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Abstract

The aquaculture industry is being proposed as a way to cope with the declining fishery self-sufficiency
rate. However, a problem arises that aquatic products must be sold in a short period of time once
produced due to their unique perishability. In an aspect of this, it is very important to predict the price of
seafood in advance. A number of econometric models have been developed for this purpose. Recently,
artificial neural network models of machine learning techniques are being developed instead of these
econometric models. However, there are not many studies using such artificial neural network models in
the domestic fishery industry. In this study, MLP (Multi Layer Perceptron) and LSTM (Long Short-Term
Memory) among artificial neural network models were compared with ARMA. As a result, MLP showed
superior predictive power compared to other models, and this difference was statistically significant as a
result of Diebold and Mariano Test, indicating that there is a possibility of introducing artificial neural
networks into the domestic fishery industry.

Key words : ARMA(Auto regressive moving average), ANN(Artificial neural network), MLP(Multi layer perceptron),
LSTM(Long short-Term memory), Rockfish
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<Table 1> Hanam Wholesale Price Basic Statistics

(Unit : Time, won)

Std.
Dev

4152.49

Obs Mean Min Max

185 13330.89 5614.4  26703.67

Gotofop A7
B ARE olgdtd AR5
bgAol dd & ok ol E <k
shs W &9l Ao, 1% ADFA
(Augmented Dickey Fuller Test), PPZ”J(Phillips-
Perron Testys F3sk3ith 2 A2 #AF7Hd&
“eh9]o] EA|grprolth

|
X

- 419 -



243
<Table 2> Unit Root Test
Variable / ADF PP
t-stat
Wholesale -3.36642 -3.38639
Price (0.0134*%) (0.0127*%)
Note 1 : () means p-value.
ADFAA T PPAA BT 5% ool A
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<Table 3> ARMA Time Lag Test Result
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<Table 4> AAl=o] Qi 33 AR(D),
MA(l) 257 FoAo] A vetgow, AR A+
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ARMARE F4 F @8l tisto] =713+
AR oAt AAYE Fstoof st

p/q 0 1 2 3 4 5
0 19.33362 18.49177 18.21961 18.04716 18.03568 18.00562
1 17.97346 17.93429 17.94726 17.96065 17.95491 17.96814
2 17.93996 17.9471 17.95223 17.96451 17.96781 17.98158
AlC 3 17.94702 17.94815 17.96135 17.97778 17.98028 17.99311
4 17.95976 17.96148 17.97146 17.89381 17.90812 17.98331
5 17.96713 17.97041 17.97959 17.96434 17.9256 17.90164
0 19.35379 18.53209 18.28009 18.12780 18.13648 18.12658
1 18.01379 17.99477 18.02791 18.06145 18.07587 18.10927
2 18.00044 18.02774 18.05303 18.08547 18.10894 18.14286
3¢ 3 18.02766 18.04895 18.08232 18.1189 18.14156 18.17455
4 18.06057 18.08244 18.11258 18.05509 18.08957 18.18492
5 18.08809 18.11153 18.14088 18.14578 18.12721 18.12341
0 19.34182 18.50815 18.24418 18.07992 18.07663 18.05477
1 17.98985 17.95886 17.98003 18.0016 18.00405 18.02548
2 17.96453 17.97987 17.99318 18.01365 18.02515 18.0471
e 3 17.97978 17.9891 18.0105 18.03511 18.04581 18.06683
4 18.00072 18.01062 18.02879 17.95934 17.98184 18.06522
5 18.01628 18.02774 18.04512 18.03805 18.00751 17.99174
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<Table 4> ARMAC(1, 1) Result

Variable Coefficient Std.Error t-value R-sq F-value
C 13547.88 961.0054 (()1.360()907*6*1*)
AR(1) 0.801770 0.056449 (01.3620003*5*1*) 0762205 ( 533508*63*)
05734
MA(1) 0.279214 0.091325 ( 500052773**7*)

Note 1 : () means p-value.
Note 2 : * p<0.1, ** p<0.05, *** p<0.0.

<Table 5> Autocorrelation and Heteroscedasticity Test Result

Model Breusch - Godfrey LM Test White Test ARCH Test
1.166542 8.115588 0.03101
ARMA(, 1
(41 (0.5581) (0.5225) (0.8602)

Note 1 : () means p-value.

Note 2 : The null hypothesis of the autocorrelation test is <there is no autocorrelation>.
Note 3 : The null hypothesis of the heteroscedasticity test is <the heteroskedasticity variance does not exist>.
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<Table 6> Forecast results and predictive power indicators

Time Real Value Forecast(ARMA) Forecast(MLP) Forecast(LSTM)
2019m2 10,746 11,682 12,356 13,431
2019m3 8,839 11,041 11,051 10,507
2019m4 7,569 9,158 9,549 12,719
2019m5 6,496 8,311 8,624 10,209
2019m6 6,281 7,387 7,894 14,112
2019m7 6,868 7,412 7,754 10,485
2019m8 10,337 8,040 8,142 16,267
2019m9 10,886 11,614 10,718 16,503
2019m10 9,426 11,211 11,166 14,313
2019ml1 10,930 9,745 9,997 11,647
2019m12 9,085 11,779 11,202 10,982
2020m1 8,748 9,217 9,735 11,129
2020m2 5,614 9,568 9,480 11,600
2020m3 8,059 6,083 7,331 10,101
2020m4 7,410 9,699 8,973 9,415
2020m5 10,415 7,988 8,513 9,682
2020m6 8,399 11,714 10,781 9,386
2020m7 8,200 8,494 9,221 8,526
2020m8 10,011 9,178 9,075 8,929
2020m9 10,280 10,944 10,456 11,803
2020m10 11,552 10,743 10,672 15,466
2020m11 11,234 12,173 11,721 13,699
2020m12 9,798 11,430 11,454 12,773
2021ml 15,237 10,086 10,288 13,893
2021m2 18,247 16,341 14,957 15,845
2021m3 16,503 17,848 17,635 13,035
2021m4 18,288 15,542 16,092 10,703
2021m5 16,654 18,115 17,670 11,786
2021m6 19,942 15,631 16,227 11,171
2021m7 17,402 19,878 19,080 12,143
2021m8 14,419 15,946 16,892 12,771
2021m9 19,845 13,820 14,224 12,923
2021m10 26,704 20,279 18,999 16,786
2021ml1 19,803 25,890 23,936 16,564
2021ml12 20,447 16,864 18,965 16,053
2022ml 22,234 20,079 19,497 14,090

RMSE - 2,783 2,632 4,579

MAE - 2,269 2,062 3,732
MAPE - 19 17 32

Z, 20% < MAPE < ARIMA®} MLPE= 5 MAPE7} 10%~20% Aol
&, MAPE = 50% ©o|P2 wlugd AZe oFo=z yehuton
FAETH(Choi, 2016).  LSTMS ¢k 325%% BlwZd |4 oFo= 1}
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