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O OF
H o QY EfF A2 E o Zd=d AF_EE Holt-Winters, FARIMA, AR-GARCH 23& =g
AEo ALt 4 2yg *é%% vl et n A} steh. 2 AAE 2ol o] Ak, EEHJJ Zt59] 549 37

719 542 Agsted 4%

r;%'

32 Qoluy] 95 A4 2a)g Ard] 4850l 3 45 ulwatch

ZFR20: Ecf=l, A7|7]91, Holt-Winters, FARIMA, AR-GARCH.

1. ME

AR AU AL GRFOE Aol BE FofollA] 7B 7180 H+= dFEs st gty o]
3t o] wet AEHle] FRAe] AR glen ole TA ARIAINA Slo] EFEY A= 82
St EAIZF H gtk o]H 3 270 gl B2 AFAEe] JAHY EfFY BEAQ 437 9
< 98 tdst e AFek QL FAA HER =95 ARgst gtk ¢4 Basu F
(1 ]—7]:9:]—‘;’1(Autoregresswe) 23E =439,

996) 2 WAL DHIE S} ARE S
Shu 5 (2005)2 AZ3 ARIMAE o]&3le] A EgiEE o&3Fdt). T3k Tikunove}l Nishimura
(2007)2 Holt-Winters®] WS o]&3to] 2uld Eg 285 01]"3}210111] Kim (2007)< Engle
(1982)¢] AQkst 23] o] 2 4Hd (ARCH; Autoregressive Conditional Heteroskedasticity) 232
o]&s].o:] Egﬂrﬂ x].e,‘:‘; oﬂzs}&_;ﬂ 0101 AR u%ﬂirjr /\L‘:O] _C,’_:‘,‘_%LE Ecdr/]. T3l Liu & (1999)t
FARIMA (Fractional Autoregresswe Integrated Moving Average) 282 o] &3t EFI L o =3}
ok B ATANE AAD AR E oSt ol Wol AHBE L FE-SAEls WD 71719 54
2 A9F 4 g FARIMA 9, 249) o244 € 48T 5 9k GARCH 23 olgalel =o)
o] o5 452 Hlastazt :l"’/}.

Al
gl
el

2. AMAIE 22| 40
2.1. Short-memory?2} Long-memory

A NALD A5 X, 9] kA 2] ACF (AutoCorrelation Function) pi 7} T3} o] gro] 53+ wj A]
AL A5 X = @] 719 (Short Memory)& Zt=t}al S}

> lpxl < oo (2.1)
k=0

o] &2 201089 AR (25Hr|ET) Ador FmdAFA e AAE Lol 34 7]
2010-0010237).
LR A AL (156-756) A&Al T2 SAS 221, 9 3tw S48}, 24, E-mail: sahm@cau.ac.kr
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ek AAE A8 X, 9] kAAFS] ACF pr 7} th23F o] go] §3tehr] o AAE A8 X,
7]1<} (Long Memory)E Zr=tlal s}

rlr
X,
N

Aoz JdUY =9 AuE 47 7199 4L AL Ao GeA Ak

2.2. EE-2HA K|+ HE(Holt-Winters exponentail smoothing) 2

Holt-Winters (1960)] %% AlZ@X4=% & (multiplicative seasonal exponential smoothing)<

HoltE] olF Eg AeHEHE SN PHORE A5H AAGe] APFALY sHE AT
< vERd o H83h= W olth. EE-YUE 2 (Holt-Winters) 9] 5% AZAF+BEY2 v} 2o

7‘]71]@‘ o] A7EA] A& =343, FA4 182 ﬁ]xqﬂg FEA 712 Al e AT &Aoo R

FAE S @A ARl ndd Aol N £ 53 Fopd o3t 2o
Fn+l = (an—i—bnl) Sn+l7L, l = 1,2,.“7[/. (23)
Al (2.3)00A A 24 F and THAER, e FAALR, Sna AZGENL it 22 Aor F

ojdr.

n
an = «

~+ (1—a)(an—1+bnt1),
bn = B(an — an—1) + (1 = B) b1,

Zn
Sp = 'Ya* + (1 - ’Y) Sn—L,

A7NA Zn& FAAE AR 0laL, L ARBARY 2ol a, B, v BE4TE HERITh

2.3. FARIMA 2%

Fractional ARIMA(FARIMA):= %2 ARIMA(p,d,q) 289 dZE 024 d7} AA57) ofd A5s
1A= maolth. FARIMA (p,d,q)ol thal AAIQ X, t}-g7} 2ol Aej=r}.

®(B)AYX; = O(B)ay, (2.4)
o17)1A) a = WG 7 FARIMA B89] BAAS 95l d € (—0.5,0.5) 0],

®(B)=1—¢1B = ¢poB> — - — ¢, BP
@(3)21—91B29232_..._9q3q

th 3 po} g 2o ofd Ao, B TR AR backward-shift operator) o], A= R4}
A AR} (fractional differencing operator) @ T3 Zro] Ao H .

M o

AT=(1-B) =Y = (Z) (—B)*. (2.5)

7ok d = 009, FARIMA(p, d, q) 282 942 ARMA(p, q) 23 0] Bt} o]7]A B4 dE Hurst
Bag 2AToRN T+ glon, AAZ H =d+ 059 FA7F ok 3 He gho] 10 717-%
W 73 3717)9 54 7HRch
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2.4. GARCH 2%

GARCH 232 9xjo] Hito] 7|3l AA oz Wshe 2748 o]Rit 273 7AR
Qukshd 2P0 2 GARCH(p,q) E¥2 th¥) 2tk

ot
o
>
=
e
jus)
o
ot
o

€t|Wi—1 ~ N (0, hy)

q p
Var (€:|U—1) = ht = ao + Zaﬁf—i + Zﬁihtﬂ'

i=1 i=1

= ao+ A(L)e; + B(L)hs, (2.6)

A7IA A(L) = onL + a2l® + --- + agL9, B(L) = f1L + BoL® + -+ 4 BpLPOlI, ag > 0, a; >
0(i=1,2,...,q), i > 0(i=1,2,...,q), p > 0, ¢ > 0°]th. GARCH(p,q) 1?_53‘_ ZAR Bt
o] A1t AlHY #4E AFAYFH AT A 24F T*u APAFer #FPS &+ Aok
p = 00| GARCH(p,q) 282 ARCH(¢)Z& &4Hth = ¢ = 0°]"W GARCH(p,q) 282
e~ WN (0,a0)7F S o] 2213e] F4ke] g2 dA4% 5 O]v‘i‘—’t"o"] AR Al Tt

GARCH(p, )= ARCH(co)2 E33 4 9l=t] ARCH(c0) 23S 527} U AX 28| oF & =
F7F WobA vlagAoltt. A 22 onE 7= GARCH(p,¢q) 232 ©l&std A& s 2
TE ol&3te] 41 7Fsstt

(

3. Q30| M5 24 2}
B =2l o83 AR 6709 T vl LA B2 ARE 127] EAA AR Fa e
AU Efd A=A Dingdei} Guangmin (2009)°] Ak&s}giu} g 5 d9E EAE EF
2 opolo], A BAG AR ARt 37 A7 86470 T 374e) ARE ALEFATh o] A
http.//Www.cs.utexas.edu/usersyzhang/research/AblleneTM/Oﬂfﬂ o W 4 k. o]#]d Wy
o 73 Azl s T 2L HOE We WAt BaE 2T,

X

= log ( i ) . X =2t — Zy_oss. (3.1)
Xi—1

3% 3.1,3.3,3.5v AR5 AAYE 2o, 19 3.2, 34, 36° A (3.1 2oz 2 A
St Y, o] AlAIE 2elth 34wyl 9o FARIMA BN 4 dE FAH U F, ARMAR
BE o]&3to po} ¢ FASULE 2 A AR 1A= ARMA(l,l o] AdElgglon, 28 29}
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Az ZE-gH2~ FARIMA

@ B b1 ®2 3 04 d 01
28 1 0.03 0.40 0.0344 —0.0405 —0.0215 - 0.4472 -
28 2 0.03 0.23 0.3815 - - - 0.3188 0.0667
A8 3 0.02 0.28 0.5631 —0.1654 0.0982 —0.1668 0.4657 0.4670

f

3.2. AR-GARCH 2% =73 23t

AR-GARCH
A5
1 2 ®3 ¢4 o a1 B1
25 1 —0.5276 —0.1379 —0.1696 - 0.0151 0.1659 0.6056
g 2 —0.5931 —0.0463 —0.0272 —0.0826 0.0214 0.2044 0.3210
22 3 —0.4594 —0.0183 —0.1644 - 0.0189 0.3146 0.3046

T 3.3. FARIMA-GARCH 2% =X A1}

FARIMA-GARCH

A5

d ¢1 ®2 o o1 B1
25 1 0.0344 - - 0.0145 0.1374 0.6309
25 2 0.3815 —0.2805 - 0.0353 0.2023 -
A5 3 0.5631 0.0266 0.1166 0.0189 0.3691 0.2684
i 3.4. 2} 290 I} RMSE
ZTE-YHA FARIMA AR-GARCH FARIMA-GARCH
g 1 0.2977 0.2495 0.2567 0.2499
25 2 0.2389 0.2096 0.2109 0.2098
25 3 0.2547 0.2165 0.2194 0.2217

304 ARMA(L,0)¢] A==t EE-YE]~ (Holt-Winters) ¥WHHNAE a8} Soll thafl 0.015%F
0.997}#] 0.01% Z=7}A]# RMSE = (\/I/n S (X — X3)2) 7k AP A gro g 2Asg o AR-
GARCHOA = 24 A4 AFFATFS ol &35tk FARIMA-GARCH 2 3ojxE FARIMA<}
AR E 4 dE £33 T ARIMA-GARCH 23S o83t B4g FA 330

# 3.1904 ¥ 3.32 FARIMA, EE-9E A (Holt-Winters), AR-GARCH, FARIMA-GARCH =3
of tigt B 34 Aoty 74 FAXE B BE £ 3o] 24 ¥ A 248 wEFAL 9
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t FARIMA-GARCH R 3oA 27|37 o] #d" 249 471 FARIMAS AR-

® 34+ 7 2o 4 Z3o] u2 RMSE(Root Mean Square Error)o|t}. &73¥ RMSEE R4
FARIMA®| RMSEZ} 7} 2o} FARIMA WHH9] ol x7F 718 2] veht Edjge] B4 A
Hohedl Qo] 7P Agst 2o R et FARIMA-GARCH EdoA < Ak5 13 A5 294+
RMSES] gto] FARIMASE 2 2|8 Ho|1 914 ghor} A5 3ol Ae Aol Holw gt Aoz
257e=4

29k ohz 7] 719 54 A1 dei7 sl
A7) SE-YUE 2 (Holt-Winters) Y, 47] 719 SA4S Ay
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g FARIMA-GARCH R o]83sto] AA| Atz Al Hatrh. 1 A3} A8 13} 45 2004+
FARIMA 233} FARIMA-GARCH 239] #go] ¢4 3lglon, x8 394+ FARIMA 23 o]
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Abstract
In this paper, we compare performance of three models. The Holt-Winters, FARIMA and ARGARCH
models, are used in predicting internet traffic data for analysis of traffic characteristics. We first introduce
the time series models and apply them to real traffic data to forecast. Finally, we examine which model is

the most suitable for explaining the long memory, the characteristics of the traffic material, and compare
the respective prediction performance of the models.
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