
I SIS
B N =
3 lo|olo|o
e
=
e
A FIa|aS
_g Slo|lc|lo
=t
—
D~
= 1285
L [z ==
m ===
o
Eokoo
il N_liaﬂmwo
1ol 2l I
N | ™|
—_
ey

|

o

6-15>9F zFo] Alupg] L

A
it

6-11>~<

<3

gA7 =

A

}1\1_

=]
ARE=

dl

7

B

A3 obzist e wAYR APt

=
| N

A 7]

&

S 3
= =

=R

3ko] 212

olo
T

e h=s

1)) 8}

2] <

— 143 -



@ ME7tEswATE
o= 4 sHe A
® 48

EURO5, EUROS, ﬂ =

® AMuEl e g7

el ce
20005 7 ~[2500% 7 ~]3500% 7} ~| 6500 3 ~ -

[e] =] ) B > 5 3
AL 2000078 ) Shgerat | 3500018k | 6500015 | 10,0000 3 | 10000
Si T 15 15 26 15 5
2 050 100 104 103 112 116
S3 050 100 104 108 112 116

<X 6-13> Ayl el AHA S
EEIERE
Al e 3n] gt 307 ~4u] gk 40] A ~6m1] vk 60] A ~8u] gk
S1 05 1 104 103
S2 |8 o1A710 HE| 10 o] 4~15 W gk | 15 o] 420 1]k 20 o] A
3 112 116 12 124
<3 6-14> Ayl o FFASF
@9l kg
< | SHOPIRE ) aesuyey [ 4505w wk | 78850 | 19,1700 7 | 19 S
gg 050 1.00 104 1.08 112 116
6-15> Ayg ¥ wE7t=5FAS
REEE == =2 == T=
S1 5 104 12 124
2 106 220 237 263
S3 100 175 564 5.00

— 144 -



Mo
Ul

M
Ho

g2 PM &

e m
Plo !
© LO
H ©

Ho

E|
gt @8
ujo {
I =
o =
| |4
g

Ho

X

gt ¢ N
o S
e |2

1

Ho
Mo " ~r
|4
S
e o
Do Ho
7

3.3 Ay ed 7

G BagFde KD-1472 =9 Lug - Down3

il

i~

T
)

3

A et

)

nE

o
A&

=
[¢}

A% gme) 7}

w_

ol

Foluh Al
Aol ket PM

)

.ﬂu.o

o

o

]

1A

o Aol wet

]

Sk R ol

o]

= Aoz Yvebyth PM WiEsE, A Y

=] =]
2gs

2 A el e v

1)) 8}

2] <

— 145 —



g2k PM

14
Ho

—

X

=
|

T

, 192,627

&

]

I
fus

o

1ot ey A

°©

206%%= °F 4% zrAstdnh o

7

=

s A A Sahge] wlFe] 36.190]

H, Alvke] 238 651,781

o

T

2] o
o]

34081 &2
|

1t

[e]
[e)
=

T

A

s
.

, 18137

)

e
-

[e]

s

24.5%, Avd 23

=
=

A5 37.3%= 1.2%7}F

-

s

ool 167,782
Ak PM wj

o ALHE] 2.39]

o] A% wAIFA

PN
T

AlPA] 210 o] X RE Al te] 93

o}

=

o

Njo

Aoz e
Alr2k i

-

s

3}

S

=

-
T

3} o

Agolr, UmA AGe A% i =

[e)

o ol

ol
=2

]

vl

A

£}
W

—_

;OL
N
_zT
n
-

g
Hlo

~
N

o

Avte] 2 Hlas] W Alvhe] 219

o]t

%

e Ay sl was

e AluEl e 2, 3

= Hu]§

vl F A3}

B3

1k

=T

SRR
HaAt
Ly

2] <

bol 2 2

S

=

=

5} 883}

STA7E SR Al g A] 348, Alube] @32 258 Ao
— 146 —



wrd AEA 1Y 277

.-

AR GF(KD-1472.5)

sl : 4, %
n] A &)
P = ol I e iz
100~65 103,510 194 129,460 19.7
65~41 101,935 19.1 127,029 19.3
41~24 103,330 19.3 129,902 19.7
24~12 101,675 19.0 126,115 19.1
12~4 87,810 16.4 105,298 16.0
4~0 36,014 6.7 40,935 6.2
SHA 534,325 100 658,739 100
S2
P o E a2 =
100~65 367,763 194 593,168 20.1
65~41 369,451 195 585,072 19.8
41~24 373,837 19.8 599,253 20.3
24~12 363,350 19.2 576,886 195
12~4 308,598 16.3 455,776 154
4~0 109,243 58 141,548 48
SHA| 1,892,243 100 2,951,704 100

<% 6-18> PM HlEE =W A-sA 1dd S804

G+ (Lug-Down3® =

949 s 9, %
AT
PMs 2= o e ) W%
100~65 230,364 18.7 344,170 19.9
65~41 236,148 19.2 343,132 19.8
41~24 236,922 19.3 334,203 19.3
24~12 239,039 194 331,606 19.2
12~4 187,890 153 251,903 146
4~0 98,917 8.0 126,012 7.3
HA| 1,229,279 100 1,731,026 100
S2

PATS - Zl I Z9 I
100~65 454 648 20.3 708,853 204
65~41 455,000 20.3 701,482 20.2
41 ~24 432,834 19.3 681,606 19.6
24~12 419,536 18.7 677,124 195
12~4 319,521 14.3 491,700 14.1
4~0 158,039 7.1 217,824 6.3
A 2,239,578 100 3,478,588 100

- 147 -



<¥ 6-19> PM Hi&5=d #5A 10D SAMNAEDLF(E Z3F)
gl 9 %
n]A] &Y S1
A= et
PME== ol e e N
100~65 | _ . 167,782 172 238 245 178
AL a
65~41 ° 184,529 189 260,018 195
a~24 | 190,860 196 263735 19.8
TTE
24~12 193,265 198 263,129 19.7
12~4 . 160,772 165 212,179 159
4~0 e 78,137 80 97.907 73
7 975,346 100 1335213 100
S2 S3
A= ut
Pt EE I EE 0%
100~65 g 411785 196 651,781 199
65~41 422,097 20.0 656,711 20.0
41~24 g 412,485 196 653,200 199
24~12 400,813 19.0 643721 196
12~4 sl 316561 15.0 481,966 147
[e)
4~0 141,920 67 192,627 59
37 2,105,660 100 3,280,006 100
BELSE mEsLE mAER
53 399 395 206
e
51 373 395 232
ojAj & 361 394 245
<29 6-8> F=EY 199 SHANAEEE 15
. e =]
- M8 - i "R‘-]TEEH*'!



<3 6-20> AFH AsA 10 dA NS A A
e %

KD147 "] A &Y S1 S2 S3
A}E =9 | s = H) & w H| % =9 | Al
& 52,244 | 191 62,741 19.2 171,359 184 | 200,106 | 14.6
sH& 60,609 | 22.1 72,293 222 | 211482 | 228 |336,340| 245
=% 104,707 | 382 | 124607 | 382 | 341,396 | 36.7 | 582884 | 425
5 56,415 | 206 | 66,292 203 | 204770 | 220 | 251,027 | 183
A 274,025 | 100 | 325,933 100 929,006 100 {1,370,357| 100

LugDown3 n]A] &Y S1 S2 S3
A}E =9 | s = H) & w H| % =9 | Al
S 148,049 | 34.0 | 197,867 | 34.1 250,743 | 336 | 382117 | 354
=% 86,337 | 19.8 | 113,856 | 196 185,007 | 248 | 197618 | 183
55 201,674 | 462 | 269,208 | 46.3 | 311,167 | 417 | 498,341 | 46.2
A 1436059 | 100 | 580,931 | 100 | 746916 | 100 [1,078,076( 100

A H] x| S1 S2 S3
A& = | HE = o H & o H| % =9 | HF
=& 200,293 | 175 | 260608 | 175 | 422,101 174 | 582223 | 165
sh= 146995 | 128 | 186,150 | 125 | 396,489 164 | 533958 | 15.1
Sl 306,381 | 26.7 | 393814 | 265 | 652563 | 269 1,081,225 30.7
5 492475 43.0 | 647223 | 435 | 951,686 | 393 1,329,103 37.7
A (1,146,144 100 |1487,795| 100 [2422,839| 100 3,526,509 100
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<X 6-21> A9 s 109 A0

ARG F(KD-1472 =

wel: 9, %
2] ¢ v A] of S1 S2 S3
=9 v & 79 v & =9 HZ | F9 H
A7) 43,981 20.0 45,363 3.1 190,603 6.0 281,622 6.0
A 41912 19.1 864,541 58.6 598,252 | 189 | 747,601 159
75 4792 2.2 64,696 44 277587 88 453,164 96
3 10,088 46 53,063 3.6 221,898 7.0 345,791 7.3
o} - 16,688 76 55,183 3.7 234,894 74 378512 8.0
o] A 10,591 48 55,518 3.8 232,497 7.3 363,467 7.7
Ak 19,155 8.7 52,672 36 223,049 7.0 350,274 74
ks 38,261 174 34,858 24 146,348 46 185,624 39
Ak 9,303 42 54,714 3.7 233,340 74 371,528 79
o1 12,358 56 32,093 2.2 134,424 42 176,084 3.7
A& 4329 2.0 55,140 3.7 228,279 7.2 354,546 75
=y 4278 19 53,132 36 221,674 7.0 341,427 7.3
=5 4114 19 54,110 3.7 225,147 7.1 348,751 74
FHA 219,852 100 1,475,083 100 3,167991 | 100 | 4,707,459 | 100
<E 6-22> A9 AEaF 1dd A7) 53 (Lug-Down3E. =)
2 I
e ERE) S1 2 S3
B =9 H & =9 H & =9 vZE | =9 v ZF
73 7] 106,178 44 152,068 45 205,329 49 280,282 4.3
A 165,490 6.9 254,648 76 326,057 78 505,881 7.8
A5 180,924 7.6 278,709 8.3 330,450 79 548,824 85
B 180,776 76 232,517 7.0 298,646 7.2 452,945 7.0
o 161,628 6.8 206,898 6.2 272,561 6.5 399,457 6.2
o 174,834 7.3 223,715 6.7 278,227 6.7 429,630 6.6
Aok 216,617 9.1 279,085 8.3 330,409 79 544 569 84
& 153,335 6.4 124,014 3.7 168,407 4.0 214,842 3.3
A 142,474 6.0 217,754 6.5 273,763 6.6 430,220 6.6
Ak 190,166 8.0 257,260 77 306,573 7.3 505,680 7.8
o1 137,132 5.7 171,879 5.1 205,861 49 308,604 4.8
Ay 166,808 7.0 286,046 8.6 339,443 8.1 564,855 8.7
7 5 152,063 6.4 228,401 6.8 288,333 6.9 452,012 7.0
=y 132,570 56 226,473 6.8 287540 6.9 442,178 6.8
5 126,781 5.3 204,491 6.1 260,764 6.2 393,563 6.1
A 2,387,776 | 100 | 3,343,956 100 4172364 | 100 | 6473541 | 100
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<3 6-23> A9 Ak 1S AN RS (F A
wel: 9, %
o RE) S1 S2 S3
S H 5 o H 5 w9 v | =l H 5

7471 | 87202 | 43 | 87202 | 43 | 200836 | 50 | 280691 | 45
Zd | 208938 | 103 | 203933 | 103 | 389601 | 97 | 562311 | 90
A% | 157265 | 78 | 150265 | 78 | 320181 | 79 | 530242 | 85
B5 | 133492 | 68 | 1384% | 68 | 272516 | 68 | 416463 | 6.7
o | 121135 | 60 | 121135 | 60 | 257,808 | 64 | 391253 | 6.3
94 | 128356 | 63 | 128356 | 63 | 25982 | 64 | 403044 | 65
ot [ 169692 | 84 | 169692 | 84 | 209036 | 74 | 487792 | 738
4% | 113620 | 56 | 113620 | 56 | 159021 | 39 | 202410 | 33
A%E | 42474 | 70 | 142474 | 70 | 273763 | 68 | 430220 | 69
2aF | 145309 | 72 | 145309 | 72 | 281701 | 70 | 460118 | 74
AW | 99900 | 49 | 99900 | 49 | 179610 | 45 | 259907 | 42
Ad | 166808 | 82 | 166808 | 82 | 339443 | 84 | 5648% | 91
A% | 123529 | 61 | 123529 | 61 | 271340 | 6.7 | 424433 | 63
Zd | 116403 | 57 | 116403 | 57 | 274727 | 68 | 422573 | 63
% | 107183 | 53 | 107,183 | 53 | 251636 | 62 | 382079 | 6.1
S| 2026306 | 100 | 2026306 | 100 | 4031072 | 100 | 621839 | 100
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Abstract

Ensemble Learning to Predict Particulate Matter

Concentrations Emitted by Diesel Vehicles

Lee, Sang-Jun

Transportation Studies Major

Department of Environmental Planning
Graduate School of Environmental Studies

Seoul National University

Diesel vehicles emit an amount of Particulate Matter(PM) compared
to other vehicles due to their diesel engine characteristics. As of June
2019, there were 9.97 million diesel vehicles in Korea, accounting for
425% of the total in the nation. On the other hand, diesel vehicles
account for only 1-3% of all vehicles in the U.S., China, and Japan.
Therefore this study is focused on ways to reduce air pollution from
diesel vehicles in Korea and is crucial policies for reducing PM. To
achieve this goal, a basic study is needed to identify the key factors
affecting PM emissions from diesel vehicles. The proposed prediction
model aims to improve the accuracy of PM prediction, allowing for a
better understanding of the contributing factors and the development
of targeted policies.

This study also addresses the limitations of existing PM emission
prediction models for diesel vehicles, which include their low accuracy
with traditional statistical methods and complexity of the relationship
between PM emissions and contributing factors. The authors propose

a solution that involves applying machine learning techniques and
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utilizing big data and controlled I/M(Inspection and Maintenance) data
to enhance accuracy.

This study has three research goals, which were achieved in three
stages. The first stage aimed to improve predictive performance with
a prediction model using ensemble learning. The first stage of the
study divided the ensemble learning prediction model into two modes:
KD-147 and Lug-Down3. Analysis of 20 models involved classifying
emission test pass/fail data using ensemble learning. These models
included regression analysis, decision tree, random forest and three
models representing CatBoost, LightGBM, and XGBoost. The
statement implies that the performance of a predictive model was
optimized by tuning its hyperparameters. Of the six models, the
CatBoost model achieved the highest R? value at 0.815, which
indicates a strong correlation between predicted and measured values.
On the other hand, the linear regression model showed a lower R?
value of 0.649, indicating weaker correlation between predicted and
measured values. Hence, the statement highlights a significant
difference in prediction performance between the two models.

In the second stage, permutation feature importance(PFI) was
calculated for the PM emission prediction model for diesel vehicles
using ensemble learning. This helped to identify the common PM
emission factors, including Korean emission standards, fuel efficiency,
displacement, and weight. The differences in the main factors for
each vehicle type were found to be loading weight for special truck
and the number of passengers for van. These findings show that the
main factors affecting PM emissions align with the intended use of
each vehicle type.

The third stage of the study aimed to reflect the main factors of

diesel vehicle PM emissions in related policies. The purpose of this
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case analysis was to use these main factors derived from an
ensemble learning prediction model to inform PM reduction and
environmental policies. The environmental improvement charge per
vehicle was calculated based on the importance of each PM emission
factor, and vehicles were classified into high, medium, and low
concentrations in terms of their PM emissions. The study also
evaluated how the environmental improvement charges per vehicle
change by type of vehicle and region. This information can help with
designing targeted policies to effectively reduce PM emissions from
diesel vehicles and improve air quality.

In order to consider the equity of those subject to environmental
improvement charges, weight coefficient and Korean emission
standards coefficient were additionally applied to the calculation
formula instead of the regional coefficient. Applying the derived
Korean emission standards of this study and the PFI of the model
year as weights made it possible to confirm the structure in which
the levy was further transferred to the drivers of high-concentration
PM emitting vehicles.

This study reviewed the predictive performance of PM emission
prediction models for vehicles through ensemble learning and
identified the main factors of PM emissions. The model can be used
as basic data for evaluating the effectiveness of PM emission
reduction policies or establishing other eco—friendly policies and

strategies in the future.

Keywords: Diesel vehicle, PM emission, Emission factors, Inspection
and Maintenance Data, Machine Learning, Ensemble Learning,
Permutation Feature Importance
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