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ABSTRACT

Liquid-liquid extraction is a chemical unit operation that utilizes the difference in solubility or
distribution ratio of target components in two immiscible solvents to achieve separation, extraction
or purification. There are many factors that affect the extraction efficiency, and it is difficult to
quickly optimize the process using traditional methods. Artificial neural network is a system
structure composed of multiple artificial neuron models, with functions such as self-learning,
associative storage and fault tolerance. It can be used for optimization or control of multi-variable
complex systems, and has been successfully applied to the extraction process of various products.
optimization. This paper discusses the basic situation of artificial neural network, and analyzes the
research progress of extraction process optimization based on neural network.

Keywords: Artificial neural network; model; extraction; application research.

1. INTRODUCTION

Artificial neural networks have the four basic
characteristics of non-linearity, non-limitation,
very qualitative and non-convexity [1]. They are
mainly used to solve the two types of problems of
regression and classification.

Artificial neural networks have been widely used
in the fields of pattern recognition, intelligent
robots, automatic control, predictive estimation,
etc., and have helped solve many practical
problems. For example, in the field of intelligent
control, artificial neural networks can be used to
control smart cars. Combine it with open CV for
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3D perception and object detection in unmanned
driving technology. It can also make intelligent
garbage classification more accurate in the field
of garbage classification.

As the core technology of artificial intelligence,
the importance of artificial neural networks has
gradually emerged, and has been widely used in
many fields such as chemistry and chemical
engineering [2-4], and it is worthy of in-depth
study. This article mainly introduces the
application status and research progress of
artificial neural networks in the chemical field of
extraction.

2. OVERVIEW OF ARTIFICIAL NEURAL
NETWORKS

2.1The Origin and Development of

Artificial Neural Network

Artificial neural network (ANN) is an operation
model composed of a large number of
interconnected neurons. It simulates the
processing method of the human brain from the
perspective of information transmission. Its main
function is to receive signals, process signals
and output signals. This model originated from
the MP model [5] established by psychologist
McCulloch and mathematical logician Pitts in the
1940s. Since then, the era of artificial neural
network research has arrived. In the 1960s,
although the advent of perceptrons and adaptive
linear components further improved the neural
network model, which promoted the development
of artificial neural networks, under the influence
of Minsky and others, as well as the background
of the era when the development of new types of
computers and new ways of artificial intelligence
was unnecessary and urgent, the research of
artificial neural networks fell into a low ebb. Until
the 1980s, the physicist Hopfield proposed the
Hopfield neural grid model and the continuous-
time Hopfield neural network model, which
strongly promoted the research of neural
networks, and then Boltzmann model, BP
algorithm [6] and parallel distributed processing
theory, new self-organization theory, etc., all of
which promoted the development of artificial
neural networks [7]. Since the 21st century, the
concept of deep network and deep learning has
triggered an upsurge in artificial neural network
research, which has led to its rapid development.

The many advantages of artificial neural network
make it attract much attention in various fields.
For example, Gao et al. [8] proposed a three-
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layer WPP Model considering historical power
measurement data and Numerical Weather
Prediction (NWP) systems which can be used to
predict the power variation law of wind turbines.
In the field of construction engineering, artificial
neural networks are used to predict concrete
strength and find the nonlinear input-output
relationship between concrete strength and its
influencing factors [9,10]. In addition, artificial
neural networks are used in the field of plant
diseases control [11-13], process control and
optimization [14-16], troubleshooting [17-19],
intelligent control of industrial product assembly
line [20-22], robotic surgery [23-25], intelligent
driving [26-28], chemical product development
[29-31], signal processing [32-34], and so on.

2.2 BP Neural Network Model

The BP neural network model is one of the most
widely used neural network models [35]. It is a
multi-layer network trained according to the error
back propagation algorithm [36]. BP neural
network is a typical multi-layer forward network,
that is, each neuron in the network accepts the
input of the previous level and outputs to the next
level, and there is no feedback between the
layers. The biggest feature of this kind of neural
network is that it can learn and store a large
number of highly nonlinear mappings without
having to establish a mathematical equation
describing the mapping relationship in advance.

As shown in Fig. 1, the structure of the BP neural
network model includes an input layer, an output
layer and a hidden layer [37]. The hidden layer
can be multiple layers, and each layer can have
multiple nodes. The process of BP neural
network operation is to input the information from
the input layer and then process the hidden layer
and transmit it to the output layer. If the expected
output is not reached, the error signal is returned
in the original way, and then the weight and
threshold of the network are continuously
adjusted. Minimize the sum of squared errors of
the network. It can be seen that the learning
process of the BP algorithm uses the steepest
descent method, through the forward
propagation of information and the back
propagation of errors to continuously modify the
connection weights between neurons in each
layer, so as to minimize the error signal. The
neuron transformation function adopts the
Sigmoid function, which realizes any non-linear
mapping from input to output. Although the BP
neural network has some shortcomings such as
slow learning convergence speed and easy to fall
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into local minimums, many studies have
proposed corresponding improvement measures
for these shortcomings [38].

Fig. 1. The structure of the BP neural network

In recent years, the BP neural network model
has been widely used in various fields. For
example, in the flight test binocular vision
measurement engineering application, there are
many non-linear influencing factors in the
calibration link of the airborne camera, and it is
difficult to establish a strict and accurate
mathematical calibration model. Some
researchers apply the BP neural network to the
calibration of airborne camera, it was found that
the camera calibration accuracy based on the BP
network is high, which can meet the mission
requirements of the flight test. Before applying
the BP network algorithm to dual-camera
calibration, it is necessary to prepare input and
output samples. The entire BP network
construction and training process is completed
through the matlab neural network toolbox. In
order to speed up the convergence of the training
network, unify the data collection unit and adapt
to the transfer function between the hidden layer
and the output layer, the linear function
conversion is used to normalize the sample data,
which is also beneficial to the output data
conversion after using the network. The actual
evaluation results also show that the camera
calibration based on BP network has high
accuracy and can meet the requirements of flight
test tasks. The application of BP neural network
in airborne camera calibration is feasible [39]. In
addition, the BP network is also introduced into
the star map recognition algorithm to improve the
poor robustness of the grid algorithm and
increase the recognition speed. This is the use of
the BP network itself to quickly recognize the
characteristics, and it matches the star database.
Parallel processing is selected between the
navigation star database and the characteristic
star database, which shortens the matching time
[40]. In the field of information security, some
researchers have proposed a method for judging
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the credibility of node information based on the
BP network for the problem of the credibility of
node information in wireless sensor networks.
The traditional node security communication
scheme is to use symmetric encryption method
to encrypt the information transmitted by the
node, and use asymmetric encryption method to
authenticate the identity of the node. This
scheme requires a huge amount of calculations.
Due to the limited computing power of sensor
nodes, it is inconvenient to perform a large
number of encryption/decryption operations, and
security issues cannot be well protected after the
key is cracked. In order to reduce the amount of
node calculations, extend the life cycle of
wireless sensor networks, and improve system
security performance, when the data collected by
sensor nodes arrive at the border router after
being routed in the area, the BP neural network
judgment method can be set in the border router
to determine the node data This method can
accurately determine the interference of illegal
data and clear the interference data. This method
can also be combined with traditional security
assurance methods to further enhance system
security [41].

2.3 RBF Neural Network Model

The radial basis function network model is an
artificial neural network model that uses the
radial basis function as the activation function.
The RBF network [42] is based on the function
approximation theory and is also a forward

network. However, compared with the BP
network as a typical global approximation
network, the RBF network is a local

approximation network, which only exists in a
certain local area of the input space. A small
number of neurons are used to determine the
output of the network. For this reason, compared
with the BP network, the RBF network is usually
larger in size and faster in learning speed, and
the function approximation ability, pattern
recognition and classification ability of the
network are better.

As shown in Fig. 2, the RBF network model is
also composed of input layer, hidden layer and
output layer [37]. On the whole, the
transformation of the network from the input layer
to the hidden layer is nonlinear, and the
transformation from the hidden layer to the
output layer is linear. That is, the mapping of the
network from input to output is non-linear, while
the output of the network is linear for the
adjustable parameters, which greatly speeds up
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the learning speed, and can avoid falling into
local minima, and has good versatility [43].

Input layer

Hidden layer

Output layer

Fig. 2. The structure of the RBF neural
network

In recent years, the application of RBF neural
network has become more and more extensive.
For example, in terms of gesture recognition,
applying the RBF network to the gesture
recognition device can improve the problem of
low accuracy and slow response speed of the
gesture recognition system. This is because the
current gesture recognition is mainly realized
through cameras and various sensors. When
processing gesture data, the collected gesture
capacitance data has a large difference, and
cannot be represented by an accurate linear
relationship. RBF network is a non-linear
dynamic system. For some problems with
unclear rules, complex test conditions,
incomplete or sudden samples, RBF networks
can provide reliable analysis results through the
analysis and training of samples. The
experimental results also show that the gesture
recognition device based on the RBF network
has a high recognition accuracy and a fast
response speed. Compared with the camera-
based gesture recognition device, gesture
recognition devices using RBF networks have
the advantages of low power consumption, low
cost, and easy operation. While being easy to
implement, it satisfies the accuracy and real-time
requirements of gesture recognition technology
in human-computer interaction, and can be
widely used in gesture recognition systems of
human-computer interaction devices such as
smart homes [44]. In addition, the RBF network
also plays an important role in the defect image
recognition and processing technology. Defective
image refers to the part that is difficult to identify
in the image, which has a high degree of difficulty
for the defect image recognition and processing
technology itself. In our country, the traditional
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defect image recognition and processing
technology generally has the problem that the
application effect cannot reach the expected
effect in the actual application process. There are
also certain limitations in the research of defect
image recognition and processing technology.
The recognition of the defect image is mainly
realized by establishing the defect image feature
recognition matrix and obtaining the defect image
feature recognition projection. Applying the RBF
network to the research of defect image
recognition and processing technology, using the
RBF network to process local feature descriptors
can directly reflect the subtle component
information in the defect image, and greatly
improve the resolution of the defect image
recognition and processing. Helped to complete
tasks that cannot be achieved by traditional
recognition and processing technologies. Firstly,
RBF network is used to divide information space,
physical space and human cognitive space.
High-frequency information is divided into
information space and physical space, and low-
frequency information is divided into human
cognitive space. The best fitting plane of training
data is found in the multi-dimensional space.
Then, the original defect image and the
processed defect image were set as two groups
of channels. Finally, defect image output
processing is carried out according to the vector
of feature descriptors, so that the defect image
can be directly input or output processing.
Through the above steps, the experiment
successfully achieved good results [45].

3. APPLICATION STATUS OF ARTIFICIAL
NEURAL NETWORK IN EXTRACTION

3.1 Extraction

Extraction is a unit operation that uses the
different solubility of the components in the
solvent to separate the mixture. It is mainly
based on the law of distribution. Compared with
other separation methods, the extraction can be
carried out at room temperature, and the
operation is simple and convenient, so the
extraction operation is still being researched and
developed continuously.

Research on the use of artificial neural networks
for simulation and prediction in the extraction
process has gradually attracted attention. Among
them, the BP artificial neural network has been
widely used because of its strong function
approximation ability. In 2007, Li et al. [46] used
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a BP neural network model to simulate the
process of CO, high-pressure extraction of
solanesol. The artificial neural network model in
the research is established by preprocessing the
orthogonal test data of CO, high-pressure
extraction of solanesol in tobacco leaves, and
then determining the number of hidden nodes,
and then performing model training and model
testing. The BP network structure in this study
has 3 nodes in the input layer, 6 nodes in the
hidden layer, and 2 nodes in the output layer,
where the input parameters are extraction
pressure, extraction temperature and entrainer
flow rate, and the output parameters are
extraction mass yield and extraction selectivity.
Compared with the experimental value, the test
result of this model has very little error. Research
shows that the artificial neural network model can
be applied to the process design and
optimization of CO, high-pressure extraction of
solanesol. In 2009, in order to predict the yield of
larch oligomeric proanthocyanidins during the

extraction process of oligomeric
proanthocyanidins with ethyl acetate, Guo et al.
[47] analyzed the extraction process of

oligoproanthocyanidin with ethyl acetate from the
perspective of extraction kinetics, and obtained
several important external factors affecting the
yield, and then simulated the prediction by using
BP neural network model. The input parameters
of the BP network model established in this study
were material quantity, extraction dose,
extraction temperature and oscillation time, and
output parameter was the yield of oligomorphic
proanthocyanidins. The prediction accuracy of
this model is high, and the difference between
the predicted value and the actual value is not
significant, and the error is much lower than that
of the conventional quadratic polynomial
regression model [48]. The research shows that
artificial neural network technology is largely due
to conventional methods, which can be further
amplified to provide help for industrial design.

3.2 Complexation Extraction

Complex extraction is to make the solute to be
separated contact with the complexing agent in
the extractant to form a complex and transfer to
the extraction phase to achieve the purpose of
separation. This method not only has the
advantages of good extraction effect and high
selectivity, but also overcomes the shortcomings
of poor reversibility of chemical extraction, can
be recycled, and has simple operation and low
cost. Therefore, complex extraction technology is
an important direction for the research and
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development of chemical separation processes
[49].

At present, many studies have applied artificial
neural networks to complex extraction. In 2004,
Guan et al. [50] applied BP artificial neural
network to the study of complex extraction of
butyric acid. The extractant is composed of
tributyl ester and n-octanol. The equilibrium
distribution coefficient of extraction and the
volume fraction of tributyl phosphate, the initial
concentration of butyric acid and temperature are
related to establish a neural network model for
complex extraction equilibrium distribution
coefficient. The predicted data of the model is
compared with the measured data. It is found
that the model not only has a high degree of
calculation accuracy, but also The prediction
deviation is not large, and it can be used to solve
the actual problems in the complexation
extraction process. In 2014, Zhou Yu et al. [51]
also applied BP artificial neural network to the
experiment of tributyl phosphate complexation
extraction of Np (IV, VI). In this experiment, two
different systems were designed, both of which
use tributyl phosphate as the extractant and
kerosene as the diluent. The difference lies in
whether the medium HNO; contains uranium.
Therefore, the equilibrium distribution ratio is
correlated with the initial concentration of nitric
acid, the initial concentration of Np(lV, VI), the
initial concentration of U(VI), and the temperature,
etc., to establish BP artificial neural network
models under two different systems. The
experimental value and the predicted value of the
model are compared, and the error is not large.
Thus, the artificial neural network model has fast
calculation speed and calculation speed. The
advantages of high accuracy can be applied to
the conclusions of the analysis of the actual
complexation extraction process.

3.3 Supercritical Extraction

Supercritical fluid extraction, also known as
supercritical extraction. Usually a high-pressure,
high-density supercritical fluid is used as a
solvent. Among them, CO, is a common
extractant for supercritical extraction due to its
advantages of chemical stability, non-flammable
and explosive, non-toxic and harmless, non-
corrosive and easy to reach supercritical state.
The basic process of supercritical extraction is
mainly divided into extraction section and
analysis section, and there are four typical
processes of temperature and pressure changes
in the extraction kettle and separation kettle,
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namely isothermal pressure change, isothermal
temperature change, isothermal temperature
change and isothermal temperature change.
Because supercritical extraction has multiple
advantages that traditional ordinary fluid
extraction methods do not have, this method has
attracted widespread attention at home and
abroad [52].

At present, there are many mathematical models
that can describe the extraction mechanism to a
certain extent, but they are not enough to guide
engineering design. Since Fullana [53] et al. first
applied artificial neural networks to the study of
supercritical extraction kinetics, more and more
researchers began to apply artificial neural
network technology to the supercritical extraction
process.

In 2001, Yin [54] used a three-layer BP network
to establish a kinetic model for simulation
research in the study of supercritical CO, fluid
extraction of sea buckthorn oil for the first time.
This experiment uses isothermal pressure
reduction method to achieve supercritical
extraction. The extraction process is clearly
divided into three stages: equilibrium extraction
section, transition section and slow extraction
section. The input parameters of the BP network
are extraction pressure, extraction temperature
and extraction time, and the output parameter is
the amount of oil extracted, and the original data
is normalized and preprocessed. From the
experimental results and simulation results, the
prediction error of the 3-layer BP network model
established by the research is small. Compared
with the previous mathematical model, it
overcomes the problem of solving the problem.
The error caused by the quality rate.

In 2007, Yang et al. [55] used a typical 3-layer
BP network model for simulation and prediction
in the ultrasonic enhanced supercritical
extraction of flavonoids from Toona sinensis
leaves, including 7 nodes in the input layer, 10
nodes in the hidden layer, and 1 node in the
output layer. The experiment simulates the
effects of extraction temperature, extraction
pressure, fluid flow, amount of entrainer,
extraction time, and ultrasonic power on the
extraction rate of total flavonoids. The simulation
results have small errors. Research shows that
artificial neural network technology can affect the
extraction results. Amplification prediction can
provide a basis for the selection of process
conditions in the actual production process and
the extraction of similar substances. In the same
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year, Li et al. [56] also used a three-layer BP
network model for simulation and prediction in
the process of supercritical CO, fluid extraction
of essential oil from Michao. The structure of the
BP network is 4 nodes in the input layer, 6 nodes
in the hidden layer, and 1 node in the output
layer, the input parameters are extraction
temperature, extraction pressure, supercritical
CO, fluid flow rate and the average particle size
of the raw materials, and the output parameter is
the yield of Michao essential oil. In the study, the
predicted value of the BP network model is
compared with the measured value of the
experiment. Although the deviation in the initial
stage of extraction is slightly larger, the relative
deviation after 20 minutes of extraction is small,
so the artificial neural network model can be
used for super Simulation and prediction of the
critical CO, fluid extraction process of Micao
essential oil.

In 2009, Miao Cungian et al. [57] used a BP
neural network model for simulation in a study
comparing the extraction of lotus leaf volatile oil
by supercritical CO, extraction and steam
distillation. The input layer of the BP network
consists of 4 nodes, the hidden layer of 4 nodes,
and the output layer of 1 node. In the extraction
methods of two different processes, the error of
the simulated value obtained by the BP neural
network model compared with the measured
value is very small, indicating that the prediction
accuracy of the model is high. In this study,
orthogonal experiment and artificial neural
network simulation were combined to determine
the optimal extraction conditions of the two
different extraction processes, which provided a
new method for the extraction of active
components from plants.

4. CONCLUSION

After decades of development, artificial neural
networks have been widely used and perfected
in many chemical fields, and their applications in
extraction have gradually matured. Artificial
neural networks are not only easy to operate, but
also save a lot of manpower and material
resources. In dealing with non-linear problems,
the accuracy of simulation prediction is high. The
BP neural network is mainly used to describe the
relationship between the extraction process
operating conditions and the equilibrium
distribution ratio, which provides a great help for
the simulation prediction of the extraction
operation. However, the application of artificial
neural networks in extraction needs to be
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improved at present, and there are still problems
such as large initial prediction deviations, so the
research on artificial neural networks still needs
to be more in-depth. With the development of
science and technology, the application of
artificial neural networks will become more
common. This is an indispensable force for the
development of the extraction field, and it will
also play an extremely important role in the
future development of the chemical industry.

COMPETING INTERESTS

Authors have declared that

interests exist.

no competing

REFERENCES

1. Feng J. Simultaneous spectrophotometric
determination of mixed colorants by
artificial neural network [J]. Journal of
Hygiene Research. 2003;32(4):389.

2. Milacic L, Jovic S, Vujovic T, et al.
Application of artificial neural network with
extreme learning machine for economic
growth estimation [J]. Physica A: Statistical
Mechanics and its Applications. 2017;
465:285-288.

3. Krivetskiy V, Efitorov A, Arkhipenko A, et al.

Selective detection of individual gases and
CO/H 2 mixture at low concentrations in air
by single semiconductor metal oxide
sensors working in dynamic temperature
mode [J]. Sensors and Actuators B
Chemical. 2018;254:502-513.

4, Wei J, Liu CH, Zhu Z, et al. Vehicle Engine
Classification Using Normalized Tone-
Pitch Indexing and Neural Computing on
Short Remote Vibration Sensing Data [J].
Expert Systems with Applications. 2019;
115:276-286.

5. Mcculloch WS, Pitts W. A logical calculus
of the ideas immanent in nervous activity
[J]. Bulletin of Mathematical Biology. 1943;
5(4):115-133.

6. Rumelhart D, Hinton G, Wiliams R.
Learning representations by  back-
propagating errors [J]. Nature. 1986;6088:
533-536.

7. Wu YC, Feng JW. Development and
application of artificial neural network [J].
Wireless Personal Communications. 2018;
102(2):1645-1656.

8. Gao J, Chongfuangprinya P, Ye Y, Yang B.

A three-layer hybrid model for wind power
prediction. 2020 IEEE Power & Energy

25

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

Society General Meeting
Montreal, QC. 2020;1-5.
DOI:10.1109/PESGM41954.2020.9281489.
Yeh IC. Modeling of strength of high-
performance concrete using artificial neural
networks [J]. 1998;28(12):1797-1808.
Yang Z, Liu H, Lu J. Concrete strength
prediction and design with neural network
method. Journal of Hydroelectric Power.
1997;56(1):33-40.

Jain L, Harsha V, Nishanth ML, et al.
Cloud-Based system for supervised
classification of plant diseases using
convolutional neural networks [C]. 2017
IEEE International Conference on Cloud
Computing in Emerging Markets (CCEM).
IEEE; 2017.

Liu NS. Application of BP neural network in
prediction of plant diseases and insects [J].
Journal of Anhui Agricultural Sciences;
2007.

Starrett SK, Starrett SK, Najjar Y, et al.
Modeling pesticide leaching from golf
courses using artificial neural networks [J].
Communications in Soil Science & Plant
Analysis. 1998;29(19-20):3093-3106.

Liu ZQ, Zhou WT. Research Progress in
the Application of Artificial Neural Networks
in Catalyst Optimization. Asian Journal of
Research in Computer Science. 2021,
10(4):34-46.

Liang F, Zhang T. Research on chemical
process optimization based on artificial
neural network algorithm. Asian Journal of

(PESGM),

Research in Computer Science. 2021;
12(4):12-24.

Bauso D, Gao J, Tembine H.
Distributionally =~ Robust  Games: f-

Divergence and Learning, 11th EAI
International Conference on Performance
Evaluation Methodologies and Tools
(VALUETOOLS), Venice, Italy; 2017.
Wong K, Lor W, Lau HC. Neural networks
for teletraffic routing and troubleshooting
[J]. Proceedings of the International
Symposium on Artificial Neural Networks;
1999.

Brown S, Browne B, Chen N, et al
Monitoring and troubleshooting ipv6
networks — science direct [J]. Configuring
IPv6 for Cisco 10S. 2002;295-324.

Khot G, Kulkarni HG, Ranganath P, et al.
Remotely Monitoring and Troubleshooting
a Videoconference [J]; 2011.

Zhang Q, Xiao J, Wang G. Neural network-
based compensation control for trajectory
tracking of industrial robots [J]. Australian



21.

22.

23.

24,

25,

26.

27.

28.

29.

30.

Sun and Chen; AJOCS, 11(2): 19-27, 2022; Article no.AJOCS.84210

Journal of Mechanical Engineering. 2015;
13(1):22-30.

Shi F, Gao J, Huang X. An affine invariant
approach for dense wide baseline image
matching.  International  Journal  of
Distributed Sensor Networks (IJDSN).
2016;12(12).

Song W, Xiao J, Wang G, et al. Dynamic
velocity feed-forward compensation control
with  RBF-NN system identification for
industrial robots [J]. Transactions of Tianjin
University. 2013;2:9-11.

Takeishi H, Baldovino RG, Bugtai NT, et al.

A Force Sensing-based Pneumatics for
Robotic Surgery using Neural Network [C].
2018 IEEE 10" International Conference

on Humanoid, Nanotechnology,
Information Technology, Communication
and Control, Environment and

Management (HNICEM). IEEE; 2019.

Pullanagari R, Kereszturi G, Yule 1J, et al.
Assessing the performance of multiple
spectral-spatial features of a hyperspectral
image for classification of urban land cover
classes using support vector machines and
artificial neural network [J]. Journal of

Applied Remote Sensing. 2017;11(2):
0260009.

Wu J, Conry M, Gu C, et al. Paired-angle-
rotation scanning optical coherence

tomography forward-imaging probe [J].
Optics Letters. 2006;31(9):1265-1267.

Gao J, Tembine H. Distributed
mean-fieldtype filters for traffic networks,
IEEE Transactions on Intelligent
Transportation Systems. 2019;20(2):507-
521.

Shi Y, Wang X, Song S. The application
research of book intelligent weeding based
on neural network [C]. International
Conference on Machine Learning &
Cybernetics. IEEE; 2012.

Meng Y. Research and analysis of
intelligent English learning system based
on improved neural network [J]. Journal of
Intelligent and Fuzzy Systems. 2020;
39(2):1-11.

Liang F, Zhang T. Research on chemical
process optimization based on artificial
neural network algorithm. Asian Journal of
Research in Computer Science. 2021;
12(4):12-24.

Sun L, Liang F, Cui W. Artificial neural
network and its application research
progress in chemical process. Asian
Journal of Research in Computer Science.
2021;12(4):177-185.

26

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

Qi Y, Zheng Z. A review of neural network
algorithms and their applications in
supercritical extraction, arXiv: 2011.05279
[cs.NE]; 2021.

Hinton GE, Deng L, Yu D, et al. Deep
neural networks for acoustic modeling in
speech recognition, Signal Process. Mag.
2012;29(6):82-97.

Gao J, Tembine H. Correlative Mean-Field
Filter for Sequential and Spatial Data
Processing, in the Proceedings of IEEE
International Conference on Computer as
a Tool (EUROCON), Ohrid, Macedonia;
2017.

Vishnyakov S. Artificial Neural Networks
Implementation in Digital Signal
Processing Courses, 2018 IV International
Conference on Information Technologies in
Engineering Education (Inforino). 2018;1-5.
Sun L, Liang F, Cui W. Atrtificial neural
network and its application research
progress in chemical process. arXiv:
2110.09021 [eess.SY]; 2021.

Wang H, Mo R. Neural network algorithm
and its application in reactive distillation,
arXiv: 2011.09969  [cs.NE]; 2021.
Available:https://arxiv.org/abs/2011.09969.
Lu J, Zhao N. Application of Neural
Network Algorithm in Propylene Distillation,
Journal of Engineering Research and
Reports. 2021;20(12):53-63.

Yang YH, Shi Y. Application of improved
BP neural network in information fusion
Kalman filter [J]. Circuits Systems and
Signal Processing. 2020;1:1-13.

Zou Q, Zhang D. Application of airborne
camera calibration based on BP network
[J. China Science and Technology
Information. 2019;000(010):88-89.

Li JC, Wei HG, Zhang H. A Star
pattern identification algorithm based on
BP neural network [J]. Semiconductor
Optoelectronics. 2019;040(002):256-260.
Liu XJ, Yuan D, Liang AY, et al. Research
on data credibility of sensor based on BP

network [J]. Application Research of
Computers. 2019;036(008):2440-2443,
2453.

Lin X, Wang Y, Liu Y. Neural-network-
based robust terminal sliding-mode control
of quadrotor [J]. Asian Journal of Control;
2020.

Xia CL, Qi WY, Yang R, et al. Identification
and model reference adaptive control for
ultrasonic motor based on RBF neural
network [J]. Proceedings of the CSEE.
2004;24(7):117-121.


https://arxiv.org/abs/2011.09969

44,

45,

46.

47.

48.

49,

50.

51.

Sun and Chen; AJOCS, 11(2): 19-27, 2022; Article no.AJOCS.84210

Ma J, Jiang YF, Qiang DX, et al. The
design of gesture recognition device based
on RBF network [J]. Information
Technology. 2019;12:24-28.

Zhou YS, Mou CD, Li B. Defect image
Recognition and Processing Technology
Based on RBF Network [J]. Integrated
Circuit Application. 2020;37(12):14-15.

Li XK, Lv HS, Zhang MH. Process
Simulation of CO_2 High Pressure
Extraction for Solanesol Based on Artificial
Neural Network [J]. Chemical Industry and
Engineering. 2007;04:314-320.

Guo JL, Du X. Artificial Neural Network in
Simulation of OPC Extraction System from
Bark of Larix gmelinii [J]. Journal of
Sichuan Agricultural  University. 2009;
27(002):193-198.

Gardner MW, Dorling SR. Artificial neural
networks (the multilayer perceptron)—a
review of applications in the atmospheric
sciences [J]. 1998;32(14-15):2627-2636.
Bi PY, Dong HR, Yu HB, et al. Separation
and enrichment of [-phenylalanine by
flotation complexation extraction [J].
Chinese Journal of Analytical Chemistry.
2008;36(5):658-662.

Guan GF, Wan H, Chang WX, et al
Complex extraction of butyric acid with
tributyl phosphate based on neural
networks [J]. Computers and Applied
Chemistry. 2004;21(006):823-827.

Zhou Y , Wei G H, He H, et al. Simulation
of complex extraction of neptunium (1V, VI)

52.

53.

54.

55.

56.

57.

with tributyl phosphate based on artificial

neural networks [J]. He-Huaxue Yu
Fangshe Huaxue/Journal of Nuclear
and Radiochemistry.  2014;36(3):149-
156.

Krivonos Ol, Terekhova EN, Babenko AV,
et al. Conversion of Sapropel on
Co\Mo/AI203 Catalyst in Supercritical
Ethanol [J]. Petroleum Chemistry. 2020;
61(2):139-146.

Fullana. Use of neural net for statistical
and kinetic modeling and simulation of
supercritical fluid extraction. Chem Eng Sci.
2000;55:79-95.

Yin JZ, Xiu ZL, Bi MS, et al. "Atrtificial
neural network" method for supercritical
fluid extraction simulation [J]. Journal of
Chemical Engineering of  Chinese
Universities. 2002(06):691-695.

Yang R, Qiu TQ, Ding CM. The simulation
on ultrasound-enhanced supercritical fluid
extraction with the artificial neural network
[J]. Computers and Applied Chemistry.
2007;09:001201-1204.

Li TX, Zhu J, Zeng XQ, et al. Simulation of

supercritical  extraction essential ol
from Migao by artificial neural net [J].
Chemical Engineering (China). 2007;
35(012):5-7.

Miao CQ, Zhang YB. Comparative studies
on super carbon dioxide extraction and
steam distillation methods of volatile oils
from lotus leaves [J]. Food Science and
Technology. 2009;034(011):216-220.

© 2022 Sun and Chen; This is an Open Access atrticle distributed under the terms of the Creative Commons Attribution License
(http://creativecommons.org/licenses/by/4.0), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work is properly cited.

Peer-review history:
The peer review history for this paper can be accessed here:
https://www.sdiarticle5.com/review-history/84210

27


http://creativecommons.org/licenses/by/4.0

