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Figure 1- Schematic diagram on the structure of artificial neural networks as multilayer perceptron (MLP)
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Figure 2- Changes in shrimp moisture content during hot air frying at different temperatures

26 -Free Surface Moisture

24- Sum of squares error
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Figure 3- Changes in shrimp density during hot air frying
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Table 1- The results of the training and testing stages of the neural networks for moisture prediction

Model Training stage Testing stage
Training algorithm structure R RMSE MAE 2 RMSE MAE
(g/g,db)  (g/g, db) (9/g, db)  (g/g, db)
Levenberg-Marquardt 122 09891  0.0877 0.0697 09720  0.1843 0.1454
Gradient descent 1-16-2 09892  0.0873 0.0682 09786  0.1714 0.1319
Gradient descent with 122 09854 01017 0.0842 09750  0.1758 0.1432
adaptive learning rate
Gradient descent with 1162 09891  0.0878 0.0686 09787  0.1711 0.1317
momentum
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Figure 4- The actual values of moisture (g/g, db) versus the predicted values by the artificial neural networks in the
training (A) and test (B) stages
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Table 2- The results of the training and testing stages of the neural networks for density prediction
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Model Training stage Testing stage
Training algorithm struoctsre R2 RMSE MAE 2 RMSE MAE
(g/cm3) (g/cm’) (g/cm?) (g/cm’)
Levenberg-Marquardt 1-1-3 0.9356 0.0123 0.0089 0.9740 0.0096 0.0066
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Gradient descent 1-20-3 09385  0.0121 0.0090 09692  0.0102 0.0071
Gradient descent with 1413 09328 00126 0.0089 09647  0.0107 0.0067
adaptive learning rate
Gradient descent with 1203 09385 00121 0.0090 09686  0.0102 0.0071

momentum
Adaptive learning rate 1-1-3 0.9344  0.0124 0.0089  0.9685  0.0101 0.0066
backpropagation
Scaled conjugate gradient 1-1-3 0.9354 0.0124 0.0089 0.9728 0.0097 0.0066
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Figure 5- The actual values of density (g/cm?®) versus the predicted values by the artificial neural networks in the
training (A) and test (B) stages
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Figure 6- Artificial neural network for predicting moisture content of shrimp during hot air frying: input variables:
temperature and time and output variable: moisture content.
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Figure 7- The importance of independent variables (Temperature “T” and time “t”) in the formation of artificial
neural network for moisture prediction

S LS 550 eslinad O g1 Al e gl Aoy YV/Y
L 25 Slaprie Connl ) Sl L andly ae
‘J.Z<=l>.n}lSPSS)\)-,§l<=JJ Loy S i ol wax g
Slr RE) s sl 5 (SSE) lat Slayye ¢ sams
Slr 33t/ A 5 NNV Ll o 5w el 4l e

ORI SPUIPRVE) S PR VAT SV JURNC I PR JUS | DY PN

Sy o slbe jles

4:.:-..3‘.5 Lﬂ‘d’."‘ﬁ BE AS...J 6“(5'53)3 Ca_n.-o-M --v

Gaote Sl Freae e 4Dkl () IS
WY S g Y L3 Rt an sl b s anls
A e e e S5 S ple SOIEE AU L Oley
5 Dol a e gl 6l baesls 31 Aoy VWA Lol

Synaptic Weight = 0
— Synaptic Weight = 0

Time

Hi{1:13 density

Hidden layer activation function: Hyperbolic tangent

Output layer activation function: ldentity

Figure 8- Artificial neural network for predicting density of shrimp during hot air frying: input variables:
temperature, time and moisture and output variable: density.

131


http://dx.doi.org/10.22034/FSCT.22.161.121
https://fsct.modares.ac.ir/article-7-76585-fa.html

[ Downloaded from fsct.modares.ac.ir on 2025-08-04 ]

[ DOI: 10.22034/FSCT.22.161.121]

3 aedls 5 Cusby ot

ISen 5 5 b me o)l

a ety dag el 3 0l 5 ST s Sl a4 il
LT3 0lo3 0d Vb b s s (I BIL oS 55k
oYU glabes 3 5 S 0l 5 WOl b o 2l axils
Wils 53§ iy SalS Jguamn gyt 3T s
eSS 3 dgeams Cogby Conal s & A3l e LS

2B o wlie gladas 5l wlidd Lol Siasy
le e 5 AS S Sy it 03 GlediS sl
Slr 636 et ary Llasl s Al
N g o o gpart 5 A4S S Sy ety
Glp bdte (Sloand uaman §l Gloa b edip
Sl (sl 1 banly ol el T3 g3lalSs

[805870] w8 o v 5 i e,\;J_T

s 45d JSE5 3 s (gla it Coeal (1) JS2
Oy agb ) pite Conal das o QLS| vl oo s
Coatl 55 /VYE 5 /YA G/OM L Bl S 5 ales
4 F e g Sl ealial 53 wdls g e 53 sk
L doss o odddl S Coenl Ad yasiie g
Codls pmpe Gl dops Ve Cogby ST S8
YA 5 8VIF L ol 5w s 5 0les 6l eals Conot
Gl Sash 56 0K ss il aes 55 55 Ao
T B e R
Los il 531L 03 S5 e (b oS 2035 S o,L81 a0l izl
Ll 5 dpame 5 O3 wbsl Sole w0 by 5 Ol
s 8l axw s Cosby RalS 5 s s 03 S
4 e ol pl 48U eslie gz BL 515
53 (3] s S andls EalS 5 o sate a5

> I

—

-

.000 .100 .200 .300

400 .500 .600 .700

Importance

Figure 9- The importance of independent variables (Temperature”T”, time “t” and Moisture ”M”) in the formation
of artificial neural network for density prediction
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In this research, artificial neural networks (ANN) was presented to predict changes
in moisture and density of shrimp during hot air frying process (at three temperatures
of 140, 160 and 180 degrees Celsius for 15 minutes). Neural networks in the form of
multilayer perceptron (MLP) with sigmoid tangent transfer function in the hidden
layer and linear transfer function in the output layer was designed to predict moisture
(with two inputs: temperature and time) and density (with three inputs: temperature,
time and moisture) in MATLAB software. Different backpropagation algorithms
include Levenberg-Marquardt, Gradient descent, Gradient descent with adaptive
learning rate, Adaptive learning rate backpropagation, Gradient descent with
momentum, and Scaled conjugate gradient. The structure of the models was validated
by calculating the coefficient of determination (R?), root mean square error (RMSE)
and mean absolute error (MAE). Finally, the importance of the inputs in terms of the
effect on the output variable for predicting moisture and density was investigated by
designing the default hyperbolic tangent neural networks in SPSS software. The
results showed that with the decrease in moisture and the development of pores in
shrimp, the density of the product gradually decreased during hot air frying, and with
the increase in the temperature of the process, a further decrease in density was
observed. In the moisture model, the backpropagation algorithm of Gradient descent
with momentum (R?=0.989, RMSE=0.171, MAE=0.131) and in the density model,
the Levenberg-Marquardt algorithm (R?=0.974, RMSE=0.0096, MAE=0.0066)
showed the minimum error in training. In the moisture neurocomputing, the
importance of time and temperature variable was equal to 0.883 and 0.117,
respectively. In the density neurocomputing, the importance of moisture, time and
temperature variables were 0.588, 0.278 and 0.134, respectively. The Findings can be
used in the design of artificial intelligence for controlling and creating automation in
hot air fryers.
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