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3.1 ¥ 29 (Deep Learning)

Held(Deep Learning)< 7|9 JAFAAY FXolA 24 5o wWold o

AR&Ste ¢aglES wetth gedoe oY dagso] JAN S
B WEAJ] H A FEREddA AAAE Aot dEAQ dagFere
N ZE2 7 W (Deep Neural Network; DNN), #|3+¥l E=uF Al (Rescricted

Boltzmann Machine; RBM), 34 #4174 % (Covolutional Neural Network;
CNN), 3417 %W (Recurrent Neural Network; RNN), 41412417 W(Deep
Belief Network; DBN), 435 Q-UE<% Z(Deep Q-Networks) s©°] AT} I

K
o

Srivastava (2014)= Dropout A+f3st daug&5s ATFstdEA A3

(Overfitting) =AE 24T 5 A= WHHE At}



3.1.1 A1&2A 7 %4 (Deep Neural Network)
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2l =(input layer)¥}

74 % (Deep Neural Network; DNN)-
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(output layer) Alolel o2]7§e] &Y 3 (hidden layer)
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3313 #Zo] A FHAFHILocal minima)oll WA A #H A ZFH(Global minima)
of =uEstx R g5 Algte]l o8 Ayt A o] th(http://mnemstudio.org).
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oA A Aoy o o5 "olx= AL deth AAE
A AdAgsk=tpell whet o] WA ga
A, 717 WspgFo]l g Zof AFHS FRA R SFATIA Kot A
7F HAa3 95 B3 oA FEe) e sbEX7F BAE A = ‘Vanishing

Gradient Problem’e] A3ttt (o] 24, 2016).
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Hinton & (2006) #gd E=3 wals o]&3] doleE Apdsts:
(pre-training) A1 7112 ASAHNGLE ShFA7I= WHS ueks) W= 3
ARE # <t Dahl & (2013)2 719 ASAA T S5aAolA dF == A}
ole] A4S FANE BFoEM HAG EAE AT + o

TS AletstAdth =3 A3t = Rectified Linear Functiong AM-&3te] &
FAZFS #o]i ‘Vanishing Gradient Problem'®= slZ23 4 A =AUt}

(Nair &, 2010).
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3.1.3 Rectified Linear Unit(ReLU) A &4

71E AT AMRE = FAESE (2" 3619 Sigmoidd7F Ut shA R
Sigmoid¥+ =32 ZAFE 7]&7|7F ol A 7hFA7F AL EA &
‘Vanishing Gradient Problem’©e] #Aystt}, & 7127817 E oA F o2 v
Z o ovinp e27F AdE = glelth ol g ZAAS A f18) Nair
(2010)2 sigmoidd < thal [29 3.6]9 Rectified Linear Unit(ReLU) 27 gt

8 A

oy

fla)= {g re 8 (3.1.4)
RelLU A3+ 4 B14HAHH 029 #S we= 02 AFEsta, 0BT =2

A e ol g e e g 2dE ARE Stk RelU 4T 7%
717F 0%+ 12 ghs5o] 7] wfite] 227k 100% = k¥ ).

Sigmoid&t= RelLU&l=
o (=}
oo w
o o
w w
o [}
= =
~t <
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o o
o o
o o

[29 3.6] Sigmoiddt+<} ReLU% S
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3.2 A43% ARIMA 23

Qe AAY AREES Ae s weh FAF AXa S,
Bare] AXE 5 Aol obd A97h Wik oleld ARE WA ADel e
s, WAAAALE B A WA RAALR wad T

3l
ofof ity AIAALER W&sty] S = AmTE YEtl= 540 wel =

gEHoIAY & AEEIH FHe] A AT=
(Autoregressive) 2} ©] %53 (Moving Average)d &Aool E3tyl ARIMA
RS o] &3 AT (A4, &9, 2009).

WA AAGAR Y, 7F 25 pE 7HAE A7) 3] A (Autoregressive; AR)E 3

AR(p)E weud 1 de= 4 G213 2.

Y, =¢Y, 1+oY, oY, T (3.2.1)
=1+ ¢1B+¢2B2+ ~+¢,B)Y, +¢,
A7IM Y= AALGAROIIL .0y, L, AVIB ARG S B, = Hat
°] 00]aL, ate] g7l WA gtg

(white noise)S W23+ 2 xp8to|t}), T3 0H
X
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tkek ¥V, 7t A & 7HAE ol H i (Moving Average; MA)E3E MA(q)

= wevd a2 FeEe A G229 #uh

Y, =g—0g =0, y— - —0g_, (3.2.2)
= (1-6,B—0,B*~ -+ — 0 B,
AZIA 0,0, - 0,5 ClEBTERGS] Rolty oleHARFL A ¢

eAGES tAHANA eAFom ool mYolrt,
i

AR AAGAREE AV FALE E= o]FH

FAlo] E3sl= A7) 3] 7 o) ¥ 1 (autoregressive moving average; ARMA)

= S A=
mgoz 4T + 9

Y; o ¢1Y;—1+¢2Y;—2+ +¢p)/;f—p (3.2.3)
e 0l — Os6pgi— <+ — 02

ol21gk ARMA R &o] HAGAAL 4 o, ARMA R3] A&

ot
o
ot

= ARIMA R &oletal gt} 4] (3.24) AHEAAAE vl gk 2ol

VY, =01-BY,=Y,—-Y,_,, (3.2.4)
VY, = (1-DBPY,=(1-2B+B)Y,
=Y, -2Y, ,tY, .,
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=, A dde Azl A AR ARnE wE A o o2 A
T2 AAAAE ]l 2 W 74A Fhot

AMALEA RS 542 Ao Azt A R ome] Al 2w
ZHA AL QQtkE Aotk =, AIREY] sFel weEl AAIGAREC] AR EFo]
oy o]zl B¢ AALAEE AVGAAAE TR g o 7]A
ACF= Alrbell whe dad=s dehlz] sls) 4 (G259 ArlsEates
(autocovariance  functiom)Yt 21 (3.26)2] #7144 A S (autocorrelation

function)& 2| ] gk}

Ll

Cou(Y, Y, t+k)

=Cm(Y,Y. )=
P (t \ \/Var ) Var( Hk)

, (3.2.6)

A4 Ve tAddAe AAL AT ki AR, (Y, Y, )E Y%

)= El(Y; —p)(Y, —p)] (3.2.7)

53] 919 4 B2DAAE ol AATE 02 W A4S FRAFEE VA

ME
2

I gorw tha A G283 22 dAV de= & ¢ vk

)
pp=—. (32.8)

%
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PACFE HEA7]173#3h

vob v, , o #dds ddd o F&sHA AHEE= A Fold. PACF=
%]

(partial autocovariance function)® ACF2} #o]

&

Yo Yo ”")€+k717};+k7} #SEAS Yipp oo ’};+k7194 avE wAs

EAAE Wol Y9 v, whe] w4e ARpAE gehdd, 22 A7

K

olebm sha 9 EAE WA Fo Xo} YAbole] REATAFE e 4

(3.29)¢F 2.

(3.2.9)

o = H[X-EX|2)][Y-E(Y|Z)]}

VIX-EX12)]Yy-E(Y|2)

AR(p) 23 Y W, ACF= A7 AZSFE AFHoz 743sa PACF=
ANz} polFo &= 00 77k #HES 7HAY [29 3.7]2 AR(1) 2¥e ACF
9} PACF9] o242 ot} ACFE A FHoz2 7ZAE a1 PACFE A

ACF of AR(1) PACF of AR(1)

10

05
|
05
!

ACF

00
PACF
00

-1.0
-1.0

Lag Lag
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E3 MA(g) 23849 W= AR(g) 2E ¥

Bt = ACE7F gA1& o5 0

oliL PACF= AA7F AdFE A5z oz 3add. & 5o, MAQ) 29
°] ACF¢ PACF= [ZL9 38]3 2t ACFe= AFA oz Zasta 9lal

ACF of MA(1)

10

ACF
00

-05

-1.0

uebA, ACFeF PACFE= R¥e A2

ot (A4, &9, 2009).

Lag

PACF

0.5

0.0

-05

-1.0
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®(B*)(1—B)"Y, =5+ 0(B%)g,,
&(B*)=(1—-®,B'—P,B*— -+ —$,B™), (3.2.10)
O(B)=(1-6,B"~0,B"~ - —0,BY),

rr

047]Ai @1;@2; toe 7¢P9]‘ 817@2, © O 7@@"1_:4 E‘}[:o]:ﬂ- 5}1_:4 01?]_;(6] ;_]_— 7"”@%7], 6
B2y B, D AL AL Foltt
SHAE ARIMA E3@olgt AAGAS ¢ 7F 9 FFola 2] (3213 %

d(B)®(B°)1—B)?(1— B)'Y, =5+6(B)O(B*)e,, (3.2.11)
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o 9w AA Al obd, AAFE /13 F A AAFL 10002 A
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q
= Sol [ 421 A0l Aol gia velw 74 A5e] Aol

= 2015
9 69 20U5FH 79 5A7HA o F Foll 699 A= 290, 6€9 d F

= 30 ol7] WEel 25 30°% o]l I Fol sk

ol o] S wIkth 1 ¥ dEE Uy gES u gilE H(E 4.2]9
Transformed value)= €49 HAAF 252 ALE3)

[ 4.2] 7F=A] o 4ol vigk ¢ (2015 6¢ ~2015 74)

a b
Month Period Days ] axb Iransformed
Weighted | Keyword value
rate value
06/01 ~06/07 7 7/30 52 12.13
20154 | 06/08~06/14 | 7 | 7/30 59 | 1377 | AT
+14.93
64 06/15~06/21 7 7/30 64 14.93 15.63+4.67
(30) | 06/22~06/28 7 7/30 67 15.63 6113
06/29 ~07/05 2 2/30 70 4.67
06/29 ~07/05 5 5/31 70 11.29
20154 | 07/06~07/12 | 7 | 7/31 7a | em | Heren
+14.90+16.26
74 07/13~07/19 7 7/31 66 14.90 1493
(31) | 07/20~07/26 7 7/31 72 16.26 _7339
07/27~08/02 5 5/31 63 14.23
2015 | 07/27~08/02 2 2/30 63 4.20
84
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[# 43] 281" ¥ RMSE : A % ~xx

A L Ax=
hidden layer W& A] g 3l
Dropout_input
Dropout_hidden 50 100 150 200
50-50-50
0.2 34,978.03 33,368.95 37,295.62 34,616.37
0.5-0.5-0.5
100-100-100
0.2 35,221.18 41,336.89 34,099.66 34,186.72
0.5-0.5-0.5
50-50-50
0 32,767.78 31,384.58 36,400.36 29,503.69
0.5-0.5-0.5
100-100-100
0 35,320.88 35,088.11 32,525.29 31,580.25
0.5-0.5-0.5
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hidden layer

Dropout_input
Dropout_hidden 50 100 150 200
50-50-50
0.2 64,715.10 54,079.74 52,829.94 54,627.35
0.5-0.5-0.5
100-100-100
0.2 59,676.67 53,604.78 53,363.84 50,411.36
0.5-0.5-0.5
50-50-50
0 52,935.42 55,700.42 52,335.70 54,118.23
0.5-0.5-0.5
100-100-100
0 51,968.69 56,667.59 50,847.84 52,429.84
0.5-0.5-0.5
[3 45] HAE Held 239 Aoyl tig 459
A 2 sy g R A
RMSE 51,290.79 159,932.7
MAE 44.014.02 126,505.2
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Fred 08 4 (4237 2o Folwr

AIC =2k—2In(L), (4.2.3)
BIC = —2InL+kIn(n),

A71q Le mEe HugEsoln, ke 2AE mio A5
dolE ¢ Folth. AICS BICE o] o %845 wdo] o A ona

.

[3% 46] 94 L 2x=

A 2 Ay AIC BIC RMSE
ARIMA(1,1,1)(1,1,0),, 3.36 13.04 31,966.61
ARIMA(0,1,1)(0,1,1),, 3.66 15.61 31,942.74
ARIMA(0,1,1)(1,1,0),, 6.13 13.39 36,083.78
ARIMA(1,1,0)(0,1,0),, 18.43 23.26 34,035.05

(£ 47] 794 2 B

FF L B AIC BIC RMSE
ARIMA(0,1,1)(0,1,1),, -151.42 -144.16 18,817.04
ARIMA(0,1,1)(0,1,0),, -144.16 -139.32 20,058.99
ARIMA(1,1,0)(0,1,0),, -138.7 -133.86 19,877.61
ARIMA(1,1,1)(0,1,1),, -149.44 -139.76 21,736.65

(% 46]% [% 4719 Z¥ % AIC, BICS RMSEZF 714 @& gy s
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ABSTRACT

Forecasting the number of tourists in Jeju Island

using Deep learning Algorithm

Choi, Min Jung
Dept. of Applied Statistics
The Graduate School

Hanyang University

Forecasting the number of local tourists has a great impact on economic
effects such as production and employment inducement in the region.
Especially, the tourism industry in Jeju Island accounts for 70% of the
entire industry. Thus forecasting the number of tourists in Jeju Island is
an 1important research that can be used as a good basis for the
development of tourism industry in Jeju Island. However, there are
limitations to satisfy various assumptions such as stationary when using
the time series model which is mainly used for forecasting tourism
demand.

In this thesis, deep learning algorithm, which shows superior performance
in various fields such as image recognition, voice recognition, and natural
language processing, is used to forecast the number of tourists in Jeju

Island by travel purpose. In addition, internet search data which is being
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studied in many fields recently is used as a predictor of the number of
tourists in Jeju Island. For this purpose, we adopt the Naver which is the
largest search site in korea. Deep Neural Network(DNN) among the deep
leargning algorithms is used in this thesis. In order to solve the
disadvantages of DNN, the ReLu function and dropout normalization is
applied to DNN. Also, to confirm the predictive power of the deep learning
algorithm, it is compared with seasonal ARIMA model. The data used for
the analysis is from January 2007 to July 2016. The analysis shows that
the deep learning model using internet search data is similar to or better

than the seasonal ARIMA model.
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