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Abstract

In the experiment of this article, the artificial neural network (ANN) was used to establish the sturgeon bone
marrow drying model. Further, the effects of different temperatures (40, 60, and 80°C), humidities (0, 20, and
40%), and air velocities (8, 16, and 25 m/s) on the drying characteristics of sturgeon bone marrow were stud-
ied. The studies had shown that with the increase of drying temperature, the acceleration of air velocity, and the
decrease of humidity, the sturgeon bone marrow can be dried in the shortest period of 100 min. This study used
ANN to feasibly predict dried sturgeon bone marrow moisture ratio, based on the time, temperature, humidity,
and air velocity drying inputs. The results revealed that 11 hidden neurons were selected as the best configura-
tion to predict the moisture ratio. This network was able to predict moisture ratio with R value 0.996. This model
correctly predicted the optimal drying conditions and established that temperature is the single most significant
factor in determining the drying time of sturgeon bone marrow. It is expected that this system will have broader
application in other food drying requirements.
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Introduction

Sturgeon is one of the most ancient bony fishes, the
class Osteichthyes (Guo et al., 2017), and one among
the most important cold-water fishes farmed commer-
cially (Hao et al., 2015; Gui et al., 2014). In 2017, the
output of Chinese sturgeon breeding reached 83,058
tons, an increase of 5.45% from 2016 (Xu et al., 2018).
China accounts for 80% of the world’s sturgeon popula-
tion (Gui et al., 2015). We are interested in the sturgeon
bone marrow that is taken from the spines of adult speci-
mens farmed for at least 7 years, with a protein content of
70 g per 100 g of dry tissue, abundant amino acid com-
ponents, and numerous trace elements (Guo et al., 2019).

The most suitable processing method for sturgeon bone
marrow is water bath heating, with heating at 100°C for
1.5 h yielding the best sensory evaluation, texture, rehy-
dration characteristics, etc. (Jiang et al., 2019, 2021).

According to the data provided by the cooperative enter-
prises, sturgeon bone marrow products are mostly sold
frozen or dry. Frozen products are difficult to transport and
store, and dry products are not directly edible. The com-
mon dried sturgeon marrow on the market is directly dried
from fresh marrow. Before consuming it, it is necessary
to soak the dry product for 72 h and to steam it for 1.5 to
2 h. Drying is one of the oldest techniques for food preser-
vation (Thrupathihalli et al., 2012). However, the process
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is time-consuming, so improving the process will pro-
mote industrial development. In this paper, a proposal is
presented for using heat-treated sturgeon bone marrows
as raw materials for drying. After drying, the dried stur-
geon bone marrows need to soak for only 3 h before con-
sumption or cooking.

Artificial neural networks (ANNs) offer good perfor-
mance in the best approximation of nonlinear functions
and have obvious advantages for optimizing test process
parameters and predicting test results (Jafari et al., 2016;
Yu et al., 2015; Thirupathihalli et al., 2014). ANNS have
been successfully employed in a variety of food process-
ing systems, including drying, baking, and visual inspec-
tion, as well as in the prediction of food properties and
quality indicators (Turkay et al., 2017; Poonpat et al.,
2014). Furthermore, ANNs have been successfully used
to describe the drying behavior of other natural prod-
ucts such as codfish (Camila et al., 2011), salmon (Jiang
et al., 2022), and shrimp (Imran et al., 2014). The most
important factors of effective modeling of drying systems
are simulation, prediction, optimization, control, mode
detection, and fault diagnosis (Mortaza et al., 2015).

In this paper, an ANN is presented to simulate the drying
process of sturgeon marrow, providing a theoretical basis
for industrial production.

Materials and methods
Raw materials

In this research, the sturgeon bone marrows were pro-
vided by Quzhou Xunlong Aquatic Products Sci-tech
Development Co., Ltd, in Quzhou, Zhejiang, China,
taken from adult sturgeon over 7 years of age after
slaughter. A total of 54 sturgeon bone marrow samples
weighing 600 + 52 g each were transported to the labo-
ratory using refrigerated transportation. Figure 1 shows a
sample of frozen marrow.

Cooking experiment

Before the experiment, the frozen marrow was cut
(length x diameter) into (50 + 2) mm x (20 + 2) mm
sections. Existing research indicates that increasing
temperature reduces the heating time with little change
in quality. Each marrow sample was placed in a plastic
bag with water at a marrow: water ratio 1:10, heated in
a water bath at 100°C for 1.5 h, and then the sample was
removed and permitted to cool to room temperature.
Then the marrow samples were cut into 3 + 0.2 g pieces
for further examination (Jiang et al., 2021).
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Figure 1.

Frozen sturgeon bone marrow.

Moisture ratio

The moisture ratio of the marrow during the drying
experiments is calculated using the following equation
(Akin et al., 2014):

MR _M¢-M, 1)
M

— Me
i~ Me
where MR, M,, M,, and M, are the moisture ratio, mois-
ture content at a specific time, initial moisture content,
and equilibrium moisture content, respectively.

Drying process

The processed samples were randomly divided into 27
groups, which were placed in the sections of a hexagonal
bamboo placemat before being put into the drying oven
(Model SCC WE 101, RATIONAL Co., Ltd., Germany) to
start the drying procedure. Experiments are conducted
at drying temperatures of 40, 60, and 80°C, with humidity
at 0, 20, and 40% relative humidity. Most models do not
consider variable air velocity for the sake of a uniform pro-
cess (Malekjani et al., 2013; Ali et al., 2008). However, air
velocity is one of the greatest factors that influence drying
(Viviana et al., 2014; Mohammad et al., 2015). Therefore,
air velocities considered are 8, 16, and 25 m/s. Each set of
experiments is repeated using marrow samples weighing
approximately 15 g. The change in mass of the samples is
measured at 5-min intervals initially, gradually increased
to 2-h intervals once the moisture content reached 15% or
less or the mass change was less than 0.01 g/h.
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Artificial neural network implementation

An ANN is an algorithm that computes a series of out-
puts from a set of input data (Shi et al., 2017). ANN is
implemented to a three-layer like one shown in Figure 2
usingan error backpropagation algorithm (Extended Back-
Propagation Algorithm or Back-Propagation Algorithm)
with a momentum adjustment and an adaptive learning
rate (Shrestha et al., 2017).

The three kinds of layers in the ANN are known as input,
hidden, and output layers. Egs. (2) through (4) express
the inputs of the input layer.

H =[(1; xwyp) + by 1+ [Ty x Vo) + by I+ -+ [(I; xuyp) + by ] (2)
HE =[(1 x Wyp) + by ]+ [(Iy x Vap) + bp ]+ +[(I; xup) + bp] (3)
HY =[(I) x wyj) + by ]+ [(Iy x vgy) + byl -+ + [ xug) + byl (4)
Eq. (5) expresses the outputs of the hidden layer:

Hp = {(HY) (5)
The input signal to the output layer is estimated using Eq. (6):
Of =[(HE xXy1)+ by ] +[(HE xXg;) + by ]+ +[(HE x X)) + b1 (6)
The final output can be expressed as:

06 =£(0}) (7)

The neural network Toolbox and MATLAB R2012a were
used to develop this implementation, employing Matlab’s
Toolbox to write the program, load data files, train and
validate the network, and save the model architecture. To
predict the moisture ratio of the marrow during the drying

Input layer

Hidden layer

Output layer

Figure 2. The ANN structure for the single layer network.

process, four variables were used as input nodes to ANN
model, including temperature (four levels), air velocity (three
levels), humidity (three levels), and drying time. The mois-
ture ratio of the marrow was taken as the target variable.

Before training the network, it is necessary to standard-
ize the input and output data to express the correlation
between them accurately. Further, the general weight
value of both input and output data between [0,1] is nor-
malized (Tatar et al., 2014; Lato et al., 2014) according to
the equation

X = i min (8)

where x; X, X, and x,, are the weight values before
and after pretreatment of neural i, and the minimum and
maximum weights of each neural network, respectively.

The Levenberg-Marquardt (TRAINLM) algorithm was
selected as the training function in this model (Menlik et al.,
2010). In this study, the analysis data of drying process were
randomly divided into three parts: the first part was used to
train the network and consisted of approximately 70% of the
total data points; the second part was used to validate the
network and consisted of approximately 15% of the sam-
ples. The third part is that the remaining 15% were used as
experimental inputs (Dariush et al., 2015; Guine et al., 2015).
The different numbers of neurons in the hidden layer were
considered. The best possible ANN structure is determined
using the least mean square error (MSE) metric. An MSE
of 0.01 was deemed to indicate convergence. A maximum
of 1000 iterations were allowed to ensure that the network
completed the training process.

Statistical analysis

Nonlinear regression was conducted using MATLAB
(R2012a, MathWorks, Natick, MA) to develop the drying
kinetics models. The curve fitting tool in MATLAB was used
to develop empirical models from the data. Best fit mod-
els were selected based on the R? root mean square error
(RMSE), and residual sum of squares values. The results
of the model obtained from MATLAB were exported to
Microsoft Excel 2016 (Microsoft, Redmond, WA) and origin
8.5 (Origin Lab, Northampton, MA) for further analysis.

Results and discussion

Drying curves

The weight loss of the marrow during the drying process
is mainly due to the result of water evaporation on the

86

Quality Assurance and Safety of Crops & Foods 15 (1)



surface. Figure 3 shows that the rate of moisture content
loss is related to drying temperature, drying time, rela-
tive humidity, and drying air velocity. Before drying, the
bone marrow contained a large amount of water. In the
early stage of drying, there is significant free water on the
surface of the marrow, and most of the water evaporates.
At this point of time, the marrow had large moisture con-
tent and large amount of water, forming a larger gap with
the surrounding hot air and enabling the water gradient’s
ability to push water outward. As the drying progressed,
the moisture ratio of the marrow tended to be flat. The

Application of an artificial neural network model

moisture content gradually decreased, the amount of
water between cells was greatly reduced, resulting in the
decrease of the role of water gradient. At the same time,
it was difficult for bound water linked by hydrogen bond-
ing forces to precipitate from the cells, greatly slowing
the drying process.

Referring again to Figure 3, higher temperatures yielded
shorter drying times and better drying efficiency, requir-
ing only 100 min at 80°C but 240 min at 40°C. In all
cases, the 80°C drying rate was higher than any other

Figure 3. Experimental results for drying tests under different temperatures, humidities, and air velocities showing the
moisture ratio (MR) change over time. Air velocities of 8, 16, and 25 m/s are represented by light blue, green, and red circles,
respectively. Humidity levels of 0, 20, and 40% are represented by ‘x’, ‘®’, and ‘LI’, respectively.
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Number of neurons in the hidden layer

Figure 4. Experimental results used to determine the number of hidden layer neurons.
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Figure 6. Comparison between experimental and predicted drying time values during training, validation, and testing of the
4-11-1 ANN model.
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conditions of the same temperature. Under the high tem-
perature condition of 80°C, the influence of humidity and
air velocity on drying was different. In the presence of
high temperature, humidity and air velocity play auxiliary
roles. The conditions of 80°C, 0% humidity, and 25 m/s
air velocity had the shortest drying time. However, at
60°C, 0% humidity, and 16 m/s air velocity, the effect of
humidity was significantly greater than the effect of air
velocity on drying. At 40°C, 40% humidity, and 25 m/s air
velocity, the effect of air velocity was significantly greater
than the effect of humidity on drying. At 40°C, 40%
humidity, and 8 m/s air velocity, spoilage occurred after
drying 960 min, so the experiment was terminated early.
Three different drying conditions (temperature 80°C,
humidity 20% and air velocity 16m/s; temperature 80°C,
humidity 20% and air velocity 25m/s; temperature
60°C, humidity 0% and air velocity 16m/s) were respec-
tively screened out by taking the drying time and quality
of sturgeon bone marrow as comprehensive evaluation
indexes. Through the research, it is found that the qual-
ity characteristics of 80°C, 20% humidity, and 16 m/s air
velocity were close to those before drying after rehydra-
tion at different water temperatures (Jiang et al., 2021).
Therefore, comprehensively considering this condition,
this effect was the best, and it can be used as the most
suitable processing condition by industries and enter-
prises to process dried sturgeon bone marrow.

Analysis of the artificial neural network model

Only a single layer was used in this implementation
because more layers may cause the local minimum
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problem (Rai et al., 2005; Li et al., 2016; Martinez et al.,
2012). The optimal topology was chosen by determin-
ing the minimum error during testing. Each topology
was tested five times to avoid random correlation due to
the random initialization of the weights (Mansour et al.,
2011). Figure 4 illustrates the network performance for
varying numbers of neurons in the hidden layer with the
testing data. The number of neurons in the hidden layer
is determined by predicting the percentage change in the
moisture ratio. After repeated trials, it was found that
a network with 11, 17, or 19 hidden neurons produced
the best performance. By calculation, the R for 11 hidden
neurons was higher than the 17 and 19 hidden neurons
implementation. Fewer layers lead to less running time
and 11 hidden neurons were chosen in this experiment.

In summary, it is found that the feedforward backprop-
agation training algorithm was well suited for predic-
tion of the moisture ratio based on different parameters
Figure 4 shows that the ANN structure with 4 inputs, 11
neurons in the hidden layer, and 1 neuron in the output
layer had the lowest MSE (0.00232), and the highest R
(0.99605) values in test period. Figure 5 shows the train-
ing error for different numbers of iterations.

Using MATLAB'’s features, the dataset was randomly
divided into the three parts mentioned early: training,
testing, and verification. A total of 27 different condi-
tions and obtained 496 data points were tested. Of those
496, 348 is used for training, 75 for testing, and 75 for
model validation. According to the estimated values of
R in Figure 6, the best network topology occurred with
4 input layer neurons, 11 hidden layer neurons, and

Table 1. ANN model topology for moisture ratio prediction, with values of weights and bias obtained for an optimal network.

Model characteristics Values
Topology 4-1141
Initial weight matrix (source: input; destination HL) r 7
-1.4305 -2.2014 3.5009 -—3.8428
7.7119 -7.2710 -0.8717 0.6137
—0.1454 09595 -0.3140 0.9181
0.5702  0.3421 -0.5367 0.9502
-3.3235 5.4527 —-4.6607 —3.6490
1wl =| 85492 01754 —-0.0908 0.1631
-2.7213  5.3104 -1.7452 -1.9558
3.0856 0.3166 0.3397 0.6002
-29121 -5.8152 -3.8003 1.3869
9.6881 0.8348 -0.7717 0.3471
—3.2554 —-22381 23626 -0.2155

Bias (destination: HL)
Layer weight matrix (source: HL; destination: OL)

Bias (destination: OL) b= [4.8956]

b(=[5.1724 0.0327 0.2961 0.5063 0.9072 9.5942 0.2337 3.3486 2.6256 9.1663 5.6435]"
LW@1=[0.2755 0.2177 0.2495 0.4243 0.0935 4.6664 0.1261 0.5643 0.0431 0.3020 0.2994]
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1 output layer neurons, with the tansig transfer function
and the Levenberg-Marquardt training algorithm.

Table 1 shows the weights and bias estimation model data
obtained by the ANN tool MATLAB R2012a. ANN accu-
rately predicted the drying behavior of the sturgeon bone
marrow. The BP model was chosen suitable for this study
not only because of its accuracy but also because of its
generality, being able to predict the behavior of the entire
experimental range (Sarimeseli et al., 2014). The model
parameters described in this section (Table 1) along with
the others defined are almost certainly useful for apply-
ing this model to moisture ratio prediction in other food
products (Tarafdar et al., 2018).

Conclusion

The implementation of a feedforward backpropagation
neural network has demonstrated the suitability of the
proposed system for drying sturgeon bone marrow. The
network successfully fitted the drying factors tempera-
ture, humidity, and air velocity to dry the marrow as
quickly as possible. Further, the test results reveal that
the drying factors interact with each other, with tem-
perature exerting the greatest overall influence. Also,
the number of neurons in each layer of the network is
optimized based on the MSE. The accuracy of the model
can be improved with the additional study of the struc-
ture and parameters of the neural network. In future, the
applicability of ANN to other foods will be studied.
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