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H37] g8 AR ol7|ElA 71uF RNNo|w LSTMS] &4 v|EL A7}t F-3
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105) WhEA 01D, (EeEE AFYANAL nek meAFe] B AT, (@
b7 8ks] = A, , 12(3), 1408-1416.

_59_



2020'3
+ 108259
- @

- 11E1Y
+ 1A Cjole +3

2021'4
- NE21Y 14 22Y - 18259

.« 2§16%4 » 38 39Y » 5%5Y - 58204

- N ColE £y - Mo Y - 4NCOE 2T - SKCOE Y - GACPE #Y . 7apciole 4F - SMUOE Y

% 13 2020d 10€ 254 ~ 2021 5¥€20 7|3bs<t 3

_60_

¥ MicroSDE ©]&3t &7 dloly 4




1.1.4 Web based T+ App based

[oT 717|114 E2h-5 Ao JREE o], A4 vlojeE AAREoR &l
kA, HlHlo]E o AT = QUEF o= Faitd, TR ZEENE
(Front End) 2} $HH06), itz A Zoflx ofZejAlold T2 o 9
ojA|olA A= AIZE, 1A 9] HlolY = Aelstal Ak & ul, Hlo|EH & A ollA
71y AP AY Baels 98 Jddsls 718 W= (Back End)2F dto)

AA A= st=gooll A AFRShs SEReE AHlA= SR (Matlab)
Ato| A A E28= ‘Thing Speak’ ©]#H= IoT kT AU Az A, o] 7]
A7 o8& 7haste] o] 82t dshs FEE Kol Au| el Hshs
WA Web ®219] 71HHO0T & A}ME-8kA| HT,

M T71= A J%OW T °1E}108> o17]°] thing showsh= FEREC|= ¢
o] RIS ARSH, THEE ARESHA WAk, SA @gelA HlolE ]
Z71 HES ulg golsk 4= QlojA], Ao e u v HAzsh)

106) 2FA1%(2022), "AHE H(WoT) &H4dA UEHZ ZYEZH ofZg Aol 7
s 9% § ZEEQE ZHdYae] 48 |48 ¢ Eds, | MAEANYA
B3eh3] =R, , 18(1), 47-54.

107) Maureira, M. A. G., et al.(2011). “ThingSpeak - an API and Web Service for
the Internet of Things,” World Wide Web..

108) Pasha, S.(2016), “ThingSpeak based sensing and monitoring system for IoT
with Matlab Analysis,” [International Journal of New Technology and
Research, 2(6), 263-492.
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19 15 Web, App W2l frontend H] 1L
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1.1.5 A< A¢
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gjeFg IP 7hdlgke} ToT g1l ol 4 QAEUlo] opbd, -4 WiFi(&}o]
gto)) & AFEsHAl Holglth 17 d ofHAE T dAl AT A &E

WiFit, APPEZEOR Q1F Haks Hlololt 24 4E 3 WEYAE AH-
& QU EeIQle QFERo|s AEE e A lM WiFiglSE o 5 E e

T

YA S Aok Fe), wEpA Qo)) A& 5o A7 A=A 4= ToT
Anl= e ofolt) o AL =Rt T LA QIE Yol &S = Sl JAEMY

71t LTE A48 Eylo] dasirt

A A S, & 19 oA B ukel Zo] LTE B> SAALA Algste
T4 7EE(U sim) & #obA dHoly &4 71s SO, dolio] AeE [oT
ule] Algett 7 HAE, R oR 7 "ols AMshE EGG A=,
LTE 2135 ¢lo]yjo] Al g upfte] Fi&= oAghs sir}
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F 19 Aol AR ekoldto] g BE] An]

I
N

LTE &4

3 20j10| (Public WiFil
WA xR

232223909

e
-
- .'
.
i
Lal _.
- G
mE
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ll—-::'::—| vilsil
b

elolsto] H&EE WSP32 miold 2 ofolujo] hf A

1.1.7 A2 A4
1.1.7.1 A gA

(1) =55 AlA

DHT22 AlM+E= 55 7Rl FiEe HheAo] Algtu] oz o]Fojx Q)
CH10), &5of webr] B2 2] Adgto] Wah= AAe] 5AS o] 8383l o 4ol

110) Mihai, B. O. G. D. A. N.(2016). “How to use the DHT22 sensor for
measuring temperature and humidity with the arduino board,” Acta
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H3lE A8 55 &8s U
HEE T AT Alle] AT WalE SYRoRs 3] T FE MakE Lo
T UTHID, Ao A= 7)o Ht olojeA &85 QT
ATolA AG Alell, 15 AlFEEe] F448 Asoll A7} Hof, tloly wj/do]
A RN P e
a8 a1, 5 AAAME BSEskARE DHT11, DHT22 A= S48 4= Q=
ex gedo] tErnz, o)g Fosof dth.
¥ 20 25% Al DHT 11 ¥ DHT 2241
Sensor Model name DHT-11 DHT-22
=5 S 9 0~50 —40~ 80
=5 54 24k 2 0.5
5 54 19 20~80% 0~100%
FE 54 24 5% 2%
=374 1% 2%

Uiversitatis Cibiniensis - Technical Series, 68, 22-25.

111) Liu, T.(2013),

“Digital-output relative humidity & temperature sensor/module

DHT22 (DHT22 also named as AM2302),” Aosong Electronics.
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e

21 255 A DHT22 (2%) , dAabstes A4 MQ7 (8%

SR 2%(718A8)
= s = @
S T .
o B i Pl
» == - o »
ay -
E:E FC-22 Y2} (Ground)
L —— oA 42 (D0)
E -
- :
N opeE U

—

Kol
0 ~ 2ppm, X% 2.01~ 9ppm, “W}¥&& 9.01~15ppm, w-§ &
15.01ppm oS W3lt) A5 = A= MQ 708 EALS U2 & 22 9
2t

112) Sai, K. B. K. at al.(2019), “IOT based air quality monitoring system using
MQI135 and MQ7 with machine learning analysis,” Scalable Computing:
Practice and Experience, 20(4), 599-606.
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¥ 22 MQ7 ; AA EA

B2t 5V
2RI F 150mA
AA DO % 0 %=1
AN A0 =8 0 ~ 1023
7] 3.2 % 2.0 * 2.1cm
A4 4% (Vee, GND, DO, AO)
HoAZkA (LPG, H&, o8, T35 ) 52 AEsh= 7k~ Aot
54 T2 7PHAES o) gl AeE 2k
]9 =2 Wbl whE WS- Al 7Fs ZRRth

(3) mIAIA AlA

) A ] (Particular Matter) & MAIRA7]5-(WHO) 7} A8 3t 1+

t} v HA PM10& 10me] 7| & thi-E Q3 = 7|34 4

AE F 7t @ miEEHAY A EE T ¢ o2 dojt & A=
i =

oh SR FE43 et ao] vhe ot FYsh A

Shinyei AHGit) S PPDA2NS AN #8h 744 wha S ARg-sto] u]Alw]
FES AT,
ge vhes 2k

» lum % 2.5um WA AE

|

» PM10, PM2.5 REZ A 71

v

A8t FHE 275 AHE &9sle] =74

v

PWM &9 75 Al
IAF &A1 9] FHd 8000pces/283ml (lum=to] /)

v

A Al 3 REe] Gl XETe] e 7]
7F FARRN=E Fal AAE sk Aotk ojuf A9l LED7F AL 1=
o] oy} A% A AHlE ST, AlX = WlA7E Ak lEAE

113) 2Yz(2021), TEF9] ofFolx 374 AlAl, , AY.

114) Austin, E., et al.(2015). “Laboratory evaluation of the Shinyei PPD42NS
low—cost particulate matter sensor,” P/oS one, 10(9), e0137789.

115) Ay <(2022), "FAibe W2 7keldy mAWUA] MA e A EET B
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o,

=451 Zo] o, 2 A7k E<E WAV} e BAREAT 54

3 23 "ARA SR FH

PM (ug/m3, per day) Good Normal Bad Very bad
PM10 0~30 31~80 81~150 151 ~
PM2.5 0~15 16~35 36~75 76 ~
| SIZE[mm] ' 58.5°45°17
WEIGHT[gram] 20
| SUPPLY VOLTAGEvalt] 5
Pl{small particle)
SIGNAL QUTPUT PZ{smaller particle)
PAWM, LPO(%5)
DUST -
| CONCENTRATION[pes/ft* 3| 50400000
UNIFROMITYS] £ 15

Heart beat , MICOM CAL
CHARACTERISTIC High Sensitivity
IR LED

9 17 vAHA] Al 2} ARSF
(£ : Shinyei A}

1.1.8 7% st=9lo] dA E5tholo| 13

I9 18 & AA st=gofe] E5riolojasio]a, dE AT E o=, gd
Bl 0S 5o ALgatx] 929ra, Ay Angfo] Aoma] Ao Z nlo]H
U wlEee] vkE uigete] AREE 7 IS, wholfl JNREEelA T
Hgo)a, gfolrgg] ARge] golst CAo = 2=tk ADC AWY - A%
= FUERS CSV 3 IHo® sl 39 Q1A 21 o vk
(pandas) gtolBe]d] & AR&ste]l {7 ¢lol=o], Waledel &-83 + ok

T Zy kA ow 10% 1Mo 7 4709 A S ¢ .

2

iy

2

>~

o

b0 o

H®2g]o]] RTC(Real Time Clock) #¥} &7 A== 20|t} elo]i}o]

W, TEsor| &4 e Ay, 38(1), 159-168.
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Block diagram
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loT AFFEZ Y 3714 Al

Project plans
Introduction to Device

A

[Product Pritotppa Yodan]

{ Sensors

}'-'

‘ I Fine Dust I

——_J

Real Time Clock

o Azg BEE

a9 19 AZE ToT tufe]x AlF 1

_71_

LTE, Wifi
{optional)




1>
=
o
s
=2
>
N
o
Kn)
o
Al
il
iy
J|n
_°|L‘
K
lu
i)
—o

ol Q1A S sk SR, SYoke

. 915727

= Al Bu= 9T

Eoli= ul$- FQaith Ae%el

off A& wEHORMN, B,

AAE ToT S o3 F-its whdsto], THA| <holl Az 71 E9)
3

LTE REdlo] o] A4y

s @71 sl Aaljor s, 53] Wy = 22 F71el AehdMrE e

wAZE Qe AdxE g-xoloof Fhtth

¥ 24 Mgz AA AAE [oT #H] Al

sh=
A
e
)

zwel

_72_



1.1.9.2 A AR = A9 A

¥ 25 A Atdle 9E IoT A= FE)

A} 3l e A G 2~HE Bl ol 24 7k

1.1.10 &= HAke!

2 ATE giale], T 7 dole] AK A2 AR A 2 A gsle] A
SR E 26094 W, 93 FE= AR, B AL 7HEv
WRAAE 7 BB el AgEke ANel, L, &

=, Qarsiekn, vl Bo AN el BAE 1% LTE 29 sk gk
Ak 2mESoli, HUERY 0S 5 g3 Wi, DY Avge] Fo

WA, AR 02 rlolZ) Y mele] vz st AT 4 YR, vio]
7 BB 7Hg B o, eolrele] Age] golat, Calolz Yk
A F AREE SRS CSV 51 TYoR sof, 5 Al 217

] #thA(pandas) SO0 HA ¢lo] £, HAl# Yol &gst 4 Qi)
ol AWt AR, FyubAe Zg WA o7 0% HEoR 47)9

ANEES 2ol ol FeHE Aue] sl Fold
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HHEALAIE] 10T A4

116) @l 91(2022), "ToT RYHH A~eS
AR Y a9 BA-AEA IS FAAYGS AHEH R
13(3), 383-398.

117) 874, 2dd, d941(2022), "=A 259 a3
Hl Zfgte] #3sk A, | T34 7]&e3] A, | 23(3),
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118) A=l 7,
Hl 7j ko]

27 AutEFY S4E [oT Al e} dlojy =A v Add vl
AHER Y SAE
&= IoT ) o8 2 A (TR-71wf)
(A&dl ZA 71
WiFi AAIZE gloly] A 7Fs 7 s (54D
AAZE AE ol 2l 7V Bl
A4 5V 3A
A2 3V/ AA x2 batt
wen e %34 (optional) e barery
efofy dAARE 7Fs (A 93 35 Efs
time interval 1sec~ 1 hour/ variable 1Imin, 5min, 10min fixed
ZEE A 7Fs Aol
CSV x4 7Vs 7Vs
Lo S5 uAwEA,
BT drshea: 5 BA 54/ 25 AlA
TA AAIE dlolE 24 Tks
27 3o U 200em SR
(FH 1 21'E)
=5 A SH Ad Hdl 5 Ao 2
g 7 )s 7Vs E7Fs
Big Data Cloud server Max 1d o4+ Max 3702 (10& =$D
storage sustainability (Bx &4 579 HdolH) 71794 B B
Bakd A8 AAIRE 7V (EYUY 7], day, week, P
TUEE App month) wrle
QIFA1F "oy -y 7V E7Fs
=4 0 HEAE 9] 291(2022)118)
2, dGA(2022), "=A 25" g3 FAHES S AE
& A, ety r)ess| A, | 23(3), 169-176
75 -



213 e 7 5 QER s v)%olut,

QBT /M F WHeld, Al e, ALY AHneE olslskeld thy
qolg mEw

el QAFAFYS Jo she rale el A9l Aol A1FA
o) Pae 0E 9, £9 9 oY AFow T} Q] v 8% 7o)
ek, 2} Azel Y HelHg the AFe] 54 o3 Aol AT 5 gl
ARz WA w7k £Fue] glnk o T el J1AE <A dlole] He)
2 o 52 Ao

ARG TAE ABS AHgHe] AL AT F QTR FHe 7% ()
geld) & AHgshe Q1350 sHg) A golthio),

HAEY A4S B4 Bevt 2 344 REE FREn

O A& 85 (Supervised Learning) :A]AElo] glo]Eo] x7d5 T4 do|E]

ArE AT 5 Ath)
» o] HolHE ARgete] RES FHdth

» BAlg HIAESL Hi gk

B AT o)gh 2 WA YS ALgSte], £4E 87 HolHE Eustel

119) “Deep learning vs. machine learning in Azure Machine Learning’,
https://learn.microsoft.com/en—-us/azure/machine-learning/concept-deep-learning
-vs-machine-learning?source=recommendations (%4} <: 2022. 10. 15.)
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Deep learning, machine learning, and Al

Artificial Intelligence

Any technique that enables computers
to mimic human intelligence. It includes
machine learning

Machine Learning
A subset of Al that includes techniques that
enable machines to improve at tasks with
experience. It includes deep learning

Deep Learning

Hl A subset of machine learning based on

1 neural networks that permit a machine to
train itself to perform a task.

19 21 91¥ A5, Machine learning and Deep learning 7}e]1lg]

%3] : Microsoft &3 o]#] 120)

120) “Machine Learning Algorithm Cheat Sheet for Azure Machine Learning Designer”,
https://learn.microsoft.com/en—us/azure/machine-learning/algorithm-cheat-sheet?WT.mc
_id=docs-article-lazzeri (F2: 2022. 10. 15.)

_77_

Gl



1.2.1 Auto MLE AFE3t dA] A flow

Action Block diagram of Auto ML Regression testing Seoul Forest

Regression Hyperparameter

Auto ML Prediction

¥

Evaluation
MLP MSE, RMSE, RA2

Random Forest
XG Boost
Gradient Boosting
Regression
Decision Tree Regression
nght GBM

nble
Votlng
Bagging
Boosting
Stacking
Weight Blending

a9 22 Mes 37183 WAl AddAREA Machine Learning AA 855

o

e ARESto], Aewl] 37 d ) Bl v

e = ok WA AAL Fﬂo]‘ﬂi T HolelE= HolE 9]

Axe 2 At & dEHE 71 ol el A, @, d 22 HF HlolElS
el ByFS o T | S8l 3] A kst daglse 48
sto] HA 9l e 2t e darElEE vlal FrksHAl fnt o7 el LdnkA
Q1 lofele] A T 5 = I ol ds ARESte] 74 9 ks
Gt a8l Hayd 53 AE5S 95Fed, Stacking ensemble, Voting

Ensemble, XG Boost Regressor, Random Forest, Gradient Boost

9 22 oA o] WAl

A% 24 AL F0l3
3

rl

_I{N'

S s

Regression, Decision Tree, Light GBM, Multi Layer Perceptrons2 ™
Aed dueFes AHEe] Azure Auto MLl & 371 Sl
A A -ﬂﬂzii B7] 38l Me< 7 dlo]le 32l ‘selforest_final.csv'
5 2Tt dost 98 AYskal target(HERT)E HYFS] 727
‘count” = d Pt g5 dolEl g HIAE HolHE e8] S8l e o]
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B9 Hl&S 70%, 30%% At darg|Eel upet stoly whebulg
3k HAE HolHE AR A, BT oS5l AHE Sl ?4“
o] WAl RdlE deEstE o AREETzD,

Auto MLE A4 g5 ZH2te] Edlold dlolE & AME3IGlL, HAE
HolE= Yol Uir #8 doJEE 7|vto 7 7S Yo sk5AIFEE Auto ML
& AIRE ARAo|A REEAQl Ml BEl s 2S4S Apsslshs #HAalo 9l

A5 B4 9 AR ZRAAR B ATAAE ASHOT WA O EA o}
S BAYRE BRHOE AST 5 YRS AU, @A Auto ML

s
2=

o] AlFAtE v o] ol Qi IBM AutoAl, Microsoft AzureML,

Google AutoML, Amazon SageMakers 7J@&3s}siorn, AASDSE

Brightics AIE 7|¥sF3it2s),

B A A= Microsoftell A AladH= Azure ML& ARSI 24 AutoML
= A3 A= A dgAFldolgtal wH A=, Holy #Hekal, #4171
Mk 2 FAS fAetaA e, a8 @ gade] =& ML BREe
e o= ok 7159 wAaled 2 e 2lAanE Wo| ARgStRE 4
BEs AASEL vl wehs H At TQl X439 Aol H Qe 26),
“1294} Auto Machine Learnings AH$-3td Z2YM FH] ML B9 v
H3 a&dow de o dyes A @ :

% 23 = o9} 22 Auto MLO Ijo]xzzielo] <l gojt),

HA Hlole] AEZE Fa=H, o] thst A
tlol8 (Missing data), obxgtolols+ B afdaiFaL, stoly vefn|y

m% 1
A 7
;2
v

a9

121) =4 2(2015), "IAEAEZ Y} AF AAY 7HES ol &g HYEA &8
A vl A+ TOAEAd AR =4, , 11(4), 33-45.

122) 4719 21(2021), "Auto MLS #&&3 2= Zdd o5 € 1% F2 A
%/}jJ , s = 2 Aty LI =T @J , 132-132.

123) QA= 9l gt AFA %, AutoML*, 23 SDS,
https://www.samsungsds.com/kr/insights/ai_automl.html (7 A d: 2022. 10. 15.)
124) Yu-Jin NAM, Won-Ji SHIN(2019), "A Study on Comparison of Lung
Cancer Prediction Using Ensemble Machine Learning; , [Q1& X583 A,

7(2), 19-24.

125) “QANTA TS 9l gt AFA %, AutoML*, 23 SDS,
https://www.samsungsds.com/kr/insights/ai_automlLhtml (72 <d: 2022. 10. 15.)
126) “AlsslE Mechine Leaming(AutoML)°2¥,
http//leam.microsoft.comyko—kr/azure/machine -learming/concept—automated-ml. (3442 202, 10. 15)
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FEWS Rob AHe ML QuelF RANE FEAEC

@ Automatic Feature Selection Automatic Feature  Hyper-parameter Optimum Search

Transfomation
Messing Value (15%) Mmlimﬂincaﬁry{#ﬂ} Cuitlier (16%)

==
Class Imbalance

. | § !
j@ma W | :
! ; :

]

@ Active Learning

Network Architecture Search
i

. [ B |
CRSEY

N \
2 i gt
o

.....

(a) data set of 400 instances
(b) Random Samplinh :30 instance (70% accuracy)
(¢) Uncertainty sampling : 30 instance (90%)

1% 23 Auto ML (HAlEY) dlo]xelql
=444 SDS

Auto ML @Al 815 7)ol ok 500 /9] dueES 507 2 Lahn,
7} Skae]E2) stolg] detulelgh et AHs 0= 2dsto], Angkel dish 22 9]
)% (best performance) & 2= 420 2 sty §7F A3} sk o] ©&3)

Al Ak

1.2.2 WAlEd dagse T+
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A& 5ol tEA shy darg]ES Ridge Regression (4] 3]7]), (Lasso
Regression (8t 3]7]), Logistic Regression(ZX~8 3]9]), (Support
Vector Machine(J¥E HE ™Al Decision Tree(SJAFEHYU),
Random Forest (MY Z#AE), Artificial Neural Network (13414 &
o] AH2D . Auto MLel| AMEE= wAlelde] ¢ugs 5 HAS i
Ensemble (3E) 719ke] st o ® 4 Ho]Qluhes), gfjufebd, 7]1E8]
G G FR O JlEoly thekst ARUS| S AXHA darg]se] A
Ro1gkar, o el WAl oY BEE A3E Fopa] thi] s RElgE o)
1 5 s vl Hole Ao® dA gtk 1 AR el 7MY H4 9
A5 A3} 2505 T Q= ACE oA gb7] wiito|rk o] A= Y

1

g pae] F7 A8HE dudES Fwh

1.2.2.1 Multi Layer Perceptron

MLP+ Multi Layer Perceptron (AE]#|o]o] HAEE) 9] kA2 134174
F(ANN) o] F35t S#i2oln dHSH E8€5 ARl skt o]de] &Y%
(Hidden layer) ¥} H]A& QA& zh= o1
271 o171 AAHL-S Deep Neural Network, DNN (3% 21737 o] 2}ar sk},
2y AFe =8 wdolghal s ZF w2 Sigmoid, Softmax, ReLU%} 22
g3t skE 7R QU229 Gradient  Decent]S Eal|A
Result—Target 2] 22| A& £o17H= Back propogation (¥ =23 A| 0]
)& Faske] ghgol o]Fof ) @S Over fitting (43 2} Sh5 AJ1o]

3

Y9 A)5e] Wb gz F7ket

1.2.2.2 Random Forest

127) oA, o1& 3](2019), "7|ASts dug S o] &3 By BEL =2y 7|
i TrEAE ) | 54(3), 106-118.
128) 91 £(2019), "TEddA 7bt HAgdoAx 54 F& As3E Y3 o

Ay &8, , = IT An2=gs)A, | 18(2), 143-159.
120) A&7, 4oi(2019), "HHd 7] 9 £ Ve e, T
Newd,y , 17(1), 113-122.

_81_



Random Forest(#H XHAE) dugl5 w57 W 37 TAlol 78 wol
AHE-E= Ensemble (745) s do|t}h, B3 Random Forest= o312 719]
Decision Tree (2% Ez]) & w11, z} Eg]o] 327 Regression (3]7)
o] Zg-oll= H3s 3y35laL, Segmentation (3E57) 9] 9ol VotingS &
A & o Fgst dus A

Random Forest ¢1g|&2] A2 7 2 37 2] 25l AFS o A=

AASHA eFar vk A3 sh=

Aol slom, o] dA|ofl RizFshA] efoHs0), WaE
BT Ao =2 Ao, S o] siAo] oY By /7t okl
St Alztol @ e ddol 3l

v
)
2
e
=
ox
=
=
ot
~m
ki
il
X
>
et
O,

1.2.2.3 XG Boost

XGBoost+ EXtreme Gradient Boosting®] ¢¥A}=2 XGBoost+ Gradient
boosting & ElFS 7|HEC 2 $HH3D . Gradient Boosting®|&k o2 719
weak learner (¥t &571) & Z¢sto] AHE-8h= Ensemble Learning 5 3t
12l Boosting 7"l @7 2la HAsbsle WS 7 1L RERA 07 T
] 32 73418k= W el Gradient Decent (P3AF 3P & A 538 Zlo]th1s2),

432 28 (Optimization) 8 Filel5s a3 HEAEE A dato], 85
<=7} w217, Classfication And Regression Tree 7|Wto.2 379} H7F
= o st 7le s wIskANL B Jirt wobd s A Ake] Hojxitt

7 K

149l SHelr AWH <l Gradient Boosting Machine (GBM) & =414

;

0l

130) Harishkumar, et al.(2020). Forecasting air pollution particulate matter (PM2.
5) using machine learning regression models. Procedia Computer Science, 171,
2057-2066.

131) °]&<F 9(2020), "XGBoosts &3 n&HEER FAYE XY & 95

Pt A d el sts] =84, , 21(6), 46 - 55.

132) A A 91(2022), "XGBoost Regression 7] Al8t5S ol &3 A|F% A 3¢ o

Zol Fd S AT Abdl, , TAASE A, 58(2), 243-255.
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o2 7tEAE S7HAA gEskA| R XGBoostw WE 73S Este] Hlw
W £ 55 ey 343 91 A (regularization) 7]%5¢] WadE o] 342 o

A o BN RIS EED)

1.2.2.4 Gradient Boosting Regression

HZ 7PF 9] AFEE= oAtE duElE = sk Gradient boosting©] ™
o= 39 4 &5 Aol AR 4= Qltk B3 XG Boosti= Gradient boosting
Decision TreeE 7|RICZ U] wE £59 A& Algstes AT

1.2.2.5 Decision Tree Regression

Root Node

e

Decision Tree

1% 24 Decision Tree

DT (Decision Tree) ¥il8]52 Supervised Learning (A= gh5) W9

Sats 2 el vl mdolth =R BR U A% A9 mFel AT

133) Chen, T., Guestrin, C.(2016), “Xgboost: A scalable tree boosting system,” /n
Proceedings of the 22nd acm sigkdd international conference on knowledge
discovery and data mining, 785-794.
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% Sltk DT 712 sloltloli= dlolele] gliz 14 sh4-& B3] AHEo= o}
U Tree(EzZ]) 7HEe] B-7 313& == Flojt) dnkd o= 38 71 |7

FH3R= IS iffelse 7WEo 2 Yehle= Zojthsd), 1EEke] HlolE] 2] oj|
Zliea e R grAE wEoiok 7 aE ARl i E AT darElse

52 A F3h 18 242 Decision Treed 7+-%& 7HFsHA Yeldl

Itk 7 =E= A 2B q1F 2o Hi= Ao]al, Leaf Node (B2
2 BAE =te A4Y SYA golvk a8 A ES 7 vt A B
Eg7t A ETHsS),

[ % o,

N—

1.2.2.6 Light GBM

Light GBMS Gradient Boosting Z#9) a2 Tree 7|4} 8k5 &g
T} XGBoost?] TS Hekst ndlg Eao] F Edof x&2l 28
Zloli= EolvA Rt 5288 Arks Y F Qlo] <5 Alkte] dEE A
& B FoRAAY H|S28t Ea LERATHS6). Light GBM Tree?}t <74
2 FAE = Jhde o8 ]SS Tree/l 3402 45t = Light
GBM< leaf—wise?! ¥HH, Gradient Boosting &18]52 level —wise©|t}.

tlo|B] Alo]z== o] A5 AA| L a1 AFAQl oy #4] dalgjsow
e AaE A7 oS ol AT Light GBME] 43S 7H A A A w0
=7 wk=r Light GBMS £ Ale]=2] HoJElE thE <+ o ABAIZ o
AL wEYE 2R FTE @GS Zo|r) ol s euugo] WAlsiE R
Max—depth'#'3= &3 £74°] F Q3]

1.2.2.7 Ensemble

Ensemble (}E) shsolat o] 7)o E7F71E AASEL Prediction (¢

134) AW, #157(2022), "Ensemble &5 ©] &3 Machine Learning 3}=9]
o] Backdoor &+ W, , Tojgkd=rests] stadis], |, 559.

135) F=(2008), "A78W JAEAER S o] &3 Stream Data oS Al ~d A
AR Ay, 2A0S gkl wAEe] =2

136) “LIGHTGBM olei? g3 PARAMETER Ja].
https://nurilee.com/2020/04/03/lightgbm-definition—parameter—tuning (F4214: 2022. 10 15.)
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)& Aoz 4 vt w2 5SS =ESH ZIHoltH3D, Al

Classification GH7) YABFOEHN g 5o 3 7= o 719

ClassifierE Adstal 1 A5S AFFoan dd EFR7|no Jest 5

AS5S Yok 7IHS L3H38). Ensemble 8H52] 192 Voting (R8),
),

Bagging (¥} 7]

LS

= T

! Random I
v
LR

3

Boosting (+A¥), 183 Stacking (AE17) 2] 4] 7HA 2
om, o]glo ol EFHSE thekst Ensemble ol it

Algorithm

Random

Ensemble Algorithm

1% 25 Ensemble Algorithm

1.2.2.7.1 Voting Ensemble

s

AN

Sy
o,

Dateset= #-§3o], o] 7) st5Ree] A¥E Al O Voting=
HFASHUE E=Ehs PEE VMol 5, oA Jhe ER717F AF

137) A

20

138) #

ut

—

A 21(2022), "XGBoost Regression 7] 7Al8t5<S o] &3t AF% A3t <

KX

R

i

FZoE A Abd, , RS A, | 58(2), 243-255.
%5 7(2022). "Ensemble ¢85S ©]-83F Machine Learning 3F=¢

o] Backdoor ©#] ®H, |, ToistAdxFes] st&os], | 559.
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o= A¥s FEE Fall sk WAlolth Voting¥ Bagging®] thE 2
HYO] A5 dnkdor Hx v dugss 7K 27718 d8st] s
21283l Votinge +8shk= 2otk Bagging®] 4-¢ 22| ¥7717F BF &2
32 dag|F 7INko|A|ut HolE &P e AE tEA 7HA7FEA SEE
T HES F3Ysh= Zoltl. Voting(HE) 9 73 2 Hard Voting (3l=
HE) I Soft Voting(AZE HE) S =Z }p+oJZt}, Hard Voting, o3t
ANt T ol ER717F A oS d3eks HE Voting A#gte® A4

FTHI9. Soft Voting® 2t #7718 dlol2gt 44 &8-S Bt W F&o|
Vg e dolE %E A% Voting AIGOE AF, AWHOE o] o)
dsol ¥ Fot A ARREH. dixAQ dadjs o2 SVM, kNN, LR%©|
otk

1.2.2.7.2 Bagging Ensemble

Bagging Ensemble®] -, o8] 719 &77] & o5 294&E F1E Sl
@ﬁé‘}h HO]—}—\}S—).E Voting?} sdstth. 1oy, Bl AH-H 2H2te] &5771
7F 2 T8 gzl 7Nt x|t dolE] Aeials A= thEA 73
6}2’3/\1 5—‘}%% Z8Y3l Voting= F33h= Zlolt}. th3£4 ¢l Bagging Ensemble
WAl 0 2 Random Forest &ag]&o] ¢t}

1.2.2.7.3 Boosting Ensemble

Boosting< o2 718 7717} oAb 0% Sh5E F3eky, ShollA] gEst

BRIPE ofZo] 1 HolElel dalie vk A 4
o= 7FEA) (weight) & oIshalA] shrst o) 52 412
71 AT Frgsa shig AAs|e) F2E B0 B o

sl Helu} 14DEnsemble Learnings F%3F1l o™ tjazo=

139)  “Halygy GArE Sk (Ensemble  Learning) - — X¥(Voting)*,
https://ek-koh.github.io/data%20analysis/voting (42 4: 2022. 10. 15.)
140) A9, 7&7F(2022). "Ensemble &il2]5< o] 83 Machine Learning 3= ¢

o] Backdoor ©/#] WW | Tojdlhd =333 EL’KEHﬂ.J , 559.
141) #ZEisk €(2020), "H= TBM 7|7 dlolg % walgjyd 7]HE o] &3+ o9
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XGBoost (eXtra Gradient Boost), LightGBM (Light Gradient Boost) 7} )
=3

1.2.2.7.4 Stacking Ensemble

7% Voting, Boosting 919 # 37 Q42 o]tk ol mdlg 7)u
o% 28 A2 Meta 3H57)e] YO W1 HE A5S Ealy ARk
st G SN Bk 7 IR, 5w dol Fed 7,

ofglAl Ztz} 537 HolHE thA| Sh55 HlolEl R ARgsle], HF s st

Prediction
Values

Prediction

13433

Stacking Ensemble

1% 26 Stacking Ensemble

1.2.2.7.5 Weight Blending Ensemble

W0z wae) Yek /15 2AE BN ATASEE mET o

9 g 1.00] HES g

d=d=7w o=, | TeIdx A3k, , 3003), 214-225.
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1.2.3 dloly e W
1.2.3.1 sfo]¥ devlE

ohe] AlE g (ML) e 2 s stoly] vebrlg A3e Helsiel 54
291 gl 2 aof Sk, oIS Sof WY TAXES B FH7Y F, F4

NG Vs 7 e gE E Ha AE TE 8ok stk

At o2 flolE A E+ Ed<l(Train), #%5(Validation) % HAE
(Test) ANER E&HT tpekgt stol stefn|E A E7F Train HoE ol tial
=3l A5 dolge tia] HAE fnt 7Y Aso] 2 R HE RYEE
ARG EH F W HS AECA ATEEIL HAE MEoA HAE H)

stol= stetulE = HAleldolA, 2dll $d ZE2AMAE Ao & Q= 24
7Fegt gepu|golt), A& 5o, AWM= 2952 ot 7 o vt =
Asity, 2Y Ase stoly stefmlElo] A7 o)Esit

sto]y sletuly HAsletalk k= stold SevlE {FEdS HAY 4o
U= stols ghepulg o] FAS Fhs ZEAA0|THAR), o] ZEAAE dRtd o
2 AR Hlgo] Wol == ol hAIRE Auto MLS AHg-eHd ZHi7iRia]
tolH sy 24e Al A e Sax HER Adste] Zuil
TE a8 HAIE 4 vt ol o=, Auto ML= 135452
FAolet Aok olfroln, HdHow w3l

XGBoost?] slo]3 s2tu]E Q] Colsample_bytreei= 2JAFA VH+(DT) A3
Aol 2 Q 3k W (feature) F=0l AFgshy A eS A3t Max_depths
A A YH-2] H) zlo)lE ZA s Min_child_weight+= Leaf node®] %
= A& vlolH e & on|dth143), Learning rate (7)+ SAFEA WS
Mg sk g gt

Gridsearch CV+= sto]¥ stejn|ele] fhas A 0% 9jgsto] H4 9 st
ol detnEE A= AL B4 (grid search) ¥} 85 dlolE| ¢} AS dlo]

ol

o (E

”
’

142) “Hyperparameter tuning a model with Azure Machine Learning (v1)
https://learn.microsoft.com/en—us/azure/machine-learning/v1/how-to—tune-hyper
parameters-v1?source=recommendations (72 d: 2022. 10. 15.)

143) A A 9(2022), "XGBoost Regression 7] A8t5S ol &3 AFx A 3¢ o
ol FEAF AT Aty , THAETI A, 58(2), 243-255.
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HE K®¥l uro] KW Adese Hdgoem AMgsh= wakdS(cross
vali—dation) & &% APIo|tH44)

Stochasic search(ZE2] B4 & FoIx1 AIZF o4 el A Abd A ojd &
Eoll A 2t sto]d izl tigk $ R ghe FAl R AEete] stols w7
HAz}ste}, o)A FF % T Grid search® U "H] 311 & {43k
TR maF o HAst] ¢y RS T,

AutoML (Automated Machine Learning) < A&-3}e wj7¥S Fdol of
S B WA R §F T g yolzithide), A e s sk 9§ oY
ofgt 3|71Ake] AUAE &8k HEE SEVIE T

) =
X191 W]E] wAL(SVM) e 8l Selrold 2R Ale] Helshn Agehs

v
S
=
=
g

-

A
i
I
e
i
L
=4
>
m

7IREC 2 dh= maARl HlolXqk HA 3t WS &8ato] AR B ] ARE
b 22 Folxl ARt ARE el M 7 frdet B g stoly vz 2oks
A5 o7 Hegrian | t)x A ¢l sto|y mletnEE thea o] A H)

» max_depth : Tree?] Htj Zlo]& @it} o] gejru|gs 2dl A ke tE u AT
do] 343 ® 7ol max_depth #t& oA ¥t

» min_data_in_leaf : Leaf7} 7FA 2L Ql&= A% #lF = go|t}. YZEZRS 2002 HA G
ojm}, T A5 AT W AREH= ol

» lambda : lambhda 3 regularization FF3FE sl AxkAQl zke] W= O oA 1 Ale]o]
=3

» learning rate : #& Aol thsk 2H7He] Treeol &= vIA= W0tk GBME 2719

144) o]&+ £(2020), "XGBoostE &&3 &= ZATE X7 TE o F
et Adaegs] =85, , 21(6), 46 - 55.

145) Bergstra, J., Bengio, Y.(2012). “Random search for hyper-parameter
optimization,” Journal of machine learning research, 13(2).

146) Feurer, M., Klein, A., Eggensperger, K., Springenberg, J., Blum, M., Hutter,
F.(2015). “Efficient and robust automated machine learning,” Advances Iin
neural information processing systems, 28.

147) Feurer, M., Klein, A., Eggensperger, K., Springenberg, J., Blum, M., Hutter,
F.(2015). “Efficient and robust automated machine learning,” Advances Iin
neural information processing systems, 28.

’
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FAGNA Aastel 212ke] Tree A AHgato] 243kS ulo|Et. learning rates
olele FAelA WA MY 27]F AEEEL QAL e 0.1, 0.001, 0.003
$50] gtk

» num_leaves : AA| Tree? leave 0|1, TZEZS 310]t}

1.2.3.2 HAY FH4& 13}
13l 5o

W% ghe] ARt ohe g walede A9
FAZE Sl ol sid] g dlolE AR
g Agslgh o] e HolEE A A%ptg olgalo]

Normalization %!

o A (D)3 o] 03 1 Al gk ATFEAILIL,

2

r — T
p= — (1)
mmax mmm
oI B W el Wik Eom H2:ek FElE Hlo]E 2 wHEolA, sire]
FE FFO| ~AHF A TetiL 9

28 ~ALL Y T

‘;:L_;_
£ 4%
StandardScaler N5 2AY, iy TFHA AL
2 MinMaxScaler Hu)/H S5k0] 27 1, 00] HEE A~
148) “[Pythol’l] O% T’E ﬁ:?ﬂ OE] E1 = % 7_] o] 7]_?”’
: 2022. 10. 15.)

https://mkjjo.github.io/python/2019/01/10/scaler.html (3 A 4
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3 MaxAbsScaler A AAgk} 00] ZH7 1, 00] HEE AA YUY
=% %k(median)¥} IQR(interquartile range) AH&-
4 RobustScaler O}:%E}O]Oigl S ero 43
(1) StandardScaler

= e o) glehe
35k 1A Wa dolel] St wlg Selit mepA

(2) MinMaxScaler

BE feature ko] 0~1A}o]of ¢
Sl A5 WEE gro] % F2 WY
ol

o)A okgratolole] Aol w9 wzbaiLY.

>

(3) MaxAbsScaler

Atzgke] O~1A}o)o) MFHEH == 3t} = —1~1 Alo| & A ZA4 3t} ok o
ol 2Rt 7M3€ 54 dlolyAlelAi= MinMaxScalers} frAFHA &2sh, &
o FAell w4 Ut

(4) RobustScaler
ol-g-2fo]o] 2] P 2 A 3}5h 71Holtt, < 4t (median) 2}
IQR (interquartile range) = AF&-3}7] Wil StandardScaler 2} B w sl B
258 & sdst 32 9 HA 2RI

IR = Q3 — Q1 : =, 253 AEklz}

=
LN
T g BT 4 Yk
753 A

5 AEFY Y] ZHES ThETh
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1.2.4 22 7} vy

7 e md A8 EA Hrle "ok AelA vy, v,

NS Aabe ohe g w4
y £ 7 AR Ak FTUE sk, ne AR £8 gvist (4
1,2,3,4)

(1) Mean Absolute Error (MAE)

Aol eape] sgdoltty. exl= ASE bt A ghe] Apojoluan, A ghak
A5 Aol= AHigtor Wek § abete] Hor 3t

== (2)

(2) Mean Squared Error (MSE)
AFete] BEOE Foh MSEE HAE dele)

AAGE A5k APl E
A Fatelth. MSEZ} Ab=5 FAh MSE=

A=A 5 A5 AF o
bl Zold HAgel eRE W spsAel AR

T=T

i(y— y

MSE= (3)

149)  “Tutorial:  Designer - train a no-code regression model”,
https://learn.microsoft.com/en—us/azure/machine-learning/tutorial-designer—auto

mobile-price-train-score (3 2: 2022. 10. 15.)
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(3) Root Mean Squared Error (RMSE)

HIAE oy MECAM 3 oA52] Al @4} o] Aotk HwAls

ez AlEte 29 ek RMSE

RMSE=

(4)

(4) Mean Absolute Percentage Error (MAPE)

A @af o] MES FolvHs0, ool 7S 3R E

)
ox.
ojr
©

(5)

do] glofglef] dwup} & Uh=A]&
= FARORE 1o IS E B
o AR SHRHATT}

FHUSE AvhE APAFEAS FR7I Aol dygelet R27)%
ek Z, YA B SFE SR BHUSE Bl A AThs otk

~SST ' SST (6)

150)  “Tutorial:  Designer train a no-code regression model”,
https://learn.microsoft.com/en—us/azure/machine-learning/tutorial-designer—auto
mobile-price-train—score (A A: 2022. 10. 15.)

L= S BE=1
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=
3
_I_4
=,
m

>,
[m
[rt
oY,
>
>
o
= rlr

& Ao B4 el Abd Aelvt Aesteh shsha, dol
U e g BAS 9l welo) ol E ke
3 ‘rebel ke Aelsior sk 47 ARele] A loT
4 5 ES Tetal] SIaA, SN S
FRUIE (g Gl B9 F, BFLES Aol A5 dole g
o EQEE wwstel, deolHd FEAS wwsklch. dold mmE S
A} =

S

§3 SxEgo] #7272 Colab, stoldl QlofZ AHgate] a2 stk
43k 7719 i, APH 0] o) ERLEE Sste] ul, AAkgA
& ol M) BN, AN FRF o] xRt A 125 3%
7] ZAHgou, 19 279) dloje] 1e)make] A8 Aols) SR Aol
FAS WA, S eeld AS setd 4 Unt

1=
FAF PAow AT 0TS Folo] 57 vlolEl] Aane selel]

flaiA, A2Aleld SAT FEdelH 5, BdsieE Maezeld 75T toly
ek ERIEE vlwsto, dlolH o] fa4dS Hlasiith =5 HiojEel F4d
offrel &2 dollM, AAF 71719 FEe, AW S48 v Qe BH2EE
S o, ArpddE Zole A 544, AaAleld R 7l R
= Hdl 30% A= 9A SN, 19 289 vloly T1eEAte] g4t
Apo] ¢} eFFg ot ko] FAdS vl RH, v Zlyoigt A gpetd 4= gtk
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2021d% 5€ 214
7]‘F£2§E EﬂO]

E]
A, 71E e A9 HolE ool vE

(season) 2 4712 AelH=o| A do|E| 2] 7}
X

T4 (one—hot encoding) & AF&-35}o]
&

B A '8}3’_ v—':r"%(hohday) ”ehjr F

shol A7k w912 gic

olgjgte] 18 29 A Y FolHdoz A tlolHE ¢JojEel & 3

BHE A2
=

(D),
d=

BE 202249 19 269714 9] 1.3

A5 24317 S8k,
AE(2), 7F&(3), A

Unnamed: @ datetime Sel temp Sel humi Spring Summer Autumn Winter season helidsy ... clowd pm humi temp co count

0 2021-85-21 11:00:00 15.7 89 1 0 Q
T 20210521 120000 16.3 ati] 1
2 20210521 13:00:00 163

O R T

]

0
3 2021-05-21 14:00:00 177 1] 1 0 a
4 2021+05-2115:00:00 169 o

5 rows x 24 columng

1

0 2397 4637 2793 030 113

0 2544 4443 2857 037 78
. . 18 21,50 4140 3065 033 94

10 19.38 4361 2745 030 58
x = 10 1442 4928 2487 029 76

a9 29 goldor gloj=Ql HolH ] = AR

yact, dole A4S S
79 dole2 F7sg A

-3

U4 =

12 Asla, 3Ye vz s}
= 9Es 12 Zsiglth d-3 A3 do] JF 2715 Wy Ao

Sl ?l‘i]'i"ﬂ 19] gh= Fofetal, thE I Xo= 0=
o= whojo] WE 33 HRAojth A (rainfall), F%(Wind speed),
Z(cloud) = 71744 71725 70 ¥9 (data.kma.go.kr) 9|4 &5 HolHE
&

[
)
o
=]
)

year month day hour
20 & N 11
2 | 12
20 (e | 13
201 § 21 14
2021 i | 18

o7]elA, &% dlolH o] SAS AT, B5F 6,013712] A57t =R EAL,

Hi2% 52.14TC, A 2% 6.8C, Fd=%

[14] train.temp.describel)

count G012 . 000000
mean =25.73r7ez21
std 12.188387
min —G. 860000
25% 15, 737500
50% Z8. 475000
Thx 34. 310000
max 52. 140000

Mame: temp, dityvpe: floatbd

I% 30 Foldo®m gofemd 2k 54

25.73Ce) a3t



D train,info()

[» =class 'pandas.core.frame, DataFrame’ =

Rangelndex: BO12 entries,

Data columns (total
# Column
Unnamed: 0O
datet ime
Sel_temp
Sel_humi
Spring
Summer

Aut umn
Winter
SEeason
hia | i day

10 workingday
11 rainfall
12 windspeed
13 winddirect ion
14 cloud

15 pm

16  humi

17 temp

18 co

18 count

20 wear

21 month

22 day

23  hour

OO mE=wr—=0O

0 to 6011

24 columns):
hon-Mul | Count

Ot ype

(==

non-nul |
non-nul |
nor—rul |
non-nu| |
nor—rul |
non-nul |
non-nu| |
nor—rul |
non-nu| |
nor—rid| |
non-nu| |
non-nu| |
nor—ru| |
non-nu | |
non—nul |
non-nul |
non-nul |
non-nu | |
non-nu| |
nor—rul |
non-nul |
non-nu| |
nor—rul |
non-nul |

int 64
datet ime64 [ns]
f loat 64
int 64
int64
int 64
int G4
int&64
int G4
int 64
int 64

f loat G4
f loat 64
int 64
int 64

f loat 64
f loat G4
f loat 64
f loat G4
int64
int 64
int G4
int&64
int 64

ditypes: datet imeB4[n=s](1), floatBa(7), intE4{16)

memary usage: 1.7 MB

% 31 gojdom gojEel Holy =

o train.isnul (). sum()

- Unnamed -
datet ime
Sel _temp
Sel _humi
Spring
Summe r
Autumn
Winter
season
hol idaw

o

workingdaw

rainfall

windspeeaed
winddirection

cloud
Pm
hum i
temp
co
count
weEar
month
daw
hour

dtvpe: intB4

79 32 Null 3+& zt=

000000000000 D000000000000

giolg <=

_ Ey? _

A

o



. 24

19 33 HlolE = Null ¢ &3

% 3349 72 HolEH €] Null ks Alelsh Lyt HlojE o] 48 EAI8H
o dlolgel Null ¢k glo] BF vkt 215 geld & ok 181, #3149
dlolE 9] FoAE HAES] 93, IBMAL] SPSS &~ZEYo]E

ol -HFH AEE AAEIGT BaE HERl ‘count’ & targetl. = S}
FERtE 4% dlolE tii-te] P Value 7F 0.05 %=+ 0.01 ©J3l=, &
Azl A7 Sas G 7 Atk ovk, - (rainfall), IAFsEA
(co), 3% (winddirection), = (year) = o] 717+t
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=

29 Mex HolH #9974 AS HAE 43

—__ANOVA ]
[ A8t 2Hr = HytAl3 F ojsts
Spring Q<-4 18.858 315 060 1.526 .000
A= 223.496 5696 .039
A 242.353 6011
Summer  fJ¥—3F  234.963 315 746 3.656 .000
A= 1162.115 5696 204
RE 1397.078 6011
Autumn _fJg-—3F  86.883 315 276 1.205 009
Ae—d  1303.728 5696 229
RE| 1390611 6011
Winter ~_gA9—-7F  292.773 315 929 6.935 000
A= 763.400 5696 134
RE| 1056.173 6011
season  AJg—7F  1196.888 315 3.800 7.008 .000
Ad—  3088.314 5696 542
Rk 4285.202 6011
holiday ~ f&—3F  111.050 315 353 1.667 .000
Ae—dl  1204.351 5696 211
A 1315.401 6011
workingday _ J%—7F  107.865 315 342 1.651 000
Ae—d  1181.237 5696 207
A 1289.102 6011
rainfall _JH-7F  230.806 315 733 426 1.000
A=l 9793.908 5696 1.719
A 10024.713 6011
windspeed T3+ 385577 315 1.224 1.155 034
Ad—ul 6038577 5696 1.060
Rk 6424.154 6011
winddirection -3} 3827712.379 315 12151468 1.010 444
Al 68552497.385 5696 12035.200
A 72380209.764 6011
cloud ATk 5411.430 315 17.179 1.176 020
Ad—  83199.839 5696 14.607
Bkl 88611.269 6011
pm Ae—7F  229335.825 315 728050 1.483 .000
A—l 2795743579 5696 490.826
AA3025079.404 6011
humi AY—71  107454.395 315 341125 2,681 000
Aei—ul 724843474 5696 127.255
A 832297.869 6011
temp AS—7+  156774.999 315 497.698  3.851 .000
A=l 736199.721 5696 129.249
A 892974719 6011
co A7+ 7.233 315 023 888 919
A—  147.237 5696 026
Bkl 154.470 6011
year AT=71 26466 315 084 900 894
Ae—l  531.974 5696 093
A 558.441 6011
month RT3k 4487.217 315 14.245 1.502 000
Ae—l  54020.517 5696 9.484
A 58507.734 6011
day =7+ 27898.340 315 88.566 1.146 042
A=l 440205957 5696 77.283
AA468104.297 6011
hour A¥—7+  60090.379 315 190.763  4.769 .000
A=l 227852022 5696 40.002
Al 987942401 6011
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2738, 72 (Google) A2 ZeF-= 71uk AT BlAES7Q 534 (Colab), o)
A (Python) <1efsh vk (Pandas), | o] (numpy) #:(seaborn), Abo]
7 ©(Psykit learn) 9] #lo|BeelE &&ak3ltth

Yearly visitor Monthly visitor
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Eﬂ_
H_w. 60 -
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aH , B3 B s ¢ EdE 74
Hourly visitor
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0- “"'""
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At dlolHgR o] 2021 vlsl 2022d0] A G17] ol ArH Y]
T 2021957 oF 2n) A% =2 AS ¢ T ST A%t E%@%ﬂ TE
42 BHIAS u], A RS vwsEohd, Bdds Zo] o}
], o Foll= 10, 7FEells 2021 A8l T2 Y 59 TR Folt=
e 4 g Qlh g e ok, 2021 5, 6€el RR= FIVeH
FAE B0, Al watsts A FQ o 5H 7% HahshE
ZE g1 = Qi sk, IRV AR 7 SKs 993 10€ el A A
A Q49 AAIGle] FFehE Ae ER1E = Qlqith

o71ell M AE-e] ZEY AR (A FaHlelH I3+ v 84
tlojg|eh= WA=, AA|YD Hlo|eldollA miAlzPE Fol& & = 3lar, LXt Hlo]

T 3HE o] fE 71 o)y ARS-S ok oo, rEUle] ARt HlolE ERE A

covid_new

2021-05-21 2021-06-21 2021-07-21 2021-08-21 2021-08-21 2021-10-21 2021-11-21

9 36 2021 59 ~12€9 10Y AS 2 A3F AR ¢ F9)

(A5 0 MEA T3 HelE)
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Monthly visitor
m i

Bl -
o -
an -
III
r 5 & g & 0 1

a9 37 AZF &9 wiE FHa ARt B B ¢
Daily visitor

I I I I I I I
E ?1l]1112]31-1]51'51?'13192‘DIL12132415152?131‘93331

count

munt

A
e D v} ) ARPH, 244 7F IEAE vl wEiH, QA 5~7A] AH
AZbE A AIZEQL 194] ~ 21744 A AL=] AZke] mao] F7beh
& %k
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2.1.3 9t~ Z325 F3F floly vl

oz

A% 714 EASOIN A 4 TR Al e 44
A AR F@sPs TezolthsD), o] 1dme Auel 9o AR TS
ol-g3] 121 Ao] ofuel, AR zRE doldl FAT 5717 ok 522 7|
31 R ofw] 571x) @oF ek H4gk Al 1A} 19 QL, Al 241 #9] Q2,
Al 34F 9] Q3, HAYhS AAE wolt). S| AR #ATHE thEA Fwo] of

Ay

A B-olle g g3kl g vepd = Stk o714 49 dHolHE
AF S B AlolH, ol HIolE Y] bl =91l sidehs wk, Al 3AL

29 4 (Q3) ZU3k 71502 A9 50% 2o =43k, A dolE = A
25%°l dlgsh= at Al 1A 29 Q)T 7122 3H9] 50% 59
Sk, AA HolH F skel 26%¢] adel= #holk & vhA ERoA e o
et B =k 3-d W g9l RS & 5 QT

Visitor Rate
1

6000 )

Coun
[T
I=]
&

151) A} 4 a3, 91719 ok,
https://ko.wikipedia.org/wiki/%EC2%83%81%EC%IE%90_%EC %88%9I8%EC%97
%BC_%EA%B7%B8%EB%A6%BC (7 4: 2022'd 102 15%)
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Visitor Rate per Season
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Visitor Rate per hour
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count- 1
Epring
Summer
Auturnn SHTEES
Winter
holiday 5 {rol3 1.049
workingday 1.031 41.048
WGV 00012 0046 0.063 000015 0017 0012
hour D__"-'B ;I}_UCIEB 10011 00011 00014 00001 0000978 (EES
[ {1.56 B £.04 0022 (0041
hurni -JiEE {027 023
temip 4 L 25 MOTAEN 0017 0. 0.029

e (018 0 0.084 BME26S 0029 0023 0027 012 0031

count
Autumn
Winter
holiday
wcrkingday
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-

2.2 WAleld ¥4

=~

okl bzl 3 3] 7] (Regresssion) HIOJHE W3t %] #2438k 43}
vlusto], & O AldstA B oSl A & = g3

gg35to], A} T AME Al daglgel wE, Hrieol uebd, F
19 a8 2 duElES ARt sty ARE-E dlolE s, GEdA
glo]d o ® Hojy AE o] Bl 37 Hltlo|E el o, 70:309] HEE EY
o]d dlo]E] (Training Data) 2} Mz]dlo]A do]E] (Validatation Data) & A
] AT

o
ol
rlr
to

> of
_‘(EL
FPE

2.2.1 MAl21d Best model

B3| EA o AFgE HAIH Y-S MicrosoftAFe] AutoML-S AFE-31% 0,
1z °4 Ensemble 22, XG Boost regressor, LGBM, Random forest<]
47FA] BERkE ARgSte], dare]ol et e & Hrbstaat st

Z}7+e] ekarg]Fell ARG A7 EEd X, 2 Aol AREE dargEdt
AL 3£ 30 9F o} WA, A WA Voting AlgorithmS XGbhoostRegressor
370} ExtraTree regressor, LGBM 9] 5714 &igl5S AMEsigl o, s
2 Scikit Learn¥} AutoML-S ZH2F ARSIttt Aol AFgE AALdH =
7+7} Standard scaler2} MaxAbsScalerso] &85 9t}

T+ WA 2, XGboost regressors= StandardScalerE dxg]Z ARE3th

Al HAZ, Light GBM<S MaxAbsScalerE AFg3lo] eSS Ry},

2% 2 RandomForestRegressor+= StandardScaler& AF&-sle] AA 8] E

Eisy

Z] 3

-

o2
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E 30 WAl gHdel Ak AA BE X, & Ao AMeH s Azl
. . Preproc .

Algorithm Name pre processing essing Algorithms module
Standard Scaler sklearn XGBoostRegressor automl
StandardScaler sklearn XGBoostRegressor automl
Voting Ensemble MaxAbsScaler sklearn ExtraTreesRegressor | sklearn
MaxAbsScaler sklearn XGBoostRegressor automl
MaxAbsScaler sklearn LightGBMRegressor automl
XGBoostRegressor StandardScaler sklearn XGBoostRegressor automl
LightGBM MaxAbsScaler sklearn LightGBM sklearn
RandomForestRegressor StandardScaler sklearn ls%sgldomForestRegres sklearn

o = 3 7] = o = = ke =

2.2.2 FE AdeAs HAled RdES g3t A3 &

=]
84 24

147 tho]oj 18 o]

I
Holg AR A, 75 dAYE, &4 71 9 Ay dauglgs Rosh
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dziz scurce - 20 col ‘

1 MM col

- i

Hazhess ] Cziegaoricel ‘ | Mumernc
/ -\- -"
[ ModzCailmpuisr-SiringCast-1abalEncodar ‘ | SuingCasi-CherGremCouniVerionizar ] | Meanlmpuisr

| premcedsonvVoiingregressor ]

19 47 Voting Algorithm tho]oj 138
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Aggregate feature importance
af s s [2*)
= (5] (=] %3] (=] L
| I | | | |
I

@ all data

1% 48 Topb6 features by their importance

Aay oAy ZoA, 7P B RSzt o E AyE]Ee BAE
|, B glolgE Bt R T, L% dolH oA A9 6719 fA4E &
shH, &% (temp), A7H(hour), &% (humi), ¥ (month), H< (working

day), "IAIRA (pm) 9] =22 F&FS T+ S & F Uth

50

25

Feature importance of
temp
o

Feature importance: -24.493
Row index: 3167

=5 =

temp

1% 49 Voting Ensemble MAlZdoz ALgx %9}
WEAkek o] Al
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40

20

Feature importance of
humi
=

=20

1% 51

humi

Voting Ensemble WAl#jdoz AL HFE9

iR R e e i

20

Feature importance of
manth
o

2 4 G 8 10 12

maonth

1% 52 Voting Ensemble HAl#d o2 AgLd L3t o
o} W Abele] A

783 Ae]l 12490l B3Rl 54
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30

20

Feature importance of
pm
=

pm

713 53 Voting Ensemble MAlzjd oz AHLF ujx|HA
o} wRE-AFet o] AbdA

2.2.3 o]y dehv]H

sto] 3 slepu|E = koA A FRol S A7l AFH Y sl o] A
Ly} 7ds ko] gQomw AFE ko] Ut AA e Zo]ol drpsd), H
ATeNA AREE HAlHE (ML) o] 285 3H Ensemble 2%, XG Boost
regressor, LGBM, Randomforest &ag]5olA, 212} dlojg A shse
ul, sto]s sHpEE AFs o R Fdskal 4-gate] AR A9 ghE Helehd
o2 & 303 #u)

153) T8 ¥ (2018), Q1A T ¢
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)
ol
oft
o
L
5
2}
N
o
X
X
L
o)
g
—~
-
ﬂ
—
DN



%317 g5Rey 489 stoly shebug
Prep
ﬁ;‘%ﬁ :thm pre processing ggﬁf Algorithms module Hyperparameter values
g
eta 0.5
gamma 0.01
max_depth | 8
Standard skle | XGBoostRegres autom]
Scaler arn sor max_leaves | 0
num_leaves | 0
rsl_estlmator 50
rea aloha 1.3541666
ce_ap 67
1.6666666
reg_lambda 67
eta 0.2
gamma 0
. max_depth | 8
Voting
Ensemble max_leaves | 0
StandardScale | skle | XGBoostRegres autom]
r arn sor uto num_leaves | 400
n_estimator 0
s
reo alpha 0.1041666
ce_ap 67
1.6666666
reg_lambda 67
max_featur 08
es
min_sampl | 0.0023646
MaxAbsScale | skle | ExtraTreesRegre sklearn es_leaf 82
r am | ssor min_sampl | 0.0052853
es_split 89
;l_estlmator 10
MaxAbsScale | skle | XGBoostRegres autom] tree_metho aut
r arn sor o d o
MaxAbsScale | skle | LightGBMRegr autom] min_data i 20
T arn essor n leaf
XGBoostRegre | StandardScale | skle | XGBoostRegres tree_metho
automl auto
ssor T arn sor d
LightGBM MaxAbsScale | skle | LightGBM sklearn min data i | 20
- 117 -
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r arn n leaf
max_featur 03
es
min_sampl | 0.0090172
RandomForest | StandardScale | skle | RandomForestR sKlearn es_leaf 08
Regressor r arn | egressor min_sampl | 0.0528538
es_split 86
rsl_estlmator 25

2.2.4 29 H7}

s 24 Fre| AR X E= AA 3 AS5Ee AolE dUgtew

M3l 5§ gksto] HH o7 Fek= MAE, oAl kel Aleds Z9 F-6h
RMSE, AAzt2} 53k 2felE Alwrst 34 &(Sum of Squared Residual,
SSR) & AA#T Ht zpolE At 319 & (Sum of Squared Total,
SST) 0= tir #h& Il FAH R 00 24 EFS ER8s AR
Lol 7P mdde] 958 %S Ktk Brkshs R? & AHgsklch
47} €] BrR el 3 Voting Ensemble®] R” 0.72% 7P¢ $53 A8 &
I gJor, 1 HZE, XGBoostRegressore] 0.70, LightGBMe] 0.69,
RandomForestRegressor”7} 0.53¢] 0.7 A¥gks & 4 9lor, MAE$}+
RMSEE & =42 3 32 o 7|53}, Voting Ensemble E 20| o] k5

2y Tl 7P Aot 12 Ae o 7 Aslth

% 32 AR SeRdel og Bt

Algorithm 2
Nt MAE RMSE R
Voting 23.65045 | 36.29419 | 0.7222403
Ensemble
XGBoostRe | o) 79699 | 37.58314 | 0.7022615
gressor
LightGBM | 25.05527 | 37.87813 | 0.6975094
RandomFor
estRegress | 33.88134 | 46.7844 0.5388957
or
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= predicted_true a

Predicted vs. True Average Predicted Value

smnn |deal
400
o
= n--""‘l
B amo - in S
= o
i
p=)
&= 1]
o
o
=200 1500
1000 5 o
50 5 3
| ] a &

o

B A LRI L L ol MR AR

LR g R 5-“' I .@33.& AN b 7
e e e R R L G
C i R g A
Tl R c;—:a-:,:)ufp,\ '\@o, ": ﬁ'f?:' “L;C?‘t:ﬁp% & i)
True Value

O™ 54 ASw AARS Bla grF A3t

T3 A Saka AA g s RekS W] Tl b= 9 558 o
FAEE As & dth A17E SH4 Auto MLe] E98k= 7HE
i+ 713 56 Predicted vs. True X}FEO|t}, o] RFE= 4o HA|H

o]

g

[t

2oy Lo
KU rlo zf

xFoll AA| ke BASL yE) Al Zke EAATH,
w8 S x = vy ) oS ey Sla) B4 sk Ho]
o

Aol 7?%3?% R %}Ol £l Bdlo] T F2 Zlojth o] AJZEke] A

A 0] B 58 o i) 2 gL, sheb 41 e 9 e
o2} FAE LERITh At st Alol 9] WS WaSS 5e) Azwst
"olgieh. & ML Sl ol Sgtat AAgke] ol F43t & A EE 2L
Fag 5 k.

A Residuals) = 52k A Aol 2 HAIRk 014 AZgkE W gtol
o ol WA} P e 55 gtol A U rldTh P gk ol

154) “Evaluating Models in Azure Machine Learning (Part 2: Regression)”.
https://adatis.co.uk/evaluating—models—in—azure-machine-learning —part-2-regres
sion (AAA: 2022. 10. 15.).
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= residuals o

Residuals Histogram

Bin Count

I
Ui 935S ujsit 55 32 odFo] Ui == AS gt 39t
slo] o So] AAQ) S A0 R V|thsh= A2 v Ao mZ thal oS50
= = B2 AMYo} 3l Azure AutoMLS 3 X E

FANeFE SIAEIHe FYIh ol H o R = A7) 7lsE 00l 7kl oF &)
R Bk 0 S0 sk T FA0R Yt waEo]of gtk S| AE I
o] $2& X¢HOH o= o F o] UK Frhs Ao Q&S vehiun
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HyEs = 7 S
t} A" FeRe golEl= A A, Z3dole 9 S-S slo] g-on)
3 glolE® Hdstsich. AnEel Hlole sl WE dlole, AlAYD dlo|E ke
A ol 7= IS ARESte], 2 TR EASske], ddS A
AHE T UES %o, A IFAe RS B9 wAled daelEE o=
dse vlastal 15l 7P 8 ds= B2l Voting Ensembles E3llA
A B AAdATE 52 34 aag 19 HYE A EggTh
A3}, &% (temperature), AlZF hour), % (humidity), € (month), 33

o (working day), PIAHA] (pm) &] 671 g3 dlofE QIx}e] oA 2 SHFAE
(feature importance) 7} B3gF oSof 7H4 & JFS 75 Aox2 540
2t} AE% Voting Ensemble?] 237401 R%0] 0.72% 7} $2=%t
e & 4 9lor XGBoostRegressorZF 0.70, LightGBM®¢] 0.69,
RandomForestRegressor7} 0.53 &2 Ql¥Xx]5 sksEdo 3t Hrl= &
A HA e duFel st 255 WY T Stk
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1] dlo]Ey TAUE 3 71zt TH54
sr_pg4_temp A7) d5A
sr_pg4_humi qﬁ]H] EEU Ho]
AT sr_pg4_co2 L /G /olAsek A/ ul A HA]/ | 22/07/09 ~ 3717 dlolEE
AFAZ sr_pg4_pm?2.5 Zu| AR/ 719 8/17 o]gst 7 ]}?_3_]:
sr_pg4_pm10 tjo]E ;l? a3}
sr_pg4_pressure e
o [SAWLOD | g /o bsRka/ A/ | 22/07/09 ~ | B4 AEA
" sr_salty_humi Zu| AR/ e g2 e /AR A/ 8/17 5714 dolHE
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sr_salty_co2

sr_salty_pm2.5
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sr_salty_rainfall

sr_salty_Wind_S
peed

sr_salty_Wind_G
ust

sr_salty_Wind
Direction

sr_salty_pressur
e

ol-&3t 7%
dloly Az &t

=%

Al

sr_galdae_temp

sr_galdae_humi

sr_galdae_co?2

sr_galdae_pm?2.5

sr_galdae_pm10

sr_galdae_solar

sr_galdae_UVI

sr_galdae_Rainf
all

sr_galdae_Wind
Speed

sr_galdae_Wind
Gust

sr_galdae_Wind
Direction

sr_galdae_press
ure

SR/ B P A
e A e A9 3

AR TS ES/ TG

22/07/09 ~
8/17

=47] Q54
dis] Zcjsel
2712 toje =
olg3t 714
dlole] A7 &3t

=
=74
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8 AT

B

Wind speed and
direction sensors

Air temperature and
relative humidity sensor

ensor

Solar radiation
S

Solar panel

n gage

Rai

Enclosure for datalogger,

communications, and
rechargeable batiery

Mounting tripod

—-a

. Campbell Scientific site

]

=2

’

18 56 AWS A+
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24 ¥ A5 Machine Learning (WA12]d) Bl d|o]E] 24 2] 717} vl-¢-
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ArlETAGOE AE
A8% AETAS

6 2 E T ATl AgE 7dESEE] (3 7S Jdd
AWS AH & ()

ULPD Lab oll4] 7
7SV (AWS) =

2 ATl ARgE 7S] AWS

- 129 -



(1) Automatic Weather Station

3 37 Automatic Weather Station 2]Z($=) 7 28§ LCD tjAZd o)l (FH=)

T
&l

Weather Station

1. Time 10. Rain fall

2. Moon phase 11. Outdoor temperature
3. Barometric Pressure 12. Outdoor humidity

4. Weather forecast 13. RF icon

5. UV index 14. Indoor humidity

6. Light 15. Indoor temperature
7. Wind speed 16. Date

8. Wind direction 17. WiFi icon

9. MAX/MIN Daily 18. DST
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3) Weather Station % dl°|H]

Weather Stationel] =33l dlo]g] Aleke t}2-3) 7t}

3E 39 AWS AFeFA

5 37 dlolH
(Outdoor data)

Aug4 Hlol g
(Indoor data)

FE:
(Power
consumption)

oA A, 2 E|ARA,
o] kst e A2+ Al A

Transmission
distance in open field
: 100m (300 feet)
Frequency : 433MHz
Temperature range :
—-40° C to 60° C

(=40° F to

+140° F)

Accuracy : £1° C
Resolution : 0.1 °C
Measuring range rel.
humidity : 10% to
99%

Accuracy : £5%
Rain volume display :
Omm to 6000mm

(show ——— if
outside range)
Accuracy : £10%
Resolution : 0.1mm

(if rain volume <
1000mm) 1mm (f
rain volume >
1000mm)

Wind speed : Om/s to
50m/s (Omph to
100mph) (show
——— if outside
range)

Accuracy @ T1lm/s
(wind speed< 5m/s)
+/—10% (wind speed
> 5m/s)

Light : Ok Lux to 200k
Lux

Accuracy : £15%
Measuring interval
thermo—hygro
sensor : 16 s

Indoor temperature
range : O° Cto 50" C
(32° F to +122° F)

(show ——— if
outside range)
Resolution : 0.1° C
Measuring range rel.
Humidity : 10% to
99%

Resolution : 1%
Measuring range air
pressure : 700hPa to
1100hPa (20.67inHg
to 32.5inHg)

Accuracy : £3hpa
Resolution : 0.1hPa
(0.01inHg)

Alarm duration : 120
sec

Measuring interval
indoor data : 60s

Base station : 5V DC
adaptor (included),
Power Consumption
configuration mode) :
0.5 Watts (1.25
Watts during WiFi
Base station @ 3 X
AAA batteries (not
included)

Remote sensor : 2 X
AA batteries (not
included)

The primary power
source is the solar
panel. The batteries
provide backup
power when there is
limited solar energy

=74 Au PM2.5,
PM10, CO; ¥5&, &%
2 &% 0 60 %.
A ARS8
A Fas

o] AtslE A 71
TAEE 7S,

T4 8y g9
Ao A 300 HE
(100 ©lE]) 71

YA

T As A
(FFelA): Hdl. 100
wlE, (FelEo] Sl
A9, == /“_i
el 74?4 G5
Atk

Fab<rr 433 MHz
AR 7v4: 1 &

Ag 2]

YA} =] AlA: AC
A9 BV 1A)

—¥ 3R oS

wel &3k 2 x AA
1.5V

WiE g -2 e A ok
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A 01FAS wage golg Axd #$HS AA Auto ML A43}
(o)

H o438l A (COy ) 5 2A7IAR 3 7]13-917]7F AslE a Qluk A A
St - 2 F2AA (IPCO) ol W= F < 22714 &

S AT A9, 2040 bof] AT 7] o] 1.5CTE WS A0= oids
S 2] WA M= A 4k sl o) dw 8.6v) Skl ®

o £AIE sidsty] Al = EAT 127) w7k 'HA TS AdsH
ARAE Hof 247k wjEde AlZstshlvhal Ry B4 wijE A= s}l

= Fe = =go] Zh= < 719 AdeA =3
Zo|th159) F 2 AdEAR] A vY (Capgemini) oA+ AIE &-8-3l At
27 A7 Hl=0] 12.9% AP, A8 a8 10.9% vty -

Ak AAUU= 2030974 AIE E3l 71 AlUe]l e tiv] 4~17% 71
A Anj

=
SRR WES WE o R AdWsta o0,

157) BN, TEZs) Folg AL B2FYW AYAANA A7, TAASE,
(2022. 04. 11.)

158) 059, Tolzofololol, olitsta MEF AlZ AEde & e A
715, TAIEF) 2~ (2022. 03. 18)

159) Holg, AFATE A8 A
04. 02.)

160) BT, TEZs) Folg. AL B2FY AYAANA A7, TAASA,
(2022. 04. 11.)

2

-l Al SRR T EEAAE, (2022
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Y9577 (ESA) 9 ‘AT4EO (Artificial  Intelligence for Earth
Observation)” ©|YMEHE FH Al 7S S &3t A7+
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161) HolgE, "Jd3ATE &H Alg---2d Al ‘5, "dRFANE, (2022
04. 02.)

162) “stste]  7ls"ga  AZE #AEste gahwiEdE Alsy, Woaozga”
https://www.hanwha.co.kr/media/discover/view.do?seq=5046 (A L: 2022. 10.
15.)

163) Heotg, QleAsE A4 Ald---2d Al ‘F5, | TEFA0E, (2022
04. 02.)
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2
[l
td
)
ftlo
2
i

= A, R RV, 2R, 5, Adolatsiea
o
=

T 59% 33, LSTM(Long Short Term Memory) ¢S54

)
B
¢ d
e
o,
[
(@)
H
S
rlo
m
2
ofth
tot
)
_1
X
N
rtﬁ
1o
A
X
Y
=
(o]
£
i)
[
[P
=
n

2 =
T SOoE AYE CO2 WiEH IHNEFE S EEoUTHed).
1 9] 2R1(2020) & 7IAI8 5= ol&ato], Al o|ilsteta s S5E
= Aot ¢SS, AFAFE(ANN), HMEE g HA(SVM), @
A XY AE (Random Forest, RF), KNN (K Nearest Neighbor) & A5}
o JEHsREE 371Fs] ¥ # AYE, Hed §9 9y RS, 3
ArsteA w2k BAZE Qe 7] B RS, A JIdsE A skt

o] W AAAS R? & Z+7F ANN 0.97, SVM 0.96, RF 0.95,

—_

VS
®
o
o
}—A
N’
rlo
~N

Agrse &8ste] A% ARddx] o] Ag] mAd
Q ZUAAA] (PM2.5), BAA]
), LAksteA- (CO), 2E(03), &
T 5 3 5 ATE B R A S5 g 1o AaRdAlRA
2 3|73 e, Ml s getekar, AR PM2.5E ClS5siith
AR 4 2]E2 Random Forest, XGBoost, LightGBM, Deep neural
network, Voting Ensemble B @& A3} 2™, RMSE+ 242} 6.27, 6.41,
6.22, 6.64, 6.12% ooz glote] d5rde] 10.77°l vla) Adso] =7 F71s
ATH6T) .
A 9] 221(2020) > WAlH s E-8ato], &A1Y ofdo|y& o=z

164) FEE ©(2018), 'Held FnFE A AW oldstEs wrRe qFn
2, TRl A 7] - skehs] st 186,
B

165) AW, oA, W%, HYFE, 552019, 'HsAF3AEA 7Rk 14
v o]qksterA wiEE o Fnd A, | TEmSAEEs] stedndd] =8
.y, 38-39.

166) AEF £0(2020), A olitstEts Fr =& 9% V| ASE 2l AF
Mot =318 dv) g3 =3, ,14(6), .

167) Y%= £(2021), "71AFgHS 83 A= AAGEA mAEA o=
PR I}8Es] =4, , 48(7), 764-773.
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ottt AE F3ehs Al T1A A5S S%ih 20199 12958 20204
7H%Zl 30x A2 HolHE Seke-teol arsted, 21, w71, w7l
nAHAE S48k, Aulw 7132 Pythons
AT 52 9R2E, SVM, Random
Forest, GBM, XGBoost ¢ R @& A ‘8}01 A olakslEkAs B 5=
F3t R*S oAtgeAv|Eo® 7F Bdy WE nlwdt Ay SVM
7%~ : Training : 0.89, Testing : 0.75, RF ¢ A% Training : 0.96,
Testing : 0.91, GBM® ¢ Training : 0.96, Testing : 0.91, XGB<]
73$- Training : 0.99, Testing : 0.91% oS54 A¥}r} L}gr}Les),

1.2.2 Auto MLE& AFgSt dA| A flow

Action Block diagram of Auto ML Regression testing Sorae PG 4 cross

Hyperparameter

Prediction

¥

Evaluation
MSE, RMSE, RA2

Random Forest
XG Boost
Gradient Boosting
Regression
Decision Tree Regression
nght GBM

sr_galdae_Wind, Speed V°t'n9
sr_galdae_Wind_Gust, Bagging
sr_galdae_Wind Direction, , Boosting
sr_galdae_pressure, Stacking

Weight Blending

s;'_;;é4;c;32

19 59 2P ETFAFAE Auto ML RegressionT32 ¢3F A4 229 ZE

=49 ojdolyl Aulgrd
% 2), 112-113.

A
o

=
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Action Block diagram of Auto ML Regression testing Sorae galdae area

1

1
I

I

I

1

|

o

Evaluation
sr_galdae_temp, sr_ galdae MLP MSE, RM SE' RA2
_humi, sr_ galdae _pressure,

e e Random Forest
- ggaldae J::m1.0’ - a0 Soos
= : Gradient Boosting
] Regression
S lli= Decision Tree Regression
sr_galdae_solar, :
sr_galdae_UVI, ngh‘t GEM
sr_galdae_rainfall, - -
sr_galdae Wind_Speed, Voting
sr_galdae_Wind_Gust, Bagging
sr_galdae_Wind Direction, , Boosting
sr_galdae_pressure,

Regression Hyperparameter

Stacking
Weight Blending

19 60 A ¥ Zdl< Auto ML RegressionF3 S 93 A4 Z22E
Action Block diagram of Auto ML Regression testing Sorae salty area

| |
|
: |
1 |
| |
Lo e | d
] Time scale data Preprocessing [ Auto ML Prediction
| »

¥

e Evaluation
sr_salty_temp, sr_ salty MLP MS EI RMS E: RA2
_humi, sr_salty _pressure,

Random Forest
sr_salty _pm2.5, sr_ salty
“pmio, XG Boost

Gradient Boosting
Regression
Data (25X Decision Tree Regression
sr_salty_solar, Light GBM
sr_ salty _UVI, sr_salty _rainfall, q
sr_salty Wind_ salty,
sr_salty _Wind_Gust, =
sr_salty _Wind Direction, , sr_ Bagg'_ng
salty _pressure, Boosting
Stacking
Weight Blending

Regression Hyperparameter

Voting

sr_salty _co2
(People count data)
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Bel, £4XQ) ET A el 2AE 24 o8 22} A vlastel, ol
skao] WAGe] JFS Fr Q25T Ao|=d A

o= [« e
dolEl2 48 vlolEl 5 dolele] Az W s ¥, A

o AM, dx, Az Z2 HF dolHe A JFAEEE HI] Y8
'sorae_echopark_final.csv'E ZE3l1 A3t 45 XElsla Z} Alo]EH

MLS R 3YsldA Targets ‘co2’ = AT}

Sk ol &k HIAE HolHE e8] S8l £ HolE o] vl&= 7130 %
A7skar dare]F169) of wht ‘6}01»1 ey WA 8 HAE HojEE
AHEEE WA T2, o] AkshRR A HARE o] Sefl ARE W HAE] wAled

a5 Meshs o ARE-ETh Auto MLE A4 daels 2 Edlold
HlolEl & ARESIRlaL, HIAE HoJEl= flolA vhr & HlolEE 7|Hte e gh=
goj shsA|7It) o] A7) B Ele Stacking Ensemble, Voting Ensemble,
XG Boost Regressor, Random Forest, Gradient Boost Regression, Light
GBM, Multi Layer Perceptron 52 &il8]5& ARste] Azure Auto ML
A S

169) Chung, D. H. et al.(2021). “Machine Learning for Predicting Entrepreneurial

Innovativeness,”  Asia-Pacific  Journal of Business Venturing  and

Entrepreneurship, 16(3), 73-86.
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e ZaA
106 !\iy- ke Galdae

£a5 7jugL
Nonhyun =

b

aH
B @49 =d3AH AA 1A v

(GET- AHAY e 2 H4 1,000m, 2 529 954 Ake] A8 500m)

| B :pmi0  F :PGA PMI0|
B

50
4p

30 Zk

—ETpmll
20 —F 7 PE4_PMID

10

1 35 7 8111315171921 25325272851 2 4 6 B 101214 16 18 20 22 24 26 28 30
7 8

(month ¥ date ¥ i

I3 63 91A
=

AR F

(T3 = AL WA s A EFARA R PM10 B 7h)

B A=A PMI0 HlolEle} A+
g 27

’
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B :pm2.5 Ed : PG4 PM2.5|
40

35
30
25

20 LBk
=T pm25
—_—E PG4 PM25

15

10

1 4 7 101316192225 2831 3 6 9 1215 18 21 24 37 30
¥ a

.month = date = jeti=d

64 Ad B 34 =3HX- ] PM2.5 HolH e A EFAIAE 9
(A =G Y, WA - s ETAAR PM10 FEgh)

13 66 A AWS HRE sol i Bl B ¢ol5el Hole e d=
A molt,

© treinhesd)
#traing head()

] ”"“5'"“; detetine sr_pgd tewp Srpgd umi Sr_pgd_pressire Sr_pgd co? sr_pgd pn2.5 sropgd_pnid sr_salty temp srsalfy_humi ... sr_galdae pressure sr_galdae co? sr_galdae pn2.5 sr_galdae pmio  year

2022-07-

[ an 09 246 870 10028 3884 70 a0 239 9o 10014 400.0 60 70 20220
00:00:00
2022-07-

1 10 09 245 870 10028 38440 80 9.0 239 @20 . 1001.4 3990 60 60 20220
00:05:00
202207~

Z 20 09 245 880 10028 3850 9.0 100 39 930 . 10014 399.0 6.0 70 20220
00:10:00
2022-07-

3 30 09 246 870 10027 386.0 9.0 100 2339 K8 . 1001.3 397.0 6.0 70 20220
00:15:00
2022-07-

4 40 039 246 870 10028 389.0 9. 1.0 239 980 . 1001.4 398.0 6.0 70 20220
00:20:00

5 rows x 38 celumns

¥ 65 doldor glojEel HolE e = g
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o train,.sr_pgd_temp,describef)

[ count 11152, 000000
mean 2T . B22277
=td =,.1057F00
min 20, 500000
25% 25, 300000
S0 27 ., 300000
TEE 29, 600000
ma 25, 300000

Mame: =r_pgd_temp, divpe: float&d

19 66 TelHOZ glojEel £, HolE 54

gtold o X AFAE "lglo|H ] &% EAE ¢lo] Sold, A dlolH
T 11,182710]41, F& 27.6C, H3ak2 20.8TC, HH32 38.3C=E &l
=5

[12] train.sr_pgd_coZ, . de=scribei)

count 11182, 000000
mean 401 137990
=td 20, 205992
min 357, 000000
255 387, 000000
S0% 397, 000000
K=t 412, 000000
max 487, 000000

Mame: =sr_pgd_coZ, divpe: floatcd
7% 67 FolHoz 9ol 5l o] abstEia HlolE] 54

ol do® - ARAE HHolH 9 o|atstea EAS ¢lo] Sol|, AA Hlo

B 9 11,182700]a1, H2- 401, 34k 357, HIHAg2 487% 1%t

obge] 19 687 Zo] FAE HolHE A EMRE %, F5, vAHA|, Z0

A, 718, olabstekA 53 A, A%, T T, 25, A 58 ok
o

7, %4
o JRE APIEEE ZEH AL gtk
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<clags 'pandas,core,frame,Dat aFrame’ =
Rangelndex: 11520 entrie=s, 0 to 11519

Data columns (total 38 columns):

#

[l I Ry (R R ST o e e |

ar

Column

Unnamed: 0

datet ine
=r_pgd_temp
Er_pgd_humi
=r_pgd_pressure
sr_pgd_cof
sr_pgd_pmz .5
=r_pgd_pmio
sr_salty_temp
sr_salty_humi
zr_zalty_solar
sr_zalty_UI
sr_zalty_rainfall
zr_zalty_Wind_Speed
zr_zalty_Wind_Gust
sr_salty_Wind Direction
sr_salty_pressure
sr_salty_co2
sr_salty_pm2.5
sr_=salty_pml0
=r_galdae_temp
=r_galdae_humi
=zr_galdee_solar
zr_galdae_UVI
zr_galdee_Rainfal l
zr_galdee_Wind Speed
sr_galdae_Wind Gust
sr_galdae_Wind Direct ion
sr_galdae_pressure
sr_galdae_co2
=zr_galdae_pm2 .5
=r_galdae_pmi0

wear

mont b

day

hour

minute

zecond

Non-Null Count Diype
11467 non-nul 1 float64
11467 non-nul | dat et imef4 [ne]
11182 non-nul | float6d
11182 non-nul 1 f loat 64
11182 non-nul 1l f loat64
11182 non-rul 1 f loat 64
11182 non-nul | floatG64
11182 non-nul 1 f loatG64
11206 non-null  f loat64
11206 non-nul | float64
11206 non-nul | floatBd
11206 non-null  float64
11206 non-nul | float64
11206 non-nul | float64
11206 non-nul | floatBd
11206 non-nul 1 f loat64
11206 non-null floatG64
11206 non-nul |l floatG64
11206 non-nul 1 f loatG64
11206 non-nul 1l f loat64
11358 non-nul | float64
11358 non-nul |l float6d
11358 non-null  floatB4
11358 non-nul 1 floatBd
11358 non-nul | float64
11358 non-nul | float6d
11358 non-nul 1l f loat64
11358 non-null floatG64
11358 non-nul 1 f loat 64
11358 non-rnul 1 floatG64
11358 non-null  f loatG64
11358 non-null  f loat64
11467 non-nul | float64
11467 non-nul | floatBd
11467 non-null  float64
11467 non-nul | float64
11467 non-nul | float6d
11467 non-nul 1 f loat64

dtypes: datet imeG4[n=](1), float6d{3T)
memory usage: 3,3 MB

1% 68 ylojxo g 9o

il

A AA "oy 54
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170) Bilogur, A.(2018), “Missingno: a missing data visualization suite,” Journal of
Open Source Sofiware, 3(22), 547.

171) A=A €](2022), 'Prediction of chloride concentration in groundwater on
Jeju Island using XGBoost regression machine learning; , [*]&38t3]#],
58(2), 243-255.

172) Acock, A. C.(2005), “Working with missing values,” Journal of Marriage
and family, 67(4), 1012-1028.
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it} oA HofE= BEe ClF g sHE7IE B Qs QAR A
7 BEAe|tHTd), oA AAE flete] WA ARSI (Inter Quantile
Range, IQR) & AHE-3F3IE ARES] ‘?j—°~ dolElE LAk o® Jdaigls o
53 50%9] k= vlolElEs 2ahH Qi Qz Qs 2 0.25, S4%k 0.759]
AAhH= HlolEE 7Eo R vl 310 E theth AREH (IQR) & o] &3 o)
2= Qu, Qsoll 9= dlolE ghell 1.5w) sto] Sakgks wiAY Bl -3k 4k
ojal, ol FHES Teth(A 7). 1y F 7S 7= HlolEITE A Al A
o] ARESIH S o] &8 oA AAE= ARESHA ekt

IQR= Q53— @,
Q—15xIQR < X < Q, +1.5 X IQR (7)

T9ar A ol o] Folde HIAESE] ffsto], IBMARS] SPSS X E
A& AFEate], ohmmbHIAES AASINITE 3714 W T oliksiekag]

‘CO,” & BMlo® sk, AAsigle o, S48+ EﬂolEi EHH o] P Value
7F 0.05 =+ 0.01 olst=z, F94 Asol A7F gl= ek
‘:]“ﬂ', Al "?—Zi%k(sr_galdae_Rainfall), 5 7ﬁli(minute) = /] Aol 7

o.

£ 41 28 #4 F9 F94 test obwnl HlAE A

ANOVA
Al AgE A 3 F GOl s
sr_pg4_temp Aet—7F 42274.263 168 251.633 42.281 .000
Fek—1) 63989.697 10752 5.951
2 A 106263.961 10920
sr_pg4_humi Ze =2+ 561780.103 168 3343.929 23.270 .000
Hek—y 1545100.170 10752 143.704
2 A 2106880.273 10920
sr_pg4_pressure Fe—7F 15228.948 168 90.649 8.066 .000
Hek—y 120836.263 10752 11.238
A 136065.212 10920
sr_pg4_co2 Aet—7F 1952487.121 168 11621.947 49.173 .000
Zek—u 2541219.607 10752 236.349
2 A 4493706.728 10920
sr_pg4_pm2.5 Fe—7F 21985.132 168 130.864 5.006 .000
Ae—U 281053.277 10752 26.140
A 303038.408 10920

173) A A €1(2022), "XGBoost Regression 7| Al8t4S o] 83 A|lF% A4 4
2ol koS A Abdl, , AT A, 58(2), 243-255.
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sr_pg4_pml0 i 26153.029 168 155.673 5.326 .000
Zlek—u 314242.590 10752 29.226
A 340395.618 10920
sr_salty_temp Ze—7 47518.279 68 282.847 59.113 .000
Zek— 52810.623 11037 4.785
=] 100328.902 11205
sr_salty_humi A7 645596.354 68 3842.835 38.207 .000
Zlek—1 110085.021 11037 100.579
A 755681.374 11205
sr_salty_solar A7+ 114197341.996 68 679746.083 17.901 .000
Ae—uf  419107453.041 11037 37972.950
A 533304795.038 11205
sr_salty_UVI ?‘j 3 3k 8718.469 68 51.896 16.198 .000
A ‘—t}’ 35361.724 11037 3.204
A 44080.194 11205
sr_salty_rainfall o7+ 4 2 68 24,335 1.203 038
Zek— 223241.754 11037 20.227
b 227330.116 11205
sr_salty_Wind_Speed s 1726.758 68 10.278 12.469 .000
Zlek— 22 11037 824
=] 10824.780 11205
sr_salty_Wind_Gust A=z 6219.645 68 37.022 18.464 000
| = 22129.834 037 2.005
2 28349.478 205
sr_salty_WindDirection S ety 195578.170 68 13068.918 3.416 .000
Aek—]  42229597.074 11037 3826.184
A 4425175.243 11205
sr_salty_pressure =z 1 1 68 83.067 7.633 000
Zek— 120110.2 11037 10.883
=] 134065.452 11205
sr_salty_pm2.5 Ze—7+ 1 4 68 10.040 1.739 000
Fek— 63703.786 11037 5.772
A 65390.460 11205
sr_salty_pm10 Zet =7+ 1689.695 68 10.058 1.605 000
ek 69174.844 11037 6.268
A 70864.539 11205
sr_galdae_temp Zek—7k 49419,201 68 294,162 59.737 000
Zlet— 53812.335 10928 4,924
A 103231.536 11096
sr_galdae_humi Zet =7+ 683680.610 68 4069.527 38.051 000
ek 168738.674 10928 106.949
A 852419.284 11096
sr_galdae_solar A=z 12 4 1 68 761074.404 16.631 000
Fet— 10928 45763.205
A 627960806.667 11096
sr_galdae_UVI =7+ 10040.779 68 59.767 15.308 000
| S 10928 3.904
72 52706.806 11096
sr_galdae_Rainfall Zet =2+ 4521.545 68 26.914 1.259 014
= 233612.896 10928 21.377
A 238134.441 11096
sr_galdae_WindSpeed =7+ 2024.971 68 12.053 24.383 000
k- 5402.112 10928 494
A 7427.083 11096
sr_galdae_WindGust Zek—7F 6332.503 168 37.693 25.458 000
et 16180.162 10928 1.481
A 22512.665 11096
sr_galdae_WindDirection &3} 68 96321.533 8.722 000
?é]‘f = 0928 11043.813
2 136868807.066 11096
sr_galdae_pressure Zl‘ﬂ 7+ 13835.719 168 82.355 7.457 000
k- 120696.844 10928 11.045
A 134532.564 11096
sr_galdae_co2 _Ae=7F  8662907.842 168 51564.928 155.049 000
k= 3634342.156 10928 332.572
ZA 12297249.998 11096
sr_galdae_pm?2.5 k-7 4002.005 168 23.821 2.464 000
k- 105648.163 10928 9.668
Z A 109650.167 11096
sr_galdae_pm10 Ao—71 4112.669 168 24.480 2.330 000
k- 114805.688 10928 10.506
ZA 118918.357 11096
vear =7+ 000 168 000
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ek .000 11037 .000
A .000 11205
month Zek—7k 82.593 68 .492 2.034 .000
Ale— 2667.363 11037 242
A 2749.956 11205
day Ze—3F 61496.338 68 366.050 5.923 .000
% E-—E 682096.950 037 61.801
2 743593.288 205
hour s 74215.921 68 441.761 10.553 .000
AlTr— 462019.061 11037 41.861
;1‘ 536234.982 11205
minute Fe—3F 54320.942 68 323.339 1.087 212
7“:‘—@ 3284516.522 11037 297.591
A 3338837.464 11205
second s .000 68 .000
ek 000 11037 000
A .000 11205
() = 7] 77 =
2.1.2 1lo] XS o] &3t [oT dlo|g] AadaAREH
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Daily sr_pg4 humi Daily sr_salty_humi Daily sr_galdae_humi
100 -

*fl“|||“\|||“||||||||“||||||\ I“|N\\|||“|||||\||“||||||\ I\\N“\|||“||||||\|\|||||||\

B

]

]

10.0.2.5.6.0.6. 5N A S0 B e 10.0.8.6.6.0.
Hourl y ST pg4 humi Hourly sr. salty humr Hourly srigalrjaefhuml
20
&0
=
40
20
o HEG0E BN PEN BT EBIATE.0 02,0 045 5.7 (B 0T 2 T I T T B I 5 0 O DG S E ® T PE Y BEY BB DA TS o
hour hour hour
N Al o T E o] © =z] H 2o
O™ 78 AU e 4 Aol ES] AARE, AP S W3k
Daily comparison Humi Hourly comparion Humi
95
895
a9 a0
85 a5
ED !
80
& S
5
75
T0
65 70
— pgd
&0 £g :
g5 H sy =
—— galdae
55 L L 1 i 1 d I I 1 1 1
o 5 10 15 20 25 30 o 5 10 15 20
day heaur

154
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04
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QQ plotE A3t QQ plot (Quantile Quantile plo )
==l vk A R b 1S B < s i A | 2] | o S D B A=1 A
WSk 2] A HEES $8 Q—Q Plot (Quantile—Quantile Plot) & A}

S ARAE 9] olatgleka: S OIE O EEE ARH 0 Ay RT] fleiA,
e plo
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2.2 Ml 4

AutoMLZ ©|83ed, 7k 87 Helelg shad &, A% £35) 93
Stacking Ensemble, XGBoostRegressor, RandomForestRegressor,
LightGBM 52| 4714 Al 29 $HO % A4S Foto], 7F vjalede] af
e MSE RMSE, R*#E olgslol #7idh. dutbzel g3
(Regresssion) H|oJE]E, Tsrst x| 418 A o] Hluste], & o AldsH|
olrbglgbAel A YIS T LAE HAYES FEato] AT ETh AFEH
tlojeli=, shdollA mfolid o= woje] FAE o] Bel $73 W HolE & Al EXE
2 Agste] AEatlon, 247 70:309 BlEE Edo|dH°lE (Training
Data) o} ¥g]do]A dlo]¥ (Validatation Data) = AFEE T} dlo]E]2] =
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2.2.1 ¥4 39 wAlgd ZdE vl

2 3o AFSE HAHYES AutoMLE ARSSFRoH, I1FollA
Stacking Ensemble 52!, XG Boost regressor, LGBM, Randomforest2]
474 BERhE ARgslo], darelsel tist 9] T2 BrketaAl gtk 24
dyFol AR AAE BEd X, 2 Al AHEE duEF e
3 429 2

WA A WA Stacking Ensemble Algorithm< XGbhoostRegressor 4712}
LGBM® =5F 5714 duglss AMEion, BE2 Scikit Learn
AutoMLS 212 AFEsisith. dxlgle AFEd AAIde = 242}, Standard
scaler®t MaxAbsScalers©] &%t}

T HAIRZ, XGboost regressor StandardScalerg A2 2 AFE-gtt},
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¥ 42 9454 COs Regression Ade] Agd ML dugsy 2E

Algorithm pre Preprocessin Algorithms module
Name processing g
S;candardScal sklearn XGBoostRegressor automl
S;candardScal sklearn XGBoostRegressor automl
Stacking StandardScal | o100 LightGBMRegressor automl
Ensemble er
SrtandardScal sklearn XGBoostRegressor automl
ZlaxAbsScal sklearn XGBoostRegressor automl
XGBootRegr | StandardScal sklearn XGBoostRegressor automl
essor er
LightGBM S;candardScal sklearn LightGBMRegressor automl
l;andomFore L\;[axAbsScal sklearn RandomForestRegressor sklearn

2.2.1.1 954 349 a8 4

’ data_source - 15 col ‘

/ﬂ_f—-——J'iccj//%‘col

i L

Hashes } ’ Murngric

T
/\H—h_k__\‘- \\\““*\\
"‘;, R
¢ ¥

P I Meanlmputer ] ’ Categorical ‘
Meanlmputer l l ImputationMarker ] ’ StringCast-CharGramCountVactorizer ‘

&50\ 1 r:;ol 24 jo\/
_‘_i-_‘_“—""\.

I stackensembleregressor ]

1% 87 HA o AFE-H Stacking Algorithm Tho]o] 1 #

B rtloljoj 1o o] E4 wulS AAEY] 98] Automated MLo| #§-3t o] g

=
AR A, Ve AU, 8 V1% 9@ ealeld dueES B Frk
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Top 6 features by their importance

Aggregate feature importance
(=1 N £y

1% 88 Topb6 features by their importance

Agd waled FolA, 7P B RIS 2he, e eSS BAE R
H, B HolHE BFo s Fa1, 489 tolEel A4 6719 8A4AE EH
3h, &% (sr_salty_temp), &% (sr_ salty Wind_Gust), F%(sr_salty
_humi), 7]19+( sr_salty_pressure), ZH|AIWA] (sr_salty_pm2.5 ), A3t
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1% 94 ARF S0 Aol Bl AR A o) /by Ak 53]
7k A 93 204 ol FHE ©4 8~9A AL, FEAL WA Hof B
o] ojabslerazt MAISH: 9o FARTh @, Blek AAgAe] B
st oA 10A5H 2F 177K o|Aksiehas] o] HojAt 2%
g 5 ek

2.2.1.2 sfo]y g

& Aol A AREE wAlEE (ML) of] 485 AY Ensemble 24, XG Boost
regressor, LGBM, RandomForest ¢il2]FollA], 212} Hloly MEE sh53h
o, stol¥ Fepr|EE s R Fidstal A-gsto] AR-E HAe] g Adelshd
U ¥ 433 .

¥ 43 stoly FEtulE A

Algorithm : Preproce :
Name pre processing et Algorithms module Hyperparameter values
eta 0.4
gamma 0.1
max_depth 10
StandardScaler sklearn XGBoostRegres automl max_leaves 31
sor n_estimators 50
reg_alpha 0
reg_lambda 0.625
tree_method auto
subsample 0.8
eta 0.5
gamma 0.01
max_depth 8
) XGBoostRegres max_leaves 0
EStaCklgig StandardScaler sklearn sor automl L estmators 0
nsempie reg alpha 1.354167
reg_lambda 1.666667
subsample 1
tree_method auto
learning_rate 0.168423
max_bin 1023
max_depth 9
min_data_in_leaf 0.003226
StandardScaler sklearn nghz(ilingeg automl min_split_gain 0.736842
n_estimators 100
num_leaves 255
reg alpha 0
167 -
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reg_lambda 0.75
subsample 0.9
subsample_freq 6
eta 0.3
gamma 0
max_depth 6
max_leaves 0
StandardScaler sklearn XGBOOSSSFegreS automl n_estimators 800
reg_alpha 0
reg_lambda 2.395833
subsample 0.8
tree_method auto
MaxAbsScaler sklearn XGBooSséfegr es automl tree_method auto
eta 0.3
gamma 0
max_depth 6
max_leaves 0
i}gﬁgggﬁ StandardScaler sklearn XGBOOSSSFegreS automl n_estimators 800
reg_alpha 0
reg_lambda 2.395833
subsample 0.8
tree_method auto
learning_rate 0.168423
max_bin 1023
max_depth 9
min_data_in_leaf 0.003226
. min_split_gain 0.736842
LightGBM StandardScaler sklearn ngh;(ilingeg automl n_r;;mj)rs 100
num_leaves 255
reg_alpha 0
reg_lambda 0.75
subsample 0.9
subsample_freq 6
max_features 0.5
min_samples_lea 0.009017
Ra;iosrtnF MaxAbsScaler sklearn Raélggrrzz;)g?st sklearn i L ! "
PSEEPIES-SP ) 0,000899
n_estimators 10

2.2.1.3 =€ 37}

gl Aols Augtow
9] Tk

A5 Bd FHrlo] AL Axns= AA gk o5
W3l 5 gakste] HF o7 Feh= MAE, HdAlF el Al &
RMSE, AA#k 55k 2fol& Alast 449 $H(Sum of Squared Residual,

AAG B ApolE

wahv] 547

SSR) =
SST) 0.2 e gk

Ay o) ek o |

O F Qo] &
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gl 2 Stacking Ensemble?] R? o] 0.90°.% 7%

5k

As &+ 9loH, 1 F=, XGBoostRegressor7} 0.88, LightGBMO] 0.88,
RandomForestRegressor”} 0.662] =2 A¥ghs & 4
S=AE 3E 449 ] ?‘5}1 Ensemble F.2lo] ofg] S5 o
7 IR =& AL d Ui

RMSEE: #&

5

44 daelEdE 4

Algorithm 2

o MAE RMSE R
Stacking 5613527 | 8332838 | 0.9032055
Ensemble

XGBootRe | ¢ 175041 | 8.980431 | 0.8877488
gressor

LightGBM | 6.428201 | 9.22858 | 0.8813046
RandomFor | 1130422 | 1543259 | 0.6692627
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o 2 ulledel s 02 FHoR A Add £o Welz RAHlYSS

sl = flor g, ASgat ASwko]l dde] A wiAE s & 5 Atk

2.2.2 A= Ay Z9d vl

2 FHEAe AR HAlYYS AutoMLES ARSI OH, oA
Stacking Ensemble 52!, XG Boost regressor, LGBM, Randomforest2]
47HA) RENkE ARgate], darglse] g A9 = B7ketaAt stk 247
dugFe AREE AAY EEd Adxl, 2 Ayl AHeE dugEy AXE
3 459 2ot

M2, 2 HA| Stacking Ensemble Algorithm<- XGboostRegressor 1712}
LGBM 170, ®5 2709 daelgs AREskelen, ®E2 Scikit Learnd}
AutoML-& Z}Z} ARgslsicty. dAgel] AFEE AAd# = 2H2h, Standard
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scaler 2} MaxAbsScalers©] &&=}t + WAZ, XGboost regressore
MaxAbsScalers  AAglz A&ty Al WAl®,  Light GBM2
MaxAbsScaler& AH-g-3fo AX e & z1ggsiey, 2o,
RandomForestRegressori= StandardScalerg AFgste] Axg2]& R&sk

o,

¥ 45 2% CO, Regression A3 A8d ML €185 &

Algorithm . Preproces .

Name pre processing . Algorithms module
Stacking MaxAbsScaler sklearn XGBoostRegressor automl
Ensemble MaxAbsScaler sklearn LightGBMRegressor automl
r)iSstfOStReg MaxAbsScaler sklearn XGBoostRegressor automl
LightGBM MaxAbsScaler sklearn LightGBMRegressor automl
RandomFores StandardScaler sklearn RandomForestRegressor sklearn
tRegressor

2.2.2.1 A= 284 &4

18 97 tholo] 1L o] S A7) 98 Automated MLo] %3t

E =
diolg AR A, 7 AT, &7 7= 9 Haldd dagss BolEh

data_source - 13 col

1col 11 ol

; 1
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Meanlmputer Imputationiarker StringCast-CharGramCountVectorizer

1.col 1 col 24 col

stackensembleregressor

7% 97 24 el AHE-® Voting Algorithm the]o] 13
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Top 6 features by their importance
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Aggregate feature importance

§
& o R
= b;._," -L”-(\
©
{\
2 & s Ea &
o e N e @
e - ol B o
>
of 4
e o
@ All data

19 98 Topb features by their importance

Agd wagy 2o 713 =& R2ZS ZH=, Stacking Ensemble 2Fig]
T2 wAFRW, B HlolHE Rago R 51, A8-H glojE oA A9l 6719
QA2 Zedhd, 4% (sr_galdae_humi), =% (sr_galdae_Wind Gust), 7]¢F

(sr_galdae_pressure), &% (sr_galdae_Wind Direction), A|Zt(hour), &

Y (sr_galdae_temp) 9] <o % ks F+= S & F 015}

4q
.l L
20 IIII

o __ II l
." '
.
.-,. l
s.. |'
s, .

S50 (=] el 80 an

Feature importance of
sr_galdag_humi

)

Q

|
&
=}

sr_galdas_humi

1% 99 Stacking Ensemble MAlZdo =z ALgx HF59 CO,
ool A

Folli= olabslera e} Regression T ZIY ke 71872 A=
= AULh dRtA o ® ST 52 Aol vl7F AW 5ol HiG
HA, A=) S oA & ot ‘I}F)r/ﬂ ojtE A FET

_Td
b o2
lo

- 172 -



Aol Feadlor gt s e ¢ vk TgZeA 559 CO,

9] Regression< "j

—o
Jo
10
=)
ol
ol
X
offt
L2
)
S
o
ne
ol
30
Au)

20

Feature importance of
st galdae Wind Gust

L]

=]
L]
& & S

Lv] 2 4

" oE 0

I.. .
s ®

o
o

sr_galdae_Wind Gust
19 100 Stacking Ensemble #Algjdo® ALH ZZ3 CO,
Qo] AF#A

9 100914 Yo vpel o] A3t 5F2 o]akaleka A7 ayr) ui¢
T Z07 BRIty AddA oA, olatstelas visto] s BE, &2
| 2712 Fo=s &4% o = Qi wpebA], EAIR

= SollA olatstEta Ae] ThsRt Als & o Sk

AN
2
=
>

g
I
o
i)
s
=
ok

N
M
r (

z0

Feature importance of
hour
5
A
N
L Bp 1 .2 1}

1% 101 Stacking Ensemble WAl#jdoz Ag&w A7k}
COz2e] ZFaA

- 173 -

A& sty



79 1018 B3 A7 B4 9ol Eiekda) FH Al ko] 7P A
Aol EXAF apeke] Edjo] W tlE A FAdYE wl$ thE dy S
Hol= A8 eIl 53], AeGA3He 5oz, 3|7} A o], 20
A& gol] A OA7IA| = A& 072 o] Alslekio] 7H2] gylE A E 4= Qi)
O]AL- A9 o] ZojEr ol W AA|EFo] HEUA o]AkstekA o)
HjZo] ZolE o] goloz FAHL) shH Y 3 e AxkEE
o] AlZta} FstAdo] HR] ok A 5~7A] Al7b= o]AtslERA O] HEAYEfo)
]-§- Wolx|= A& ElE 4 gl

z0 =
10
@ 3 1Y

a:‘._... >

o 50 100 150 200 250 300 350

sr_galdae_Wind Direction

1% 102  Stacking Ensemble WAlzjdoz AHgx Fga
COz8}o] ZdaaA

ot

TEE Afolle Aol mE IS v 2ol JLE st vk 3 4694
Hi+= v}l 2o]176) NNE, NE, ENE, E, ESE, SE, SSE, S etci= ZH2} 22.5,
45, 67.5, 90, 112.5, 135, 157.5, 180 & &FolA Eolox= W3k, = 530
sttt 13 1029 2#ZAo| A Feature =2 % (Feature Importance)
oMM, AL w 7} ekaL, wF WA o= B, TR oA e E
T AUtk o= ET AR Vo R 3 Aol AHiEAe-d Wkl vigt
o] Eoj@+= Afolal, A He v 52 EAA YoM Eoje= v AR

2, 3] /Mo v Az Eb] g FAA EE WSH WS o
(e}

A& sty



X 46 TF4E dEn
i w17k o U278
R JiEefel =2 (Vi)
& N 0/360 0/6400
HEE NNE 22.5 400
e NE 45 800
5 ENE 67.5 1200
5 E 90 1600
T3 ESE 112.5 2000
S SE 135 2400
Ak SSE 157.5 2800
=1 S 180 3200
il SSW 202.5 3600
A SW 225 4000
AT WSW 247.5 4400
A A% 270 4800
2 EA WNW 292.5 5200
Ex NW 315 5600
B NNW 337.5 6000
40
"6 W
% g 20
E=
S5
' o

-20

956

1000 10

02

1004 1006 1008

sr_galdae_pressure

1% 103 Stacking Ensemble ®Alg|doz Ag¥H 7]etw
COy8}o] ZdaaA

1010

TU



Fe A1 ot g, vk

A
(e]

Jo aduepiodu) ainjes]

32

30

28

26

24

22

20

sr_galdae_temp

19 1049 7123} o]k

1% 104 Stacking Ensemble WAlg]
o

o]

sheks

/1\1_

£ 7443 lofA, of

71

22CoA 23 CT7HA= ok9) 7=

-
]

o
-
=

[e)

Ao A2 Y

A

fol ] st

7Fsh} 23CoAlA 26 C7HA= o]
[e)

O] 7L of2lof|l A Bjekgel

2.2.2.2

Al

AN AHE

=)
Zd (ML) ol AE€599 Ensemble 22, XG Boost regressor, LGBM,

SCF17T)

KA )Folof

2] (2021),
Q% v

=

QLN
=

]—1:1

2
&
5

7))

177)

- 176 -



=
=
=3

—

Z

o}

Randomforest &112]Z 0]
A

AFso® Fdska A8

14, 2k2} Helel AES st ), sols] setle)
st} AgHE A9 s Hesw oe % 473

347 stoly st E A

Algorithm . . .

Name pre processing Preprocessing | Algorithms module Hyperparameter values
. MaxAbsScaler sklearn XGBoostRegress automl tree_method auto

Stacking or —

E bl i i i

nsemble MaxAbsScaler sklearn LightGBMRegres automl min_data_in_| 20
sor eaf

XGBoostRe MaxAbsScaler sklearn XGBoostRegress automl tree_method auto

gressor or —

LightGBM MaxAbsScaler sklearn i“;rgh (GBMRegres automl g?_data_m_l 20
max_features 0.5
min_samples |

RandomFore RandomForestRe caf 0.002863

StandardScaler sklearn sklearn -
stRegressor gressor min_samples
= — | 0.001073
split
n_estimators 25

2.2.2.3 22 F7}

AT MAlE 47449
I

T e, MAES RMSE

o) P
Stend

= Stacking Ensemble® R? 0.918%

Qlom, 1 H=E, XGBoostRegressorZ} 0.915,
LightGBM®] 0.89, RandomForestRegressor7} 0.802] =& Ayzts <

= 710 2=

A2 3 489 7)1, Ensemble E 20|

a- E

o sERE ol 7HE A8 = Ae & AN

i 48 <dadsE B7F Ay

Algorithm Name MAE RMSE R2

Stacking Ensemble 6.931462 9.492528 0.9180315
XGBoostRegressor 6.995154 9.627101 0.9157135
LightGBM 7.777669 10.49587 0.8998283
RandomForestRegressor 10.24548 14.66115 0.8044016
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2.2.3 X" AAE WAEY 2EE v

=

2 54 Al SAdolE o =AW tiRT 0B, el EgARA T

= Adgsiglon, Az ERoAe] 3 QA= E/\] T2 o1, T 5
Al T2 F7F AA AX7F AH LA, ZAR A SHE Aot I FE,
Z%, A% =% 59 84 HlolElE AFgsto] ARSItk & 3]FEA o AR
H mAled-e AutoMLS AFEsF9 o 1594 Stacking Ensemble &,
LGBM, XG Boost regressor, Randomforest®] 4714 R ETES AF-g-3}od,

darelEe] tidt F2d 5= Frlskalat itk Z42e] darejsel AR A
BEd dX, & Al AR dadEd XS 3E 499 2

WA A WA Stacking Ensemble Algorithm< XGbhoostRegressor 3712}
LGBM 1709] A 4714 dagl&ES AREesl o, 252 Scikit Learn¥}
AutoML= 2t} AREsioith dxfgfel AREE AAIYe]l= 2+, Standard
scaler 2} MaxAbsScalers°] €853t}

T HAZ, LightGBMRegressor+ StandardScalerE #*8]2 AFE-3ith,

Al A 2, XGBoostRegressors= StandardScaler& AFg3to] AxglE A
syt

%%, RandomForestRegressori= MaxAbsScalerg ARg-3slo] AA 2 &

Qe
3E 49 ZFAFAZ COgRegression Aol 488 ML ¢+ 2&
. . Preprocessing g
Algorithm Name pre processing module Algorithms module
StandardScaler sklearn XGBoostRegressor automl
. StandardScaler sklearn XGBoostRegressor automl
Stacking Ensemble -
StandardScaler sklearn LightGBMRegressor automl
MaxAbsScaler sklearn XGBoostRegressor automl
LightGBM StandardScaler sklearn LightGBMRegressor automl
XGBoostRegressor StandardScaler sklearn XGBoostRegressor automl
RandomForestRegressor MaxAbsScaler sklearn RandomForestRegressor sklearn
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18 107 A AFEE Voting Algorithm tho]o] 13

72 107 tholo] 1S AT 2ElS AAEHY] 98 Automated MLo] 483t
diole] APd A, 715 AdAYAH, & 7] W Halgde] #st Aol

- galdaa ‘Wind sr_pgd_temp sr_pgd_pml10 sr_galdze_sclar =sr_pg4_humi sr gnldn! Wind

]

Fa

Aggregate feature importance

(=]

@ All dara

1% 108 Topb6 features by their importance

7% 108014 He® maley Folld 7b e RS 7hs, s g
AR, B HlolHE Rago R Fa1, 489 tlojE oA el 671]
5 EYshd, ZAuls  $(sr_galdae_Wind Direction), 2%
(sr_pg4_temp), EZ7- APAZ wAIHA](sr_pgd_pm10), At HUEZE

i)
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(sr_galdae_solar), X7 AFAZ HFX(sr_pgd_humi), HUls ZFF
(sr_galdae_Wind Speed) 9] o2 Jqe F= A & 5 At

I AFAE 9] olaksterA el A9 E38FO] regression =R 2 EALS
71 Al vl AR HES HRItH(ZH 109). Fao] Aol o] ikshet
A7 7V, 8 WEkelM 2= A%, A7 "40174% e o Sk o
ETAMAY 7l E FF0] Aol AEEA s WakelA vigo] &
7d-9-0]al, AFS FEed T2
VSR = o

2 4 g,

)

Feature importance of
st_galdae_Wind Direction
(=]

sr_galdae Wind Direction

of
i\;:

1% 109 Stacking Ensemble MAlgjdo® #8%
COz2te] a3

Feature importance of
r_pgd temp
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sr_pg4_temp

79 110 Stacking Ensemble MAl#gdo =z AHLH 7]
7} COs9e] AF#aAl
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1% 114 Stacking Ensemble WAlgid oz ALw Z£3 CO,
ool A

I AR S ofaksleRiel tigt Az 5 S &
S 2orh(aR 114). mhebd SA 715 wateld] F9lo] 2 ol Absteie
et A Zahe WS Ak S odls] B

2.2.3.2 sto]¥ vty

stols wEprlE = Qe IR Rl Shaa Al7Is e 9] shEsole] A
S WAe Aol glomz Zﬁ%l—:{ 7ol Al A sFeofof SrHTe). 2

Q?id Ensemble 2, LGBM, XG
]/H 7}7} dlog] MEZ 8h53k

=2 13

slo] AleE HA o 7S AHesha
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¥ 50 stoly FEbu]E A

I?llgNO;ﬁle pre processing 512165 roces Algorithms module Hyperparameter values
eta 0.3
gamma 0
max_depth 6
StandardScaler sklearn XGBoostRegre automl max_} caves 0
ssor n_estimators 100
reg_alpha 1.666666667
reg lambda 1.979166667
subsample 0.5
eta 0.5
gamma 0.01
max_depth 8
StandardScaler sklearn XGBoostRegre automl max_.l Caves 0
Stacking ssor n_estimators 50
Ensemble reg_alpha 1.354166667
reg lambda 1.666666667
subsample 1
learning_rate 0.168422632
max_bin 1023
max_depth 9
. min data in leaf 0.003226393
StandardScaler sklearn i‘slsg(l)l rtGBMRegr automl min_split gain 0.736842105
n_estimators 100
num leaves 255
reg_alpha 0
reg lambda 0.75
MaxAbsScaler sklearn zigrrBoostRegre automl tree_method auto
learning_rate 0.168422632
max_bin 1023
max_depth 9
min_data_in leaf 0.003226393
. . min_split_gain 0.736842105
II:/}ghtGB StandardScaler sklearn i‘;f;l rtGBMRegr automl n_estimators 100
num leaves 255
reg_alpha 0
reg lambda 0.75
subsample 0.9
subsample freq 6
colsample bytree 0.9
eta 0.5
gamma 0.01
max_depth 8
XGBoost | . 1 dardScaler sklearn XGBoostRegre |, omi max_leaves 0
Regressor ssor
n_estimators >0
reg alpha 1.354166667
reg_lambda 1.666666667
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subsample

1

tree_method

auto

0.83, LightGBMo] 0.79, RandomForestRegressor”7} 0.522] <=©.

s o = Utk MAES RMSE:E
Tdlo] o

=11
S5

g sl

T ge AR E

g ARt Be A

® 51 daesd g7k A
Algorithm 2
Neoe MAE RMSE R
Stacking 5.644986 | 7.761528 | 0.8522429
Ensemble
LightGBM | 6.007524 | 8.303173 | 0.8309693
XGBoostRegr | ¢ (32258 | 9.069654 | 07979506
€ssor
RandomFores 10.56714 13.97395 0.5213627
tRegressor
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519 7

T

max_features sqrt
RandomF :
orestRegr | MaxAbsScaler sklearn Eandoml:orest sklearn min_samples leaf 0.006151579
essor cgressor min_samples_split 0.000753222
n_estimators 10
2.2.3.3 HAIHYE 24 F7}
ANFAS e HrrE WEste] 47119 d5R e = Stacking Ensemble ]
2 -
= T3 A= oostRegresso
R” = 0.852 7P 9t 28 & 4 9len, 1 H=E, XGBoostRegressor©|

=z A3
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2.3 &4

o] AN AT 2ANETAY AE B GEA A Fd] B
A HolHE #4 o g, BAASL ET ALY o R & FE F
873 vlolel o} mlmaheA, ol Atstekas] MR GFS Tt Qa5 A]E
8 Aol Afslgiek. Qiel delels) U Hlolel, A dolelsfel 1
o soliat 77 mAL Mgl 4% IR Saskslel, @ 94 A
2 4 S 0, OISR & 4, SR, ZARA 1ela ol
X , o, §ha A% E9 5% Awngi

=

T AR 7 AIRE dkel BAIgle] dAsHAl oF 1.5 T
ok U AHA (pm2.5) 8] B, EAlo] 91x]e I AR = wid F
T AUE Ruhs oF Sug/m’ AERE = 4R8I, HEA b 4ug
/m° =A] GRS TE ml AR o] vlwe A= Al XS XS APAE] &
i Bt Qﬂ]éf Hoh= oF 3.5ug/m® & =7 FA8Ha, GuA dii
T 4ug/m’e] Aols FAISI

w5 Blaeld =Ael Q= E- AR Wi B A, dEAETE
°F 5% JE=E WA FAEIUH ololA, 715 W3} tiea flske] g TolEl g}
ol AkstE A Mg o] AHEAE A5 HOH Auto ML #AlEd RES o]&
siGith o534 F4 71t E 874 wihlolE= AAEE AA, Alo|EXE
el vlolHE skt ‘ﬂ%ﬂ%ﬁ*ﬁ% &5k WAl g A=
ds= Bluskal el 7Y 99 A H?l Stacking Ensembles &34
A ATRIA) 2 3 Q49 19 HRlS A5A, s, 18al
AAYZ o] Regression 45 38k th

I A3 AEA oM+ % (srosalty_temp), E3%(sr_salty_Wind_
Gust), s & (sr_salty_humi), 7]19}F( sr_salty_pressure), ZH|A|HA] (sr_
salty_pm2.5 ), AZk(hour) 2] 671 QUA}O] A2 o]Absbebs Wl ko] 71
2 Qs = AL QAsty, 49 Stacking Ensemble ] AR A4 R?

=

=
7 53 Ae 4 4 9o, XGBoostRegressore] 0.88,

ftlo

- 188 -



LightGBM©?]| 0.88, RandomForestRegressor7} 0.662] £ 2 ¥4
FEd tist BrHE S HA L daElFel st AEs E 7 A3

‘Ao’ oM, FE(sro galdae _humi), &% (sr_galdae_Wind Gust),
71%¢  (sr_galdae_pressure), &3 (sr_galdae_Wind Direction), A|%F
(hour), =% (sr_galdae_temp) 2] 67 Q1x}7} o] Xt ebA WAEko] 714 &

2
2ot

TS = A delﬁb—’_ A9-¥ Stacking Ensemble®] R? o] 0.918%
71 93k AS o 4= )91 XGBoostRegressor©] 0.915, Light GBM©]

0.89, RandomForestRegressorﬂ 0.80¢] w07 JA¥A5 stgH g tjst
B %’5]17\1 #HA o duefFel thet A Wd = Atk

TRl CEAS A oM, EAN e B A AR Alefew, A
Zdisze dHolHE AFgsto] AMESE Ay, duiss $ % (sr_galdae_Wind
Direction), <% (sr_pg4_temp), X7 AFAZ vlHWA] (sr_pgd_pm10), &
< Bl E % (sr_galdae_solar), ¥ AFA® 5% (sr_pgd_humi), 2t &
4 (sr_galdae_Wind Speed) 2] <A1 2 67 QA7) o]Abslebs whAlEof 713
= o8rs F o7 Q) A4H Stacking Ensemble?] R?0] 0.85
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FEd tist FrHE SeA HAo dudEs 7 AT wepA &%
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A ol vlsliA Ft 40ppm, il 60ppm F&= =4 SEEUNL, 722
T ARAE 7F AR dskel BAIgle] AAskAl oF 1.5
o} U A A (pm2.5) 2] Blwef|A], TAle] f1x]gt
o+ Adle BHuks oF Suym’ = =4 SAERT, FGEA ] dug/m?
= vebtth v AHA] (pm10) 9] BlaelAE EA el 91235
Tl gy AU Hobke oF 35ugm’ A% = SN, AEA
vl 4pug/m’e] ApolE AT

oloA], 715 W3} t-g-& $I8te] g Ho|E| 9 o] AbslekA Y C] A
A817] 98l Auto ML MAled BES o] 8313it) oI5 %<1 7]t
¥ 34 HdolE= MATE AA, Ate]EXE fefn]gt dlo]E| 2 /33t

N
,ﬂ;grulm

32

AFA A S E3 walyd dags 2l oS 52 vlaskal 15
7H 9473k A3}= B9l Stacking Ensembles a4 #4%5 AaddA7F 52
87 24% getatal, 1 RS HHEA, dds | aEal 2T AP

2" o Al Yol we}t o] Regression BEE O] vl 45 331t

1 Ay, A WA AlEQ] HEEA] AN E 2% (sr_salty_temp), =%
(sr_salty_Wind_Gust), %% (sr_salty_humi), 7]%( sr_salty_pressure),
ZUl A A (sr_salty_pm2.5 ), AlZF(hour) 2] 67 Q1AL =M =2 o]atslebs

WYYl g 2 GFL FE A4S & 5 Uk ol 488 Stacking

Ensemble®] #7591 R o] 0.900.% 714 $538 AL <& 5 glglon,
XGBoostRegressore] 0.88, LightGBM©] 0.88, RandomForestRegressor
7} 0.662] 0% YENHTE o]9f o] QIFAs st RE HUkE FlToEMN
HAo dagse ARE + AdTh

T RA ARIER] Aule’ CdAE,
(sr_galdae_Wind Gust), 719t (sr_galdae_pressure), >
(sr_galdae_Wind Direction), A|ZF(hour), 7] (sr_galdae_temp) 2] 67
A7} olAksbekA AR TP 2 9 = e & AT Stacking
Ensemble®] R?] 009182 7}g 5% g < F 9low,
XGBoostRegressor”} 0.915, LightGBM®] 0.89, RandomForestRegressor”7}
080«1 O R AFA s SRR F7EE]T oo me} /JI¥ AT SR d

e FRgoRA HH9 dueEe 9T 5 Atk
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Al AR ARIEQD A T ARAR] elAs=, EA W] SN ]9
Aoz Ay Azl dlolHE AEsto] ARgst A, Adie FF
(sr_galdae_Wind Direction), &% (sr_pgd_temp), 3Z7 AFAE w]AHA]
(sr_pg4_pml10), Zti& ElSZ%E(sr_galdae_solar), X7 AMAE H&%
(sr_pg4_humi), 2<% 3% (sr_galdae_Wind Speed) 2] =42 670 Q1A}7}
ojAksherA AR T  FEFE T A o® ERIFITE o|n Auto ML
] 4% Stacking Ensemble®] R%0] 0.85% 7} ©4=8F 21& <& 2= glom,
XGBoostRegressor7} 0.83, LightGBM®]| 0.79, RandomForestRegressor
7} 0.529] wo® H7FE A o]of wE} )IF A ShERE BrHE Ao R
A HA Y dugss AEE ATk

AF7HA =23 v & AnfEe] Al Vs oxA S HolHE &8

of| S ATolA &lE 22| Stacking Ensemble

I Fgol A e Fow T|odn
A ATE SEA olatEle A Aol Y=
AE e A=
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Abstract

Smart Park Implementation
through AI modeling and IoT for

Climate Change Response

— Focusing in the case of Seoul Forest Park
and Sorae Ecological Park —

Ph.D. Dissertation

Kwon, Tae Kyung

Interdisciplinary Program in Landscape Architecture
Smart City Global Convergence

Graduate School

Seoul National University

A smart park is a new concept defined as a park that achieves
substantial value using environment—related advanced digital
technologies. In other words, the purpose of smart parks is to
promote effective operation and maintenance by grafting ICT
technology and to enhance user convenience through
environmental improvement. In this study, the smart park is
assumed to be a space for improving the environment in relation
to climate change. For this purpose, the Internet of Things (IoT)
artificial intelligence model was tested to find a suitable
application direction in the future.

Global climate change is leading various efforts to reduce carbon

emissions around the world. Among the various functions of
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urban parks in this era of the climate crisis, heat disaster
prevention and reduction of carbon dioxide and fine dust are
particularly important. Therefore, to consider the response to
climate change as one of the functions of urban parks, previous
studies were reviewed. To analyze the effects, IoT equipment
was manufactured and installed, and data were acquired over a
specific period. Finally, conclusions were drawn through
experiments and analyses with the following two research
objectives.

First, data such as temperature, air quality, and the amount of
walking by visitors in Seoul Forest Park were collected for about
9 months. The number of people who visited the park was
counted and set as a target. The correlation between each
environmental factor was analyzed using artificial intelligence.
Regression analysis was performed with various modeling
algorithms. We focused on the environmental factors (and their
patterns) that showed a high correlation with the number of
people counted through a voting ensemble, which exhibited the
best performance among the modeling methods. As a result,
feature importance was determined for six environmental data
factors: temperature, hour, humidity, month, working day, and
fine dust (PM). Feature importance was measured as the factor
that had the greatest influence on the prediction of the number
of people counted. As an evaluation index, the closer the
coefficient of determination (R?) is to 1, the better the
evaluation of the AI model. The voting ensemble, which had the
highest model evaluation index, yielded the highest R* (0.72).
XGBoostRegressor,  LightGBM, and RandomForestRegressor
produced R? values of 0.70, 0.69, and 0.53, respectively.
Therefore, the voting ensemble model could be considered the

optimal algorithm through the evaluation of the AI —learning
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model. In the future, it is expected that the voting ensemble
machine—learning model identified in this study will be used for
quantitative prediction of the number of people counted by using
environmental data as a management function of the smart park.
Second, this study collected and used heatwave environmental
data from the “reed forest” and “salt wetland” of Sorae
Ecological Park in Incheon. These data were compared with
environmental data such as temperature and humidity collected
from the “POGURO crossroad,” an urban area. In doing so, the
factors affecting the amount of carbon dioxide generated and
differences according to the site were analyzed. As a result, the
carbon dioxide emissions at the “POGURO crossroad” were
measured to be 40 ppm on average and were up to 60 ppm
higher than those at the “salt wetland” of Sorae Ecological
Park. The temperature at the “POGURO crossroad” was
constant and was about 1.5 T higher regardless of the time and
date. Regarding ultrafine dust (PM 2.5), the “POGURO
crossroad,” located in the city center, measured a value about 3
rg/m® higher than that of the average ‘reed forest” and 4pg/m?®
higher than that of the “salt wetland.” Likewise, for fine dust,
the “POGURO crossroad” showed a value about 3.5xg/m®
higher than that of the average ‘reed forest,” and the 4ug/m’
difference compared to the “salt wetland” remained.

To analyze the correlation between environmental data and
carbon dioxide generation in response to climate change, an
AutoML machine learning model was used. By comparing the
prediction performance of each machine learning algorithm
through artificial intelligence analysis and identifying the highly
correlated environmental factors analyzed through the stacking
ensemble, which showed the optimal results. Comparative

analysis by regression modeling was performed by dividing the
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obtained data by those of the the patterns of “salt marsh”
‘reed forest” and POGURO crossroad” .

As a result, in the “salt marsh,” the amount of carbon dioxide
generated was estimated by six factors in descending order:
temperature (sr_salty_temp), gusts (sr_salty_wind_gust), humidity
(sr_salty_humi),  atmospheric  pressure (sr_salty_pressure),
ultrafine dust (sr_salty_pm2.5), and time (hour). The R?
corresponding to the stacking ensemble was the highest (0.90).
XGBoostRegressor, LightGBM, and RandomForestRegressor
vielded R? values of 0.88, 0.88, and 0.66, respectively. Through
evaluation of the AI learning model, it was possible to identify
the optimal algorithm.

In the ‘reed forest,” the six factors of humidity
(sr_galdae_humi), gust (sr_galdae_wind gust), atmospheric
pressure (sr_galdae_pressure), wind direction (sr_galdae_wind
direction), time (hour), and temperature (sr_galdae_temp) had
the greatest effect on carbon dioxide generation in descending
order. The R? of the applied stacking ensemble was the highest
(0.918), followed by those of the XGBoostRegressor (0.915),
LightGBM (0.89), and RandomForestRegressor (0.80).

Because of the limitations for installing environmental sensors in
the downtown area ( “POGURO crossroad” ), data from some
reed forests were used instead. As a result, the reed forest
wind direction (sr_galdae_wind direction), temperature
(sr_pg4_temp), fine dust at the POGURO  crossroad
(sr_pg4_pml10), solar illumination in the reed forest
(sr_galdae_solar),  humidity at the POGURO  crossroad
(sr_pg4_humi), and wind speed in the reed forest
(sr_galdae_wind speed) were the six factors that had the
greatest effect on carbon dioxide generation. Again, the R* of

the applied stacking ensemble was the highest (0.85), followed
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by the XGBoostRegressor (0.83), LightGBM (0.79), and
RandomForestRegressor (0.52).

Therefore, we expect that the optimal stacking ensemble
machine—learning model identified in this study can be used for
the quantitative prediction of carbon dioxide generation. This in
turn could be useful for emission reduction measures based on
environmental data, which could become a disaster prevention
function for smart parks in the future.

Through this study, the economic benefit of an IoT method
based on sensing environmental data was proposed. An optimal
artificial intelligence machine—learning model was designed so
that existing parks could be easily transformed into smart parks,
which will make it possible to provide optimal service through
the accurate prediction of the number of visitors, counted
according to environmental variables. This 1s expected to give
new value to wurban parks by strengthening the disaster
prevention functions of smart parks, including carbon reduction

and heatwave prevention.

Keywords : Smart Park, IoT sensing, Environmental Data,
Artificial Intelligence, Climate Change Adaptation
Student Number : 2019—31781
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