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Article Info ABSTRACT

Article type: Background and Objectives: Forecasting the price and the trend of its
Full Length Research Paper changes is one of the most important factors in making decisions and
formulating strategies related to agricultural products. The aim of the present
study was to present a model with a hybrid data mining pattern including a
set of nonlinear models, wavelet transform, deep neural network and Monte
Carlo method for accurate forecasting of fishery products.
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Accepted: 02.14.2024 Materials and Methods: In this research, the wavelet function is used to
denoize the price data, the deep neural network is used to predict the price,
the Monte Carlo method is used to simulate the most likely probability of

Keywords: the price, and finally, soft complex calculations are used to perform
Deep neural network, " .. . " .
Forecast out-of-sample prediction with new data sets". It was used for the period of

Monte Carlo method 2013 to 2014. To predict the future price of tropical and cold water fish, the
The future price of tropical number of optimal breaks affecting the price is determined.

and cold water fish Results: In this study, a proposed hybrid data mining model was used to

find the best model for predicting the future dynamic price of tropical and
cold water fish and Monte Carlo simulation has been used to increase the
prediction accuracy, and the prediction accuracy of the proposed model
was evaluated with three competing models using the evaluation criteria of
root mean square error (RMSE) and coefficient of determination (R?).
Also, the comparison of prediction accuracy The proposed model with
other models shows that the use of deep neural network, compared to
simple neural network, increases the power of predicting the price of
agricultural products (the future price of fish).

Conclusion: The final result shows that the use of wavelet function and
Monte Carlo based on the network Deep neural network increases the
accuracy of forecasting the price of agricultural products.

Cite this article: Baniamam, Mehrnaz, Haj Seyed Javadi, Seyed Mohammad Reza. 2025. Application of
hybrid models based on deep machine learning in smart agriculture (Case studies of
forecasting the future price of subtropical fish (Scomberomorus guttatus) and subtropical fish
(carps and salmo trutta)). Journal of Utilization and Cultivation of Aquatics, 14 (1), 91-103.

© The Author(s). DOI: 10.22069/japu.2024.22155.1850

Publisher: Gorgan University of Agricultural Sciences and Natural Resources

9



LR 51952 9 8,10 520 00t s gl
YYLo-£YYX 1 ol wa

: . i Yol
rian B J 10FS) YFEO-EYA 1ol LS wp

S3390S 39 (o Gaos (5 Tl 33 (o (S g SB35 B
(v 2b) Sbo 5 Hldb ST cwod i (§9 590 DlaSliac) wioi g2
(Y7335 9 395 Bb) (KTS pw g

vdﬂf.\.,a C\? L.b)..\w S c\ﬁEfLo.ﬂ& }U;@.ﬁ

g)b-;‘ ‘Q‘Jéﬁ ‘6jJ)L:.S G}j 9 JZJ}AI ‘CJU,_j:J Obesle ‘6.)‘3}:5“.'T 5 Sk bl a@)}! _)LL)LL.-:‘ ‘J_}L«.A okens 9 Al
bani.amam@yahoo.com :4.LL|,
Ol Ol sissles sl oylis ‘&Lz.ﬂ)) axw g 5 5oaS slaBl (gl gl Sash ane @)f Y

seyed.javadi@gmail.com :4(L/,

oS> Al SledMb|
5SS 53 Jolse o Seee 3l O DL Ny s S w i e dbla e ¢ 5

L dde G @l ol asdlhs Gaa ol (63,5158 Y guame 44 by o slasaly psli otk e Jo i
PRI LOR- JE E ) B e e ladde asgeme Juld (Gl s (58 el LS}-Q\

B Gd N pamme G35 e Sl DI se By 5 G
VLT bl b
2 S 5 ad slaesls pls3ab s sl S e w5l Rk cal b3 tlabe, g alee VEYIIA A U
5 Cad Jlazl o5 Jates (S3ltnd S SIS T g0 Sy 3l engd St Sl Gras BT YNVTO R 0
Slaeals as gazms b 650l 5l ol i pll sl g sy Sl Sl g s

A ealizal VEAY BYAY Slejoyss ol b
(IS slae3ly

2 A e Sy olia e s e 5 o S Olale ST a3 ot ) laadly ‘oot
OQAL»&T&LU.;Q@ﬁ&ﬁé\ﬁ;)mdﬁyliélﬁfﬁl}A;JUM)>45¢AM\CA.:5 S g )

3> Gl sl 5 b eslind eolgd s mn 65Ssls de 5l s 5 e S St et

. 5 sl Slale ST o
aw b ooslgiy Jde o 8 Cel ol esla! )J)ISQJ}A Golwans sl g

is
. = [
uif,aj(RMSE)Ua} Ql:ujn BEEC w_ﬁ‘l:.a g;’l'l))\ 6[.&)[:“ )\ oalaial Ls v:_s) JJ.A

238 3 s 3ype R s

S dase 0L Koo sladie b ol e oty S85 wglie s 1 S e

W&:{&ga)ﬂwb#&&f&l{MLEJ)J‘WM&LJ\@&&LN\

ay



Sl O Gb S ol ot s o (b3l 1 (Olale 5T asd) (g5,5LES SN puams
J“S"wl' B w‘ﬁlwww&:’%lﬂfjj)gg“y}&}f CU )\ salaol

JJ.J:JA Lg))}L:SQYWW

39 el Bas (650l s N2 sl Joe (6,5 ) (VF L F) Lo jaase s (g0lszai zlo L e eplos] o ol
(153 5 )55 (2L) 2oy 5 Gt (2l0) oo )T loale (ST ceand (st 3,90 Slalllas) wialgn (55 5LaS
ANV O bl s 5 ol 4t
DOI: 10.22069/japu.2024.22155.1850

OB Y g © o855 b mlis g (55)5liS pole oKl 1 b

ay



VELE o ) ojlond VE 095yl il (995 9 (551012002 2yl

SooskiS VS 4 o 5 Lol & by 0 OIS
() 3,8 68 s

3 eks e ol sl S Y e
Ll Sl g Ol el 3 63L5 allas
5 Sl g s O Gl 038l 5y Lol
wl3 S Esl Olgr o Ol b 55 Cussise
0 pd ey loss aeal 50U oo
Dy 03 OLkicalo 5 OLS ays daly
SV pame ol ey ypde 5 SOd pske
Sl 2ot asds oWl b 50 ol
Shoeslaad b s OV s Cwd oo i
Jw (&) Llesls el hymr 5 sladas
aglse 530 oS Sl ol OB LA s, 8 sl
by S wwd Soptn sdae slais, b
Sl bl s S p s e (BL Sl
SOl s 1wl Olaind 5 OS5 S|
(W gt sadde 3 5 e Sy eseds
S el pY plpl e e 5 el
g s OV pame Ced So b sdde
Ol ol 53 (0) Mabiy 553> mli 4 Ul
SaSesls glant, S 5 pdle (S0l SlacesS
sen 03 ostle laay S 51 S Ol 4 Ll e
oz Sl) el g5slS IS 5 Bl >
(GooslisS N pame Cad 383 Jw i &l
LooosleS Gl glis 53 &8 1 w5l 7 ke
SeS 4 5 el gy bedls Sl ok e A5
20 Ol Sl Cais b Llg e or Sl
@ Silis Gl g lresls ghmder Coale
SaS $5sliS SV pame Cad G35 smtn
0) Ll

o3l b g s o SASGST an 5 ) e dle
Sl il Slalllas Gy b 51 6 s 35055

Sl sladie &8 ol SIS LB 8 sl ol

AL

Ao

S OV 5 Ol sl Bl ol eis

AT s Ol s Sl 5l sl
Ve Caed o3 3 sl e iy
Rl sl ey sl A8T (g5 slis
G2 et Slp edsr sladde SIS
SousS i s ouslis YS el
Ole opl 53 sl Sl Coeal LOT (6l diedga

B

L;AAL« e)\‘yub céj)}u.s u,:,.>u V.@,d LSLQMLS‘;A

Olpsas (iusliS OVsame Sl
st S Ll Ll anl 5 ails Lt
() a3l 138 50 65 ,les slasl
Lol glaoles 5 gl sl cad 515
S a1 age OMS 5 s ol Sl S
o LS So G palll g sl
@i Jo S G Gl olpls ool
5 sl Sospe Dleds 1Al 35 5 ades Al
gl edle ol ol en sdlig Sledst 5 Sy
(o3R8 R ol Sl S S e S
oSl 4 s mlo 5 5 S slacala
e L;LMUTJ; Cad 53 Ol g .;)U\f&a f.:l_?
5 oLble Ll cod | oS i OLls e e
b 5 Lol cosw 8 1oy s e 15 Jbe
Cood o ladde (V) 25,5 00 sda 4 Ladla
2 ot 5 e Sl 3sliS Y s
s (S Sl Sponebn 5 OL Co e
SoasS GVE cwd s s Lsd e
OS5 a3 S (laaed 1 sdul Slletor
w o L, e Sleal B das s |y OSGL ]
ALS SaS 2t Jpame b o aly Sileang
23 bl e S G ety wolr il
Lo el oslis OV same Cad Sl

5 Bl 3 ol £585 31 Ol 0T 3 6 S0 e



Slgdpw gl Lo a0 dew 9 plosl s JU e [ o (oo Gy )30 (605 )5

Lo b eslie aslie b addlae cpl .o
et b3 40 Olabl sl s el alis
33 A a8l Cewsas VIS oA el b e
oslizal L (Y14) 0Len 5 Kay (6,50 andllas
Seiot & o8l STL-ELM' S5 oy,
et Tl ekl 5 Sdeile (el S
s OLE aslls cl gl L3 g e 53 Sl s
St~ Oga3l 5 et slajbme il oS
Gl S ok D Goleldy S
ELM SARIMA .TDNN SVR) .3, sladus
S solginy Je 5 5l (SARIMA-Kalman
03 Sl e Sl oy (Sl oS Hlsdel 2
Jbe Jole 4V IS8 55 &8 () el G

NGSOOH 'S W39\ Uod =K P 0o

S B s Jue i slacs e Sl 6 Se e b
Ll placussims o3 Ol s & Jue
5 ss Wl bl (B sla S5
osbas 1y Laesls 4o gamme 55 54 ge JL:)JT HLs,
Sia BS B 53 e il Sy e Olajes
Sladde 3 sdd oot laesls j3 alad phe
V5 cl 0G50 (g s
Cod  Swmibm &) 5> odate Slallas
S Fa S Sl s plnl (g5 5l8 Y s
wllae 55 Ol b3 28 w4 Olge | Wl
GV iy Cad (VYY) ODes 5 OLS 5
S el 5 e S pdS s (55l
S5 g Sl eolmal L YeY e adyf B Yeer w4 5il3

ol S e LSTM & 3 Gees ‘5;&. Jde

[ e A i
: % 100101 :
1 e N\ [::> 1o :
: o — :
i s bt o endh e /j \[' (Ssyhe) e i y b E
1 1
B [ecetB®| W |
1 @ITI® = 1
; @: JE) coo & - |
! Sord s L '
= s = |
' e B -
L 5 (o
| Rtall R = anl alr E
! ——

LS . =
: eats g jlusstel e Py tied (e Ghoosts asgama b el 51 €A iutusind) s
1 1

(VI3 5 555 L) s 5 Ged () ol B 0labe ST Cd im i 81 63l b ymd e Hlsla - IS

Ol GYS se 5o

Figure 1. Structure of the proposed hybrid model for predicting future prices of warm-water fish
(Scomberomorus guttatus) and cold-water fish (carps and salmo trutta) on the Iranian Commodity Exchange.
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Figure 2. Monthly time series analysis of prices of warm-water fish (Scomberomorus guttatus)
and cold-water fish (carps and salmo trutta) during the years 1392-1402 (23).
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Figure 3. Monthly time series distribution of prices of warm-water fish (Scomberomorus guttatus)
and cold-water fish (carps and salmo trutta) during the years 1392-1402.
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Table 1. Comparison of the accuracy of selected models and selection of the deep network model for carp.

s oo pdoms e gl Ghae slax Uas ) sdoms 0 Sl s g5 il S e
RSE RE AE RMSE
(1) 8822546 153 (1) 53242.82 (1) 93928.41 okd 305 S>30 Deep Learning
(2) 297528001 @) 112 (2)110597.25 (2) 17249.79 i sy S XGtr Boost
(3) 116638 (3)78 (3) 70201.63 (3) 107999.90 slb 33y Sxse Random Forest
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Table 2. Comparison of the accuracy of selected models and selection of the deep network model
for warm-water fish (Scomberomorus guttatus).

RE AE RMSE e Jue

83 82687.6 141923.7 WT-GA-XGBoost
7.8 70221.7 109375.6 WT-GA-Random Forest
5.4 50103.9 75768.9 WT-GA-Deep Learning
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Table 3. Comparison of the accuracy of selected models and selection of the deep network model

for kelp fish (salmo trutta).

RE AE RMSE e Jde
5.2 38980.22 77586.2 WT-GA-XGBoost
3.2 12570.6 19663.9 WT-GA-Random Forest
2.5 10918.7 17390.6 WT-GA-Deep Learning
s glaanl 1l
ol a3ls 0Lis (VT ) ols o Olale 3 bl gladie &35 YU Sl 3b
C.L-Q-_-.s é)jiﬁ
e Al B3l 55 sl 1t Jair
Table 4. Goodness of Fit Indexes of Whitefish.
RE AE RMSE e Jde
11.2 110597.25 17249.79 WT-GA-XGBoost
7.8 70201.63 107999.90 WT-GA-Random Forest
53 53242.82 93928.41 WT-GA-Deep Learning
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Figure 4. Monthly estimate of the price of carp (carp) during the years 1392-1402.
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Table 5. Scomberomorus guttatus goodness of fit indices.

RE AE RMSE e Jde

8.3 82678.6 141923.7 WT-GA-XGBoost

7.8 70221.7 109375.6 WT-GA-Random Forest

5.4 50103.9 78768.9 WT-GA-Deep Learning
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Figure 5. Monthly estimate of hydrothermal vent price (Scomberomorus guttatus) during the years 1392-1402.
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Table 6. Salmo trutta fitness indices.

RE AE RMSE e Jde
5.2 38980.22 77586.2 WT-GA-XGBoost
3.2 12570.6 19663.9 WT-GA-Random Forest
2.5 10918.7 17390.6 WT-GA-Deep Learning
s glaasl il
Monte carlo dl Max=149370.8
R? dl = 0.64-0.97 Min=1271223.6
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Figure 6. Monthly estimate of the price of sardaby (salmo trutta) during the years 1392-1402.
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Table 7. Estimated price forecast for all three fish species.
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