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Abstract

This study conducted a price forecast of major Purple laver production areas, Jeollanam-do, in South
Korea. Based on the reasoning that price forecast of Purple laver production regions could assist in
controlling supply and demand, through the Exponential smoothing technique(Single exponential smoothing,
Holt-Winters Additive and Multiplicative, Exponential smoothing method) and Auto regressive integrated
moving average model(ARIMA), Purple laver producer price of Jeollanam-do, the largest wet Purple laver
producing area, has been predicted. Moreover, the accuracy and stability of the relevant forecasting model
have been reviewed through the Historical simulation method. Concerning Jeollanam-do Purple laver
producer price forecast results, among the total models adopted through the utilization of the Historical
simulation method, the Simple exponential smoothing with DRIFT forecast model, which uses a DRIFT
forecast, was ultimately selected after going through stationary Time series and forecast model accuracy
tests.
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[Fig. 1] Time series of annual and seasonal of
Jeollanam-do Purple laver price (Source:
Ministry of Oceans and Fisheries).
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<Table 1> Descriptive statistics for JLP variable
used in this study(2009-2018) (unit:
kg/won)

Mean Mix  Mn Sid B

Dev. pre N

580656 22288 1 51647 618 0045 120

Note 1) JLP: Purple laver production of Jeollanam-do
2) J-B: Jarque-Bera

ADF % PP 749 AF7MEAAA A5l
© @9lo] EAlgtb ol x| R KPSS A7 <]
AT LENAL Azo= Tgo] EA8HA]
%=tPE ADF ¥ PP HAE] F57HE 9 Rl
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F7pdoe] AE o] w@hejto] EAIEHA = Al
2 uel Al 7EA A" BelA L AAE A s
= 5% freaelA 7 e e Sle
Aoz FAFEATKim Ch and Nam JO, 2018,
<Table 2>).

<Table 2> Stationarity Test Results of JLP

Level p - value
ADF -5.4572 0.01
PP -6.7506 0.01
KPSS (Level) 0.046037 0.1
KPSS (Trend) 0.048234 0.1

Note 1) JLP: Purple laver production of Jeollanam-do
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TJ tZ7]el WA= PGS ARL 0929, MAI -
0.381, MA2 -0.339, SMAl —0.823 #°Z, AR(l)
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()9 DY SMA()E ()9 TS T AL
2 UElTth ARIMA(0,0,2)(0,1,1)[12](ARIMA
Model 2) B8 FgoAM= SHWS mal,
smal 7} FE5AFA 7] vAE G0
0.5428, ma2 0.1323, smal —0.8811 ZS = MA(])
< Y I, MAQE U I, SMA(D)
2 59 oS Hol: Zow uUehuth
ARIMA(0,1,2)(0,1,1)[12] (ARIMA Model 3) =&

FANM = EHHST mal, ma2, smal’} =

ma2,

mal

_l \_T
ol t7]o] uwlxlE O] mal -0.4197, ma2 -
0.3628, smal —0.8011 %kOi MA()S &(-) 4

F, MAQ)= w09 9, SMA(D> =()9 9F
< HTH<Table 3>). 3 ARIMA 232 A%
A 143 A5 E % H7NError measures) 23}
2 <Table 3>¥} 7t}
¥ 2(Standardized  residuals)$}  ACFZHzf
(ACF of residuals) 121 TAFHY p
Zk(p values for Ljung-Box statistics)S &3l Z=k
Aetal, FHE AAE 23 dist e
o] 7}&3lth(Kim HI, 2011). 2Z42E 3
A AFAE AR EE
ACF Ztxjel] oj'l #AI7} S A7}
Ao Z ZHgst) [Fig 219 Al 7HA 23
oA Edst ST Ao siElo] I E A
L ACFRAFE 2717d37d o] §lo] &A17F §l
, Ljung-Box &AIF] pat= Fo+F 5% It
& AL A%, =2 ghel EAE A 2 BT
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l

AL
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ha
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<Table 3> The parameters estimate of the ARIMA
model and Error Measures

ARIMA 1 Coefficients S.E
arl 0.929 0.083
mal -0.381 0.126
ma2 -0.339 0.11
smal -0.823 0.148
sigma”2 36231 log likelihood -724.67
Goodness-of-fit criteria for ARIMA models.
AIC 145935 AICc 145993 BIC 147276
Error Measures
ME -11228 RMSE 177202 MAE 114.938
MPE -185.281 MAPE 2,200.77
MASE 0.713 ACF1 -0.003
ARIMA 2 Coefficients S.E
arl - -
mal 0.5428 0.0946
ma2 0.1323 0.0924
smal -0.8811 0.2125
sigma’™2 36204 log likelihood -727.19
Goodness-of-fit criteria for ARIMA models.
AIC 146239 AICc 1462777 BIC  1473.11
Error Measures
ME  -12382 RMSE 177984 MAE 111.77
MPE -451.984 MAPE 1,524.95
MASE 0.694 ACF1 0.017
ARIMA 3 Coefficients S.E
arl - -
mal -0.4197 0.0951
ma2 -0.3628 0.0952
smal -0.8011 0.1398
sigma”2 37405 log likelihood -720.26
Goodness-of-fit criteria for ARIMA models.
AIC 144852 AICc 144892 BIC 145921
Error Measures
ME  -10583 RMSE 180.049 MAE 122.049
MPE -62.287 MAPE 3,051.74
MASE 0.758 ACF1 0.003

Note 1) ARIMA 1: ARIMA Model 1 (1,0,2)(0,
; ARIMA 2: ARIMA Model 2 (0,0,2)(0,1,1)[12]
; ARIMA 3: ARIMA Model 3 (0,1,2)(0,1,1)[12]
2) ar(autoregressive model); ma(Moving Average mo
del); sma(seasonal moving average); AIC(Akaike’s i
nformation criterion); AICc(Corrected akaike's infor
mation criterion); BIC(Bayesian information criterio
n); ME(Mean of errors); RMSE(Root mean of squar
ed errors); MAE(Mean of absolute errors); MPE(Me
an of percentage errors); MAPE(Mean of absolute p
ercentage errors); MASE(Mean absolute scaled error
s); ACF1(Autocorrelation of errors at lag 1)

L,D[12]
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[Fig. 218 Al =& =% =
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(White noise)& Wtk & 4= Qlu} o= #xf
of O ol Fevst FRI} glvkes RS 9wm|sh
ot S A 7H BY BT oS ke] SEsithes
A onjsitt,

ARIMA Model 1

Ljung-Box test

Data: Residuals from ARIMA(1,0,2)(0,1,1)[12]
Q*=13.66, df=20, p-value=0.8473

Model df: 4. Total lags used: 24

ARIMA Model 2

o ||||‘||"

ACF

12 Lag 24 36

Ljung-Box test

Data: Residuals from ARIMA(0,0,2)(0,1,1)[12]
Q*=21.999, df=21, p-value=0.3996

Model df: 3. Total lags used: 24

ARIMA Model 3

Ljung-Box test

Data: Residuals from ARIMA(0,1,2)(0,1,1)[12]
Q*=15.258, df=21, p-value=0.8098

Model df: 3. Total lags used: 24

[Fig. 2] Residual diagnostics for ARIMA Model 1, 2, 3.
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WA AFEEY SolAE Diift d5S ol &%
A ¢HE oS5 do] MAE(MAD) #to] 95260 %
7HE A Ao gRIEGlAlL, ARIMA ¥ 1, 2,
3FolE 12k 2RSSR 373 ARIMA Model
291  E4= ARIMA(0,0,2)(0,1,1)[12] S E o]
MAE(MAD) #t°] 111.772 7} &2 7oz 3
A= Ak

A=

i
)

=

- 838 -



ArgeHn ARIMAE 0|83t JE 4 &t oE2d d|n
<Table 4> Forecasted values and comparison of AA 20199 ARG 7 714 AsE A
errors 9f JLP 2919 through Exponential B 20199 1€ 279 FAKQA Ao H
smoothing technique and ARIMA 7 oWMAAS AUmuct 279 o4 WA #4
Holt-Wint =9 2ol o N =0] oldko 271
2019 Acual  Drit —oowWiners -y sREd g ddden AW So gPes 21
A M o] Fo] Mo w AstE i, wEF A

2019.01 655.38  563.96 540.84 654.64 632.65 o AL
2019.02 64824  483.62 422.65 540.60 588.06
2019.03  574.82  421.15 320.75 45839 542.20

7kl W& wjEAIE o] wEolth
4 FolAE T g UH—’F/‘ﬂ?J 72 =3 A

201904 48590 41006 25260 39737 salaa  rAcl o siEEglaL 39 27k el At
201905 57221 51231 49757 54385 ssasy  CloiATE 3 ’ETOH iAol F7te
2019.06  1.00 072 -23982 073 083 AZshEA Ao A A oA sk E
2019.07  1.00 069 24145 072 081 AgkE ™ 6% ol FHasith 48 Ad =41 9
2019.08  1.00 069 2448 071 080 WA AUEAY w5A7b olo] A A B3,

2019.09 1.00 0.69  -248.73  0.69 0.81 A=
2019.10 2,105.50 1,067.20 131984 103749 12829
2019.11 1,632.62 752.38 78534 654.27 843.81

2019.12 63894 577.88 570.85 511.54 670.51

=1 #4
B} 26%7HF A8kt 2019 10899 1€
A A fwrHAel AdEET 2 74%,

T —

AR o7 X o}o]_ AdE =<2
o

. . ol Winters 140%71 & Fox Aot o= =
Comparison of emors - Drift - ===y ETS = 3)0] A5} p3le] g gatde] 2 Foz
RMSE 16823 22287 19577 175.06 g7] wjF-o]tHKMI, Fisheries Outlook Center).

MAE(MAD) 9526 157.02 116.64 101.86
MAPE 50824 38059 77294 65278 ;v::]
2019  Actual ARIMA 1 ARIMA 2 ARIMA 3 300
201901 65538 63375 73343 588.40 -

2019.02  648.24 576.87 711.17 507.10

2,000
2019.03  574.82 49591 643.91 411.75

2019.04 48590  446.87 593.24 349.25 150

201905 57221 64152 76049 54175 Lo

201906 100  -10624  1.00 213.05 -

201907 100 -98.23 1.00 213.05

2019.08 100 -90.75 1.00 213.05 Y o B a0 A W d 0 & G G G DA
201909 100  -83.76 1.00 213.05 — 2018 -=-2019

2019.10  2,10550  1499.50 1565.43 1367.06 [Fig. 3] Monthly JLP(Purple laver price in

2019.11 1,632.62 995.71 1074.15 850.00 Jeollanam-do) in  2018-2019(Source:
2019.12  638.94 753.00 820.86 603.70 Ministry of Oceans and Fisheries).
Comparison of emors ARIMA 1 ARIMA 2 ARIMA 3
RMSE 177.20 177.98 180.05 v > =
MAE(MAD) 114.94 111.77 122.05 s = T
MAPE 2,200.77  1,52495  3,051.74

Note 1) A: Additive, M: Multiplicative 1 OlwhlA o
2) JLP: Purple laver production of Jeollanam-do 4 SRS
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