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HIGHLIGHTS
¢ Drying kinetics of shrimp shell and crab exoskeleton were obtained experimentally
¢ The Page and Midilli models showed the best fitting results to simulate the experimental data
e Third-order models were obtained for both materials using the stepwise fit method
¢ The ANNs showed the best fitting performance to describe the experimental drying curves

e Modeling of the drying process can be simulated successfully by multivariable approaches.

Abstract: This research aims to compare the classical thin-layer models, stepwise fit regression method
(SRG) and artificial neural networks (ANN) in the modelling of drying kinetics of shrimp shell and crab
exoskeleton. Thus, drying curves were obtained using a convective dryer (3.0 m/s) at temperatures of 30.45
and 60°C. The results showed a decreasing tendency for the drying time as the temperature increased for
both materials. Drying curves modelling of both materials showed fitted results with R%,4>0.998 and
MRE<13.128% for some thin-layer models. On the other hand, by SRG a simple model could be obtained as
a function of time and temperature, with the greatest accuracy being found in the modelling of experimental
data of crab exoskeleton, with MRE<10.149%. Finally, the ANNs were employed successfully in the
modelling of drying kinetics, showing high prediction quality with the trained recurrent ANN models.

Keywords: artificial neural network; crab exoskeleton; mathematical modelling; shrimp shell; statistical
validation; stepwise fit regression.
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INTRODUCTION

Shrimp shell and crab exoskeleton are two crustacean wastes with great capacity for exploitation due to
their high contents of chitin, chitosan and calcium carbonate [1, 2]. Related studies such as the absorption of
uranium in nitric solutions [3], removal of heavy metals [4], antimicrobial properties [5], biomineralization and
polymorphism [6], and the protection against dental demineralization [2], amongst others, show the potential
of their synthetized or natural compounds for application in food, chemical, material and pharmaceutical
industries. However, the high molecular weight, low absorption of the minerals plus the high decomposition
rate of these wastes, make it difficult to use them for such purposes.

A simple solution could be the application of dehydration technologies such as drying in order to
guarantee a large amount of product during long periods of time. As already reported, drying is a unit
operation that involves the mechanisms of mass and heat transfer [7], classic methods such as solar drying
[8, 9], convective drying [10], and fluidized bed drying [11,12] are being studied up to the present day, as well
as modern or combined methods such as microwave-drying [13], ultrasound assisted drying [14], pulse
electric drying [15,16] and freezing-drying [17,18].

From the engineering point of view, the optimization and dimensioning of different drying equipment and
methods require good accuracy of the constructed mathematical models based on their parameters. The
control of the variables demands evaluation of the concatenated non-linear mass and heat properties. In this
context, the mathematical modelling of the drying process is an important field of study that allows engineers
to choose the most suitable method and process conditions in order to meet the needs and forecast the
progress and the course of the process [19-21].

Models based on thin-layer theory describe the process as a sequence of probabilistic events with a
solid theoretical basis stemming from physical principles. However, not all models present good performance,
in many cases the description of drying rates depends on interrelated phenomena such as capillarity, diffusion
and heat transport, in a complex way. In order to improve the performance of drying kinetic modelling, new
methodologies, such as artificial neural networks (ANN) [11,18,22] and stepwise fit regression (SRG) [23-25]
have increasingly gained attention as predictive tools, due to their unique advantages of being non-parametric
models that can handle large amounts of data sets and are capable of doing nonlinear regression. Both
methodologies produce simple models constructed with no need of detailed knowledge of the underlying
system, and these special features have made them applicable in many fields of science. Thus, the present
work aims to compare the use of thin-layer models, ANN and SRG to predict the drying kinetic curves of
shrimp shell and crab exoskeleton at three temperature levels.

MATERIAL AND METHODS

Raw material and sample preparation

Fresh shrimp (Litopenaeus vannamei) and crab (Ucides cordatus) were acquired from a local market in
the city of Sdo Luis, Maranh&o State, Brazil. After cleaning with enough water, shrimp shells and crab
exoskeletons were separated from the meat manually and with use of a hammer, respectively. Each material
was then reduced using a food processor (model Osterizer, Oster, USA), packed in hermetic plastic bags
and stored at -10 °C in a freezer (model BVG24, Brastemp, Brazil) for subsequent testing. In order to obtain
consistent results, the shrimp shells and crab exoskeletons were characterized chemically according with
methods described by the AOAC official methods of analysis [26], as shown in Table 1.

Table 1. Proximate composition of shrimp shell and crab exoskeleton*.

Composition Shrimp shell Crab exoskeleton
Water content (g/100 g, w.b.) 6.702+0.374 17.202+0.548
Protein (g/100 g, w.b.) 39.107£1.791 13.706+0.656
Lipid (9/100 g, w.b.) 2.612+0.887 1.777+£0.593
Ash (g/100 g, w.b.) 23.575+0.466 58.638+0.271
Carbohydrate (g/100 g, w.b.)** 28.004+1.963 8.677+1.120

* Mean and standard deviation of the triplicate. ** Values calculated indirectly by subtraction of the other components. w.b: wet
basis.
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Experimental drying procedure

The shrimp shell and crab exoskeleton particles were dried in a convective dryer (model PE14, Pardal,
Brazil) at temperatures of 30, 45 and 60 °C and air velocity of 3.0 m/s. Each material was first placed on four
cylindrical aluminum plates (diameter of 9.2 cm and height of 2.5 cm) and positioned at the center of the
dryer, where they were weighted using a semi-analytical balance (model UX220H, Shimadzu, Japan) after
defined time intervals until reaching constant weight. The thickness of the material was measured randomly
at different positions on each plate at the beginning and end of each experimental procedure. The relative
humidity and temperature of the dryer were also monitored using a hygrometer (model INS-28, Instrusul,
Brazil). The initial water content of each material was used to express the results of the drying kinetics as a
function of water content on a dry weight basis “d.w.b.”. Before each experiment, the samples were tempered
at the experimental temperature for 60 s, always covering each sample with a plastic film in order to avoid
weight losses and the effects of convective heat transfer.

Mathematical modelling

In this study, thin-layer models, stepwise fit regression (SRG) and artificial neural networks (ANN) were
applied to simulate the drying kinetic curves of shrimp shells and crab exoskeletons at different temperatures.
For this, different functions from the Matlab® 7.1 Statistic Toolbox library (The MathWorks Inc., Natick, MA,
USA) were used to obtain the best fitting results. The functions employed as well as the mathematical
approach applied are described below.

Thin-layer models

The models of Weibull (Equation 1), Peleg (Equation 2), Henderson-Pabis (Equation 3), Logarithmic
(Equation 4), Wang and Sing (Equation 5), Lewis (Equation 6), Page (Equation 7), Midilli (Equation 8), Two-
Terms (Equation 9) and the Diffusion approach (Equation 10) [27-33] were adjusted to the experimental data
by nonlinear regression using the “nlinfit” function, considering the robust fitting option. This function uses the
Gauss-Newton algorithm with Levenberg-Marquardt modifications that iteratively reweigh the response
values and re-compute the least-square fit of a non-linear model.

k,
X :Xe+(XO—Xe)exp(—%j 1)
con (] .
k, + Kkt
X =X, +( X, =X, )k, -exp(-kt) (3)
X =X, +(Xo = X, )k, -exp(—k,t) +k, (4)
X =X, +( X=X, )- (Kt +k,t+1) (5)
X =X, +(X,— X, )exp(—k;t) (6)
X =X, +(X,— X, )exp(—kit*) 7)
X = X, +( X, — X, )exp(—kt* )+t (8)
X =X, +(X, =X, ) (K exp(-k,t)+k; exp(-k,t)) 9)
X =X, +(Xo— X, )k exp(—k,t)+(1—k, )exp(—k, (kit)) (10)

Where X is the moisture content (kg/kg, d.b.), Xe is the equilibrium moisture content (kg/kg, d.b.), X, is
the initial moisture content (kg/kg, d.b.), t is the time (s), and ki, ko, ks and k4 are the drying constants (s; s;
dimensionless).

Stepwise fit regression

SRG was employed combining the factors of temperature and drying time through the function
“stepwisefit”, which uses the best combination of the factors based on adding or deleting the model terms
being evaluated from a significance test (p < 0.05). Thus, the model established by the stepwise procedure
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comprised a set of predictors that had an important effect on the dependent variables, and that best explained
the response according with the interactions being considered [34, 35]. During the modelling by the SRG
method, the four experimental data at each temperature (obtained from the weight measurement of the four
cylindrical aluminum plates) were employed in order to obtain a robust goodness model.

Artificial neural networks

ANNSs are used to describe the relationship of temperature and drying time with water content, using a
unique non-linear model. For this approach, the regression networks feed-forward and cascade-forward
architectures with a hidden layer were considered. The training function Levenberg-Marquardt
backpropagation (trainlm) and the transfer functions: hyperbolic-tangent (tansig, Equation 11), log-sigmoid
(logsig, Equation 12), soft max (softmax, Equation 13) and radial basics (radbas, Equation 14) were assessed
for each network architecture [36]. The number of hidden-layer neurons, which ranged from three to eight,
were tested for each ANN.

2

tansig(n) = :1+exp(—2n):|—l (11)
. 1
logsig(n) = -m (12)
o)
softmax (n) = sum(exp(n)) (13)
radbas (n) = exp(-n’) (14)

Where n is the matrix of net input (column) vectors.

The input and output data were divided into two subgroups, the first subgroup, corresponding to the four
experimental data at each temperature, and the second subgroup, corresponding to the mean from the four
experimental data at each temperature level. Thus, for each neural network, the number of neurons and
transfer function used in the analysis, a loop of eight epochs was carried out in order to determine the best
performance of neural network and best parameter conditions.

Statistical validation

For the three mathematical approaches, the adjusted determination coefficients “Rzadj” (Equation15), the

mean relative error “MRE, %” (Equation 16) and mean square error “mse, dimensionless” (Equation 17) were
employed to evaluate how successful the model was based on the number of model parameters, the
proximity between the experimental and calculated data, and the quality of an estimator or set of predictions
in terms of their variation and degree of bias in the neural network or predicted model, respectively.
Furthermore, the “regstats” function was used to observe the residual values between the experimental and
calculated data and the “lillietest” function was used to determine if the residuals followed a normal distribution
[23].

R, =1-(1- RZ) — (15)

MRE =120 i (16)
1&G, .. 2

mse = i=l(xi —xi) (17)

In Egs. (15) to (17), xi* represents the experimental values; x. represents the estimated values; n is the number

of experimental values, m is the number of estimated parameters and R? is the determination coefficient. A
model with a MRE below 10% is considered to have good accuracy, and a model with a MRE between 10
and 15% is considered to be acceptable [37]. On the other hand, the mse is a risk function corresponding to
the expected value of the squared error loss. Thus, mse is a quality measure of an estimator (it is always
non-negative), where values closer to zero indicates a better result [36].
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RESULTS AND DISCUSSION

Experimental drying data

Figure 1 shows the experimental water content “X” at different drying times for both materials. The
relative humidity of the dried air ranged from 10 — 43 % and from 10 — 46 %, and the sample thicknesses
determined in the experimental procedures were 1.035+0.298 cm and 1.290+0.168 cm for the shrimp shell
and crab exoskeleton, respectively.

The water content (X) of shrimp shells varied in ranges of 3.290 — 0.805 kg/kg, d.b., 3.290 — 0.151 kg/kg,
d.b. and 3.290 — 0.805 kg/kg, d.b., corresponding to times of 0 — 21600 s and temperatures of 30, 45 and 60
°C, respectively. For the crab exoskeleton, the values for X varied between 1.079 — 0.294 kg/kg, d.b., 1.079
— 0.099 kg/kg, d.b. and 1.079 — 0.114 kg/kg, d.b., obtained at times of 0 — 16200 s and temperatures of 30,
45 and 60 °C, respectively. All the experimental data presented a decreasing rate period.

Time intervals taken to reach equilibrium were 18000 s, 16200 s and 13200 s for the shrimp shell and
13200 s, 9600 s and 7200 for the crab exoskeleton, corresponding to temperatures of 30, 45 and 60 °C,
respectively. It was also observed that the curves at 60 °C showed a more pronounced slope than the curves
at 45 °C, that, in its turn, were more pronounced than the curves at 30 °C. This behavior could be associated
with the chemical composition and physical structure of the materials. For the shrimp shell, the carbohydrate
content of 28.004+1.963 g/100g w.b. and protein content of 39.107+1.791 were observed, these being the
components that could be interfering in the transport of water from the surface of the shrimp shell to the hot
air. Shrimp shells contain chitin and chitosan, that can be obtained by chemical and enzymatic hydrolysis,
and in both cases, the use of high temperatures in presence of a catalyzing media (ethanol or sodium
peroxide) could improve the recovery of water-soluble chitosan [5, 38]. This solubilizes the carbohydrates,
referring to chitin and chitosan, easing adsorption of water by the system, since the vapor pressure is reduced
in the material [39, 40]. Studies carried out by Prachayawarakorn and coauthors [41] showed that at high
temperatures, the drying rates are very high due to high water concentrations at the surface, thereby allowing
the water to be removed easily. In addition, the drying rates decrease almost linearly with the moisture
contents.
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Figure 1. Drying kinetics curves for shrimp shell (A) and crab exoskeleton (B) at the different temperature levels. (o)
sample 1, (A) sample 2, (o) sample 3 and (x) sample 4.
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In regard with crab exoskeleton, a high ash composition can be observed, around 58.638+0.271 g/100g
w.b., characteristic of such materials, while the protein content can be attributed to collagen, which is soluble
in water, and the essential amino acids [42]. The outer layer has a heavily calcified cuticle, with a significant
amount of calcium carbonate being replaced by calcium phosphate [6]. Beneath the outer layer there is a
fibrous and semipermeable region, responsible for the energy interactions. According to Chen and coauthors
[43] the exoskeleton contains a microstructure with porous tubules and a ribbon shape that twists in a helical
fashion, conferring stretch and high density. The width of a single tubule is about 1 um and the thickness is
about 0.2 pym. The results revealed a gradient in the calcium content between the exocuticle and the
endocuticle, indicating that the exocuticle is highly mineralized. Such design (great hardness and wear
resistance on the surface) is important in order to understand the direct relationship between the drying
temperature and the dehydration rate described above.

For both products, a drying time of 5 h in the minor temperature (30 °C) was effective to obtain a
consistent dry product that can be used as raw material for industrial applications. Considering the long-term
effect of the drying temperature on chemical composition, slightly higher degradation rates in shrimp shell
were observed compared with crab exoskeleton, even if these do not affect the drying process of the product.
Thus, in terms of processing, useful information was obtained, allowing selection of optimal drying conditions,
as these can be applied to different drying methods, such as solar drying, which may be carried out at
temperatures similar to the lowest temperature investigated in the present work [8, 9, 44].

Modelling with thin-layer models
Table 2 shows the results obtained for the parameters used when employing the thin-layer models.
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Table 2. Results obtained for the parameters in the statistical validation of the thin-layer models.

Model Parameter Shrimp shell Crab exoskeleton
30 °C 45 °C 60 °C 30 °C 45 °C 60 °C
ke 103 120 77 91.866 40.550 63.665
k2 6.535x103  1.712x102  1.696x102  1.688x102  1241x102  2.245x1072
Weibull R 0.998 0.997 0.995 0.994 0.993 0.994
MRE (%) 1.635 12.391 41.905 4.964 17.676 10.874
mse 0.026 0.059 0.109 0.024 0.037 0.029
ke 4983 2099 1266 6080 3065 2476
k2 0.173 0.206 0.225 0.874 0.747 0.799
Peleg R4 0.999 0.996 0.981 0.998 0.980 0.974
MRE (%) 0.616 10.908 66.106 1.476 20.792 21.525
mse 0.013 0.047 0.139 0.007 0.042 0.048
ke 0.999 1.019 1.056 0.960 1.057 1.065
k2 6.312x105  1.457x10+  2.353x10*  1.213x10%  3.259x10%  3.790x10%
Henderson-Pabis R 0.998 0.996 0.992 0.992 0.991 0.993
MRE (%) 1.634 11.027 34.594 3.757 15.430 8.214
mse 0.026 0.054 0.088 0.017 0.033 0.023
ke 1.157 1.074 1.092 0.855 1.099 1.083
k 4.919x10°  1.250x10*  2.100x10%  1.689x10%  2.817x10*  3.537x10%
I ks -0.542 -0.227 -0.156 0.129 -0.059 -0.026
Logarithmic R 0.999 0.998 0.994 0.999 0.994 0.994
MRE (%) 0.519 5.481 30.356 0.528 9.884 8.163
mse 0.011 0.030 0.068 0.003 0.022 0.021
ki 9.989x10°  3.042x10°  4.864x10°  4.889x10°  8.772x10°  9.823x10°7
k2 5.657x105  -1.087x10*  -1.455x10%  -1.192x10%  -1.965x10%  -2.097x10%
Wang and Sing R4 0.989 0.996 0.982 0.993 0.980 0.955
MRE (%) 1.432 10.644 86.405 4.223 24.646 34.276
mse 0.027 0.061 0.137 0.022 0.043 0.065
ki 6.322x105  1420x10%  2.204x104  1293x10%  3.061x10%  3.527x10*
Lewis R 0.998 0.997 0.994 0.995 0.994 0.995
MRE (%) 1.635 12.391 41.905 4.964 17.676 10.874
mse 0.025 0.058 0.109 0.023 0.037 0.029
ke 4.871x10°  5.978x105  2.611x10°  4.644x10*  3.447x10°  4.484x10°
ke 1.028 1.098 1.252 0.854 1.267 1.258
Page R4 0.998 0.998 0.998 0.997 0.997 0.999
MRE (%) 1.357 5.929 11.821 2.036 7.502 1.158
mse 0.024 0.037 0.036 0.009 0.015 0.004
ke 1.151x10%4  9.056x10°  2.963x10°  2.326x10%  4.398x10°  4.517x10°
k2 0.910 1.045 1.236 0.947 1.234 1.257
Vidill ks 2.051x105  -6.072x10%  -2.119x10®  5.158x10%  -1.751x10®¢  -5.542x10°8
R 0.999 0.998 0.998 0.999 0.998 0.999
MRE (%) 0.437 4.953 13.128 0.576 4.411 1.257
mse 0.009 0.029 0.034 0.003 0.011 0.004
ki 9.639x10%  -2.489x102  -7.895x1072 0.049 -0.087 20.107
k2 0.994 0.993 0.993 0.993 0.993 0.993
ks 0.999 1.025 1.078 0.950 1.087 1.107
Two-terms K 6.311x105  1.467x10*  2.412x10*  1.193x10*  3.367x10*  3.965x10%
R 0.998 0.996 0.993 0.992 0.991 0.996
MRE (%) 1.631 10.653 31.929 3.522 14.188 6.491
mse 0.025 0.053 0.078 0.016 0.029 0.017
ke 0.998 1.022 1.078 2.090 1.265 1.626
k2 6.312x10°  1.462x10%  2.208x10%4  1.213x10%4  2.311x10%4  4.952x10%
Diffusion ks 0.993 984 -0.096 0.999 0.341 2.143
approach R 0.998 0.996 0.994 0.992 0.994 0.999
MRE (%) 1.634 10.862 27.966 3.757 10.419 1.944
mse 0.025 0.054 0.072 0.017 0.024 0.006

ki, k2, ks and ks are the drying constant (s; s'; dimensionless). mse: mean square error (dimensionless).

All the thin-layer models tested are key tools in time prediction needed to reach the desired water content,
as well as in the scaling up of the process from laboratory to industrial capacity [10]. However, not all these
models had a satisfactory statistical evaluation. For shrimp shell, the models of Page (with R%4; = 0.998, MRE
< 11.821 % and mse < 0.037) and Midilli (with R%g > 0.998, MRE < 13.128 % and mse < 0.034) were the
best models to fit the experimental values. On the other hand, the models of Weibull, Logarithmic, Page,
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Midilli, Two-terms and the Diffusion approach were the best to fit the results of crab exoskeleton, the Midilli
model showing the best statistical accuracy, with R%g > 0.998, MRE < 4.411 % and mse < 0.011.

The thin-layer and monolayer empirical models are usually used for foodstuffs and rarely for Crustacea,
but some studies concerning Crustacea were found in the literature, such as the drying kinetics for yellow
squat lobster (Cervimunida jhoni) [19], the drying kinetics for shrimp [45, 46] and sorption isotherms for shrimp
[41]. In addition, the drying curves of shrimp shell, for example, show a tendency for good accuracy when
modelled at temperatures of 30 and 45 °C, showing poor accuracy at a temperature of 60 °C. Therefore the
kinetic constants of the results did not show a linear tendency with respect to the temperature, making it
difficult to use these models to find an Arrhenius-type relationship or even integrate their constants to relate
them to a diffusive coefficient [32, 47].

Figure 2 shows the statistical performance between the experimental and calculated data for the best
fitted models.
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Figure 2. Residual analysis between the experimental and calculated drying curves using the best fitting models of
Page for shrimp shell (A) and Midilli for crab exoskeleton (B).

Modelling with the stepwise fit regression method

To use the SRG method, four samples data of both materials were used, combining the factors of
temperature (T) and drying time (t), showing 9 and 8 correlations, first order to third order, with the best
performance for the X responses for the shrimp shell and crab exoskeleton, respectively. Table 3 shows the
results fitting of linear/quadratic interactive regression models, which were simple to construct but required
large sets of experimental data.
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Table 3. Results obtained in the multi-nonlinear regression using the stepwise fit method.
Material Parameter Value p <0.05 R?adj MRE (%) mse
Intercept 3.463
t2 1.876x10® 7.016x1072
txT -1.068x105 4.143x10°7?
exp(T) 8.143x10-28 0.029
Shrimp shell 3 -1.000x1012 3.502x10-46 0.992 21.367 0.077
T3 -1.872x106 6.737x1012
T2xt3 -8.389x10Y7 0.001
Txt3 1.896x1014 7.145x1017
txT3 8.289x10-10 1.625x1041
Intercept 1.144
t2 1.727x108 3.806x10-%
T2 -2.992x10% 1.149x1014
txT -6.851x106 8.775x10-150
Crab exoskeleton 3 1.402x1012 6.989x10 74 0.988 10.149 0.028
T2xt3 -3.602x1016 3.665x10-3%°
Txt3 3.820x10-14 7.191x1058
txT3 8.496x108 4.191x10%7

--- (not apply), t: is the time (s), T: is the temperature (°C) and p: is the probability of the factor F. mse: mean square
error (dimensionless).

Table 3 shows that values of R%g = 0.992, MRE = 21.367 % and mse = 0.077 were obtained for shrimp

shell, and of R?%g = 0.988, MRE = 10.149 % and mse = 0.028 for crab exoskeleton. Thus, the statistical
results for the responses of X can only be considered suitable for the shrimp shell, the value for MRE obtained
in the model for the crab exoskeleton being too high. Once again, the experimental data obtained at the
temperature of 60 °C produced a non-linear tendency, resulting in low accuracy of the fitted model, as can
be seen in Figure 3A. Even so, the use of parameters with coefficients to an order equal to 3 to build the
interactive models lead to a good statistical performance, not producing overestimated results for the
responses of X.
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Figure 3. Residual analysis between the experimental and calculated drying curves for shrimp shell (A) and crab
exoskeleton (B) using the stepwise fit regression models.

In general terms, the use of this method to model the drying kinetics of agricultural or maritime wastes
should be more explored, since a single model can be obtained as a function of multiple variables produced
in a drying process, e.g. hot air velocity, relative humidity at the entrance and exit of the equipment, and the
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drying temperature, amongst others. Some studies applied to microwave and air drying processes [25],
biological processes [48], to the identification of acoustic fields in lignocellulose biomass [24] and the
production of total and reducing sugars [36] pre-treated with power ultrasound, explored the SRG method
and obtained well-fitting models. Thus, in the present research, the use of fitting methodologies such as SRG
and ANNs was recommended to describe the behavior of the water content as a function of the temperature
and drying time.

Modelling with ANN

Table 4 shows the results obtained for the performance of ANN as well as the statistical validation.

The results above show good statistical validation for both ANN architectures employed, since, for the
shrimp shell, the transfer function “tansig” with six neurons in the hidden layer presented the best evaluations
for the feed-forward network (Rzadjz 0.998, MRE = 3.516 % and mse = 0.023) and the cascade-forward

network (Rzadjz 0.998, MRE = 3.347 % and mse = 0.023). Similarly, for the crab exoskeleton the transfer

function “tansig” with four neurons in the hidden layer also presented the best evaluations for the feed-forward
network (Rzadj: 0.996, MRE = 5.848 % and mse = 0.013) and the cascade-forward network (Rzadj= 0.996,

MRE = 5.840 % and mse = 0.013). In the modelling procedure, the tansig transfer function converged into 8
epochs. The selection of six and four neurons in the hidden layers to obtain the best results for both materials
and neural networks was determined in the tests, to avoid the overestimated parameters observed with five,
seven and eight neurons. Thus, the feed-forward and cascade-forward networks can be employed to simulate
the drying kinetic curves of the shrimp shell and crab exoskeleton in the temperatures range from 30 to 60
°C. Figure 4 shows the architectures with the best modelling parameters for the feed-forward and cascade-
forward networks, and Figure 5 the statistical performances of the modelling.

Table 4. Best results and statistical validation of the neural network analysis.
Transfer Number of

MRE

Material ANN tunction  Neurons parameters R2aqj (%) mse
tansig 6 25 0.998 3.516 0.023

Feed- softmax 7 29 0.998 3.321 0.023

forward logsig 8 33 0.998 3.300 0.022

Shrimp shell radbas 8 33 0.998 3.356 0.023
tansig 6 27 0.998 3.347 0.023

Cascade- softmax 7 31 0.998 3.399 0.023

forward logsig 7 31 0.998 3.345 0.023

radbas 7 31 0.998 3.306 0.023

tansig 4 17 0.996 5.848 0.013

Feed- softmax 5 21 0.996 5.891 0.013

forward logsig 5 21 0.996 5.836 0.013

radbas 5 21 0.996 5.887 0.013

Crab exoskeleton tansig 4 19 0.996 5840  0.013
Cascade- softmax 5 23 0.996 5.849 0.013

forward logsig 4 19 0.996 5.924 0.013

radbas 4 19 0.996 5.922 0.013

mse: mean square error (dimensionless).
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Feed-forward Cascade-forward

Figure 4. Architectures of the best ANNs for the simulations
exoskeleton (B).
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Figure 5. Residual analysis between the experimental and calculated drying curves for shrimp shell (o) and exoskeleton
crab (+) using the best ANN architectures.
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Mathematical models for the feed-forward and cascade-forward architectures were obtained from Figure
4 as shown in Equations. (18) and (19) respectively:

f(x)=l//|:[i¢ia)ik+5k}+ n w}k} (18)

i k=1 jk=1

f(x):zw§+y{[2¢iwik+5kj+ Zw}k}"'éj (29)

ij=1 ik=1 j k=1

Where ouoij are the weights of the product between the inputs (i) and outputs (j) of the network, ¢. are the
inputs of the network, w, are the weights of the product between the inputs and neurons of the hidden layer,
0, are the biases of the neurons in the hidden layer, wljk are the weights of the product between the neurons
of the hidden layer and the outputs of the network, 5J is the bias of the output network and  is the tansig
transfer function [2/(1+exp(-2a;j))+1] [36, 49].

The cascade-forward neural network was reported for use in the vapor—liquid equilibrium of binary
mixtures [49], in oil extraction by supercritical fluids in a packed bed [50], in complex-images analyses [51]
and in the hydrolysis of biomass with high intensity ultrasound [36], providing the modelling for complex
relationships, especially for complex values, that can be investigated without complicated equations. On the
other hand, the feed-forward network was employed in the modelling and control of the drying process of
grape [22], in the prediction of the drying kinetics of carrot cubes during fluidized bed drying [11], and in the
simulation of the drying of seedy grape [52] and tomato [53], since this architecture has been the most used
by researchers in the simulation of drying process. When comparing the SRG method with the ANN method,
the ANNSs show better predictive power for complex behaviors than the stepwise regression models, although
both methods have hardly been used in the field of modelling and simulation of the drying process. Lastly,
the predictive power of the ANNSs is reflected in the statistical evaluation itself, through the results of MRE
(less than 10%) and mse (close to 0), indicating a strong proximity between the simulated values and
experimental data, as shown in Figure 6.

Experimental 30°C

Expenmental 45°C

Experimental 80°C

Feed-forward ANN
s Cascade-forward ANN

SRG

Page mode!
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Figure 6. Comparison between the ANNs, SRG and thin-layer methods on the modelling of the drying rates of the
shrimp shell (A) and crab exoskeleton (B).

CONCLUSIONS

In the present study, the thin-layer drying kinetics of shrimp shell and crab exoskeleton were investigated
experimentally, and a relationship determined between drying time (shortening) as drying temperature
increased. Also, all the experimental drying kinetic curves showed a decreasing rate period. Thin-layer
models, stepwise fit regression (SRG) and artificial neural networks (ANNs) were employed successfully in
the modelling of the drying kinetics. For this purpose, the modelling with thin-layer models was carried out
for each temperature, whereas the SRG and ANN were optimized for the whole temperature range of the
study. In terms of accuracy, the trained recurrent ANN models were validated with experimental data and
found to attain higher predictive quality than the stepwise fit regression method and thin-layer models. The
ANN architectures developed and the subsequent models could be used to determine the appropriate drying
conditions to reach the optimal energy efficiency in convective drying. Moreover, thin-layer models with
theoretical parameters as a function of the temperature, e.g. the diffusion coefficient, could be employed to
model the drying kinetics of shrimp shell and crab exoskeleton with greater accuracy. Finally, modelling with
the SRG and ANNs methods could be applied to other products as well.
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