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TAFY 28 2 FEe T AGAANA QoA W F2d d F9 etk HE
off ATl H&3e EdfFo] 53t Utk ofol 483t BT AP Aol & &
A ¥4& AN vIENZ Ed2 FAH EAHE TR AFAE e AF 71HY 7t
A3 27 Atk FAA & /1Mo g EA7MA F GBI A & ARIMA 2 ¥ (Box g}
Jenkins, 1976)0] g1e™ o] 7|YE& Fdt] A Eop B2 AAL AEES A3 4
382 Aot 53] AR A Bt FATY AR Lol WA &HF L 7t
3k QI8 Yl @ wlol@l 2, DoS(Denial of Service) Hlol#E A £-& 7)o &X 3= Lolo
TS AAYE BFo] HLE = A& £, Hellerstein 5(2001)-2 ARE ¥ & 0|83t o4
EH Y 22782 A 2EE T Kim $(2005)% o] & BHA|A ARCHE H S A 3ato o
4 EHY 27 EE MRty /1€ AREJED $538 A EHolAE 53 R
F3oh 9 olFEA EHH Y o5 Hdte Shu 5(2005)2 AEP ARIMARF S o
£3l] GSM(Global System for Mobile) EZ| ®8-& o] & 3ttt B oA EYF E
2] E&H &S A5t 4 AP ANAE P S 475t AA A5 E o] &3
o AP AALE 2P A Y5ulLE AT G714 v T A AE ZFo] Y A A
d RPH} g5 $54E HoluA} Fiot.

2. AAHIE 2

HA 71&9 Ay AAL EFAA AR(p) R8-S

o] AlZtel mpe} F AR k= AU v P AALE
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2.1. AR(Autoregressive) 2

Box-Jenkins(1976) 7} A ¢+3F ARMA 239 4%< AR(p) RH-2 AJAY & 12 o]A A
A ANALR FAAYD R0tk AR(p) RF-2 tha Zo] F "t

P
=Z¢iyt—i+€t’ t=1,2,...,n (2.1)
=1

Q71 €, ~ iid (0,0%) ©1 1, y, = %A (weak stationarity) 2 AL BHEdE A4 Al

AL olet 7Hg Bt

2.2. ARCH(Autoregressive Conditional Hetroscadastic) 23

ARCH 232 2 212] B4te] 7] 3| A 08 ¥t o] 4] B3 2 2 Engel(1982)0]
g8 A& AAE Q2w AR(2) ZHl 2A% ARCH(p) 232 o+ 2o

Yy = ¢1yt—l+¢2yt—2+€t’
. Vhe,, t=12,...,n, e, ~ id N(O, 1), (2.2)
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2.3. GARCH(Generalized ARCH) @9

GARCH 232 242 #4ko] 27] 3|AF o2 Wst= ARCH B39 dulsid 29
2 2 Bollerslev(1986)cf] o3 AAIE 2 AR(2) Z¥o) ZA3 GARCH(p,q) 23
o= 2o
Yy = ¢1y:—1 + ¢2y:—2 +€,,
€, = \/h_tet, t=1,2,...,n, e, ~ id N(0,1), (2.3)

h, = « +Za,e l+Zﬂht1

A7 o, >0, o, >0, 6,>0, 10 o, 4+ 37, B, <lolth

o

GARCH 232 E4% 73$9 GARCH(1,1) 282 t-23} 2t}

h, = o +alet Lt Bh_,.
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2.4. IGARCH(Integrated GARCH) 23

GARCH 2 ¥ M & A&7t B34 (stationarity) & THEA] A of 3t} Ak o] 27 9
HEE A REI A (24)% T2 F7H 2 o &9 Z(unit root) S A= ZF I F
ALEHA T2 22 REE AAE 4

P
Za—i—

Mc

B, =1 (2.4)
i=1 j=1
AR(2) 28] &A% IGARCH(p,q) 2¥2 th53} 2t}
Yo = Y, + Y., FE,
e, = he, , t=12,...,n, e, ~ iid N(0,1), (2.5)

h, = a+Zae +§:ﬁhtJ

4714

P q
a, >0, ¥ o +Y B =1
i=1 =1

o]t} IGARCH 239 S48 79 IGARCH(L,1) 28-< tha3 2t}

h, =q, +a, €
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+G6,h,_,, o, +6, =1

3. X2 84

2 AFdAE F7 B 71 dFAA AFHS AAFE A5(2004d 114, 37 F)
£ 7}A3 ARIMA, ARCH, GARCH, IGARCH 288 A% ARtk #EAHo| 7zt
99187021 321G 9] AEE log WH T 14} AR5 HAEAAE RF o= HEAsUTY B
Yol 4% WLE Aot WA Z2te) 2] el A2 ABHE ol8je] 248 233
Atk A4 991870 %5 976270 &= W ATl AHESHI L Uw A 1567 )52 B2
ol B 7] $13) A3t =3 4] (3.1)3% 2] RMSE(root mean squared error)& ©]-&
3t RFo) & A= F Alastgdct A & 23 gholH z; = log(ye/yi—1)°1h

_ iy PRy _
RMSE = J - ;(z £,)?, n=156. (3.1)
£ 3194+ 2 239 By FAAE BAF I JI, & 3.20014 7+ 23] RMSEE
Ho 23 9t} & 3.29 23S By 7|29 AR(2) 282 BAY EfPE &=y
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AR(2) AR(2)-ARCH(1)
$1 b2 o o1 B1 1 2 @ a1 B
A31 | —0.3692 -—0.2468 —0.6513 -0.3111 0.0160 0.8908
A82 | —0.3641 —0.2578 —0.5570 —0.4243 0.0097 1.6476
83 | —-0.1977 —0.2048 -0.7239 —-0.2394 0.0035 3.2108
AR(2)-GARCH(1,1) AR(2)}-IGARCH(L,1)
¢1 2 ag ay B1 b1 P2 ao ai B1
71 | —0.6713 —0.3063 0.0000 0.1068 0.8625 | —0.6727 —0.3042 0.0000 0.0838 0.9162
A82 | -0.6343 —0.3112 0.0000 0.1077 0.8507 | —0.6373 —0.2984 0.0000 0.1161 0.8839
Zg3 | -0.7747 —0.2094 0.0000 0.1175 0.8631 | —0.7792 —0.2037 0.0000 0.0789 0.9211

E 3.2: RMSE 3

| ARIMA(2,1,1) | AR(2)-ARCH(1) | AR(2)-GARCH(1,1) | AR(2)-IGARCH(1,1)

251 0.3141 0.3189 0.3117 0.3115
52 0.1946 0.1499 0.1464 0.1463
A3 0.0332 0.0042 0.0034 0.0034

QoA thE HINPEYPHY ¢8R REE & —’F ATk Al Eotd 2 Ao TE4A 7t
o] dAHo|x Rt mpebA o] AN S HEE B0l 5 ARET H b T
4 9T}, ol 2414 % §ol A= ARCHE @M ¢} GARCH £ % o} IGARCH £ 3o
A%=7} RMSE 71202 ¥ of $53itha & 4 gled GARCH 23] S44 ARCH
|
o]

2¥80 § Be 547 9250 Beb) ARCH R8T 4980 522 47 28 8
4 Slth ob2# a; + 419 gl BF 1o %A te3 vl IGARCH 50| o $4
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E AFodME 2o g2 #AE A Qe FAT EAY AR o &2 §5o 7
29 43 NALEH tjEo] ARCH, GARCH, IGARCH 238 & 473ty 2¥9 o=
o] H5& AAASE B3t Bla st B gtrh Feng $(2001)2 ARMAX/GARCH 23
o] 7129 multi-fractal wavelet EFHT} 9] AL 7} =22 HY =y B A=
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Time Series Models for Performance Evaluation of

Network Traffic Forecasting®

S. KimY

ABSTRACT

The time series models have been used to analyze and predict the network traffic.
In this paper, we compare the performance of the time series models for prediction
of network traffic. The feasibility study showed that a class of nonlinear time series
models can be outperformed than the linear time series models to predict the network
traffic.

Keywords: Time series models, network traffic, forecasting.
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