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EMD based hybrid models to forecast the KOSPI
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Abstract

The paper considers a hybrid model to analyze and forecast time series data based on an empirical mode
decomposition (EMD) that accommodates complex characteristics of time series such as nonstationarity and
nonlinearity. We aggregate IMFs using the concept of cumulative energy to improve the interpretability of
intrinsic mode functions (IMFs) from EMD. We forecast aggregated IMFs and residue with a hybrid model
that combines the ARIMA model and an exponential smoothing method (ETS). The proposed method is
applied to forecast KOSPI time series and is compared to traditional forecast models. Aggregated IMFs
and residue provide a convenience to interpret the short, medium and long term dynamics of the KOSPI. It
is also observed that the hybrid model with ARIMA and ETS is superior to traditional and other types of
hybrid models.

Keywords: intrinsic mode function, exponential smoothing method, ARIMA model, nonstationary model,

nonlinear model
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2 =FdAe AAE A5l W=zd vZ3 A8 ujdd g 22 EPA8e EH0R bR A &
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2.1. ARIMA 23

A o] A AL (z)S 7]'7]ﬂ?1ﬂ($t 1,Ti2,...) B 229 o] FBFH(er,60-1,...)8 AFAFORZ
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Yye=00+d1yt—1+ -+ SpYt—p + et — 161 — - — Oget—g, (2.1)
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%, g oI5 AU A4S Ve,
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(6) 4% h7b IMF 242 58t imfy = b2 7L, 48 hot IMF 238 53HA] oo s
(1)-(5)9 H4& th=9 HA 27 (stopping rule)o] THEE wj7t=] vt

h(l h(Z 1)
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B2 AFoAE olgfe /I IMFEE d&3k: o8-S 53] fste] ME IMFE 153lehe W
W Ltk Ao IMFE2 F A9 25 (2Fskse 253 AFske 25)22 276t 33t
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imfsy " = 3 imf}”, (3.1)
i=1
it = 3° i o
AAL we TR 2ol £88 £ slek,
xp = imfs} 9" 4 imfs{® + 7. (3.3)

w2 Kim 5 (2008)14 7R FAGA AGE ALgdto] ASRReH, FAeliAe] Hsheo] 7}
&2 IMFS S8 m™ 2 2As 3tk kAR IMF7EA 9] =3 A] By o] Aol thaat 2o,
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1
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Mz| M=

s

e w(t, s)= ATk toll A s AR IMFQ] imf{”) o] %7472 Z (instantaneous amplitude) S VFERAITY.
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Figure 4.1. Time series plot for KOSPI from July 1, 2010 to July 31, 2015.
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Figure 4.2. IMF1-IMF5 extracted from empirical mode decomposition (EMD).
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Figure 4.3. IMF6, IMF7 and residue extracted from empirical mode decomposition (EMD).

Table 4.1. Variances and mean periods of IMFs and residue

Components Variance Variance as % of the observed Mean period

Observed 11358.92 1.00 NA!
IMF1 103.50 0.01 3.05
IMF2 181.51 0.02 6.85
IMF3 334.31 0.03 15.84
IMF4 1074.35 0.09 37.56
IMF5 1791.76 0.16 84.50
IMF6 6731.09 0.59 202.80
IMF7 929.55 0.08 507.00

Residue 1001.72 0.09 NA

L. NA denotes not applicable.
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Figure 4.4. Scree plot for cumulative energy of IMFs.

Table 4.2. Variances and mean periods of aggregated IMFs and residue

Components Variance Variance as % of the observed Mean period
Observed 11358.92 1.00 NA!
Agg. high freq. IMFs 3228.80 0.28 3.86
Agg. low freq. IMFs 7943.44 0.70 202.80
Residue 1001.72 0.09 NA
L. NA denotes not applicable.
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Figure 4.5. Time series plots of original series, aggregated IMFs and residue.
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(1-1) EMD + ARIMA 23: EMDo|| 28 IMF$} residue® ARIMA 233} 9 o238 & RE o
ZXE dsto] AAALY ASAE Fok= .

(1-2) EMD + ETS 23: EMDe|| 9] IMF$} residued ETS 233} % o 5a & BE o E5AE
ko] AAAIGY IEXE ks .

(1-3) EMD + ARIMA + ETS 23: EMDe] ¢]3t IMF 2} residue® Z-Zt ARIMA ¥ ETS 23 3}s}
I 47 5T T, BE JSAE Hoto] AAA LY ASFAE Foks Y.

CD

o2 e 5% IMFES ©]83td dl&she th29l 37k4 WS adeisitt. o, 534 IMF
/3= EMD S ageEMDE EA|317] & 3t}

e

A

(2-1) aggEMD + ARIMA 23: EMDo|| &3 IMFE& U Faret AFoee] & 1502 I53}
st &, 25319 IMF9} residueE ARIMA 233} Y oS53 &, BE oS4 & tsto] AAE
o] AEAE Fohe Y.
(2-2) aggEMD + ETS 23&: EMD| g3t IMFEE 139 Axasy F a8z 1833
, 253 IMF&} residue® ETS 233} 2 |53 §, BE o SAE tsto] YAALY 9
A5 Foke .
(2-3) aggEMD + ARIMA + ETS 23: EMDo] 93 IMFES 15309 AF4 & 1808
28338 & 253" IMF$} residueE 22 ARIMA 2 ETS 233sla 24z |23 3, 2
T ASAE Hot] dAALY ASAE Foh= .

_9.

=
L

A ol

3 ol AE 674 EFRFL ALl ARIMA 2 ETS 28L& Iz 383 23l v
it 7z m3o] R Y3l 2 o Z2 RO forecast 3712 9] auto.arima( ) L ets( ) LS o] 2319

o lo kI M

o, n]e) @Il’ |Ao] W2 2o &3S =o]7] 95te] ARIMA @ ETS 289 x4 2l nsE
ks

< 8719 ﬁxg_‘?ﬁéé o thgk A=
—;.1 olef of Soll thek th=at 22

NI

ASE vasr] st BEE 71719 AE(p = 40)E o] &35}o]
FF o293 A7 JF = AXsHATE

(@ern = Zeen(t)*

RMSE(h) = .

, 1<h<20. (4.1)

_
3
3
i
L

t=n

& Gepn(t)= tAHAA 20459 ASAE ulsict. HF oS24 Uk (mean absolute forecast
error; MAE) & AME S 5 oy BE 9ol glojA RMSE®] <3 Aol 5U% Axhs HojFg)
ouv g gt}

Table 4.3 ¥ Figure 4.691A4 & 4 & AAH, AY BE AHY oS4 aggEMD + ARIMA
+ ETS B¥o] 7V} 948 Ao HAFgth &, 35417 o532 A9, dAz 215349 IMFE
o] &3t =3 RPESo] ¢538 AS5HE 7 Utk aggEMD + ARIMA 239 A%, aggEMD +
ARIMA + ETS 233} §A3 o]&8& 23k EMD| 93 IMFE 5@glo] a2 o] 43 &%
23o] A9 A5FEY(ETS)S AL 49S A2t ©7)(1-5A17) S04 of|ZHo] o} &
2] kot l?ﬂb}, & AjFo] HolALE o582 M Folyoh
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Table 4.3. Comparison of out-of-sample RMSE for lead-times from 1 to 20 days

h-step EMD-based hybrid models

ahead ARIMA ETS M1-1 M1-2 M1-3 M2-1 M2-2 M2-3
1 22.66 22.55 54.15 28.92 54.14 21.97 22.61 21.97

2 38.61 38.30 72.83 44.47 72.81 31.79 38.45 31.79

3 50.22 49.64 78.03 55.09 78.01 40.47 49.91 40.48

4 59.57 58.68 73.13 62.76 73.08 53.71 59.06 53.72

5 66.27 64.97 70.33 68.34 70.26 62.52 65.52 62.53

6 70.23 68.43 71.92 71.43 71.84 64.63 69.20 64.62

7 74.01 71.68 73.02 74.33 72.90 62.85 72.67 62.82

8 76.13 73.36 73.89 75.67 73.74 60.68 74.54 60.61

9 79.17 76.08 78.42 79.92 78.23 65.44 77.42 65.35
10 83.97 80.56 84.09 86.24 83.86 68.71 82.06 68.59
11 90.23 86.56 89.67 92.55 89.41 69.90 88.15 69.73
12 96.97 93.14 92.36 97.70 92.05 70.86 94.72 70.64
13 100.81 96.95 95.82 100.11 95.48 75.37 98.50 75.14
14 101.56 97.71 98.84 101.27 98.48 82.83 99.23 82.61
15 100.53 96.94 99.51 100.69 99.14 89.61 98.36 89.40
16 95.78 92.34 91.32 96.67 90.91 81.71 93.70 81.48
17 92.40 89.18 82.91 93.31 82.47 70.84 90.40 70.59
18 92.70 89.49 78.43 93.68 77.94 68.35 90.66 68.07
19 92.15 88.85 73.23 92.87 72.67 62.85 90.00 62.52
20 92.01 88.53 74.24 92.61 73.64 66.19 89.72 65.84
Average 78.80 76.20 80.31 80.43 80.05 63.57 77.24 63.42

RMSE =root mean squared forecast error, EMD = empirical mode decomposition, ARIMA = autore-
gressive integrated moving-average, ETS = exponential smoothing method, M1-1 = EMD + ARIMA,
M1-2=EMD + ETS, M1-3=EMD + ARIMA + ETS, M2-1=aggEMD + ARIMA, M2-2=aggEMD
+ ETS, M2-3 = aggEMD + ARIMA + ETS.

The underlined bold numbers denote the minimum RMSEs.

aggEMD + ARIMA + ETS E3o] t}& &3 B0 vste] 3 58S vehlL e
T 7HA Aol 9% e ST AA, I3 IMEF7F 25315 A o2 IMFE2] 5314
2AZPT B 4 gon, B4, residued 9ST o= ARIMA 23Rt} ETS 23] § fslthe=
A o]},

=

rlo

rUlO N,

[N

5. 28

ool Alth7t Sefgtol uhek AAD Apre] el ek BT gon AFHA AAG 2YL o
274 AlFS Holx gtk 53], AAL Aol £3] EAsHE wAAAT MABAL 2] 9
& 23e) oA AFThT Stk Ed H2ole iR $2 o5 L TEF oS Hopol A 15
s AAG AR AL 9% BEE 2 Fado] YR BolXu Yk B =RolAE ol2d et A
2333 AAD 259 3149 Bl olZ 54E Bo)7] 95te] EMDE 348 £F 232 A7
stk EMDol| 93 IMFO] s8¢ t% Helshd B 95te] IMFES FAduA AdS A8
3lo] 2FBBT, o1 2L o4 ARIMA % A5PE] EF B L o]0 AL S kol F
k. FE, IMF 215319} £ 23] AuAe £ 9 4 Johd thoat Hope] Bitat AL 2
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Figure 4.6. RMSE comparison in out-of-sample forecasts (RMSE = root mean squared forecast error, ARIMA =
autoregressive integrated moving-average, ETS = exponential smoothing method, EMD = empirical mode decom-
position).
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