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Abstract

The influencing factors of wax deposition are numerous and complex, and accurately
predicting the wax deposition rate is of great practical significance for the safe operation of
pipelines and the formulation of reasonable pigging schemes. On the basis of mastering the
prediction steps of the Elman neural network (ENN), the arithmetic optimization algorithm
(AOA) was introduced to improve the Elman neural network and an optimization model
was established, and the differences in prediction results between improved models (AOA-
ENN model, PSO-ENN model, GA-ENN model) and the traditional ENN model were
compared and analyzed through examples. The prediction results of three examples
showed that the average relative errors of the AOA-ENN model are 2.5470%, 1.4974%,
and 2.3819 %, respectively, while the average relative errors of the traditional ENN model
are 19.0313%, 9.1568%, and 11.4836%, respectively. Therefore, the arithmetic optimization
algorithm used in this paper has good reliability. For the three improved models, the
AOA-ENN model has the highest prediction accuracy, followed by the PSO-ENN model
and the GA-ENN model. Overall, the Elman neural network improved by an arithmetic
optimization algorithm can be used for predicting wax deposition rate, which can provide
new ideas for accurate prediction of wax deposition rate.

Keywords: wax deposition rate; Elman neural network; arithmetic optimization algorithm;
AOA-ENN model; accuracy comparison

1. Introduction

During the pipeline transportation of waxy crude oil, when the oil temperature is lower
than wax appearance temperature of the crude oil, the wax crystals begin to precipitate
in the oil flow and eventually deposit on the pipe wall [1,2]. Wax deposit sediment can
reduce the flow area of pipelines, reduce their conveying capacity and lead to pipeline
blockage in severe cases [3-5]. The phenomenon of wax deposition seriously affects the safe
operation of pipelines and can bring huge economic losses [6,7]. Therefore, the urgency and
necessity of studying and solving the problem of wax deposition are becoming increasingly
prominent [8].

In order to ensure the safe operation of pipelines, it is necessary to grasp the distri-
bution rule of wax deposition rate or deposition thickness of pipelines. For the study of
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wax deposition rate or thickness, experimental simulation methods can be used. Currently,
the commonly used experimental devices include cold finger and loop devices [9-11]. The
operation of the cold finger experimental device is simple, but the flow state of the fluid
in the device differs greatly from the actual pipeline flow [12]. The loop experimental
device can simulate actual pipe flow more realistically, so it has been widely used. As is
well known, wax deposition experiments generally require a lot of time and manpower,
which makes the data obtained by researchers from wax deposition experiments generally
limited. Therefore, it is particularly important to establish reliable methods and models
for predicting wax deposition rate using the obtained experimental data. Based on the
prediction methods and models, the wax deposition rate can be obtained quickly, which
has the advantages of reducing the number of experiments and facilitating the acquisition
of wax deposition rate.

Huang et al. established a universal wax deposition model by considering the main
influencing factors of wax deposition and conducting relevant theoretical analysis. The
results showed that the average error of the model is 6.32%, and the maximum error is
20% [13]. Peng established a dynamic prediction model suitable for calculating the wax
deposition thickness, and the results showed that the model can predict the wax deposition
process more accurately [14]. Singh et al. established a model that can predict the growth
of wax deposition layer thickness and wax content in the deposition layer. The authors
pointed out that the wax molecules will further diffuse into the sedimentary layer when
they diffuse to the surface of the sedimentary layer, and the oil molecules in the sedimentary
layer will reverse diffuse from the sedimentary layer to the oil flow, thus increasing the
wax content in the sedimentary layer [15]. Based on this mechanism, Huang applied it to
predict the amount of wax deposition and the wax content in the sedimentary layer, and
achieved good prediction results [16]. Farimanii et al. considered the influence of wax
crystal precipitation kinetics in the boundary layer on wax deposition and established a
wax deposition model. The authors pointed out that this model can achieve relatively good
prediction results [17].

In addition to using theoretical models to predict wax deposition rate or thickness,
the machine learning methods to predict wax deposition rate is also an effective measure.
Obanijesu and Omidiora used the artificial neural network method to predict the wax
deposition in the reservoir, and the results showed that the prediction results are in good
agreement with the actual data [18]. Xie and Xing used RBF neural network to predict
the wax deposition rate based on indoor wax deposition experimental data, and achieved
good results [19]. Chu et al. used the PSO method to optimize the parameters of the
ANFIS model and predicted the wax deposition amount. The authors pointed out that the
prediction accuracy of the constructed model was higher than that of previous models [20].
Dehaghani developed an ANN model to predict the thickness of wax deposition, and
the results indicated that the predicted values obtained by the ANN model are relatively
close to the experimental results [21]. Eghtedaei et al. used radial basis function neural
network to predict wax deposition, and the results showed that an RBF-ANN model can
achieve good prediction results [22]. Jalalnezhad and Kamali predicted the wax deposition
thickness under single-phase turbulence using an adaptive neuro fuzzy inference system,
and the research results showed that this method has a good prediction effect [23]. Based
on the experimental results, Amar et al. introduced the Levenberg-Marquardt algorithm to
optimize the multilayer perceptron (MLP), and proposed an intelligent method (MLP-LMA)
to predict the wax deposition problem. The results showed that the performance of MLP-
LMA is better, and the total root mean square error is 0.2198 [24]. Ramsheh et al. developed
a new intelligent model to predict wax deposition by combining cascade forward and
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generalized regression neural network (GRNN). The results showed that the GRNN model
has a good prediction effect on wax deposition, and the root mean square error is 0.845 [25].

In the process of neural network prediction, the Elman neural network is a typical dy-
namic artificial neural network that has been widely applied in multiple fields. Compared
with ordinary neural networks, ElIman neural network has a special receiving layer that
enables them to have unique dynamic characteristics [26]. Like some neural networks, the
Elman neural network also used gradient descent method in its application, which easily
leads to slow training speed and falling into local minima [26]. An arithmetic optimization
algorithm is a new method proposed by Abualigah et al. in 2021, which has the advantages
of no complex parameter adjustment and a fast rate of convergence [27,28].

Based on this, this article used arithmetic optimization algorithms to improve the
Elman neural network and established an AOA-ENN model to predict the wax deposition
rate of waxy crude oil. In addition, the differences in prediction accuracy between the
improved models (AOA-ENN model, PSO-ENN model, and GA-ENN model) and the
traditional model were compared and analyzed. The research results can provide useful
reference for accurate prediction of wax deposition rate.

2. Basic Theory of Elman Neural Network and Arithmetic
Optimization Algorithm
2.1. Elman Neural Network (ENN)

The Elman neural network is generally divided into four layers: input layer, hidden
layer, context layer, and output layer, as shown in Figure 1 [29].

) Ouput layer

Hidden layer
)

Input layer

Context layer

Figure 1. The network structure of ENN.

The structural expression of Elman neural network is as follows [29,30]:

y(t) = g(wsx(t)) 1)
x(t) = fwi(u(t — 1)) + woxc(t)) )
xe () =x(t—1) 3)

For the operating principle of Elman neural network, many studies have provided
detailed introductions, and readers can refer to the literature [26] for more details.



Processes 2025, 13, 3315

40f 15

2.2. Arithmetic Optimization Algorithm (AOA)

The arithmetic optimization algorithm uses the rule of four arithmetic operations
to achieve global optimization. The optimization strategy is selected through the math
optimizer accelerated function, that is, multiplication and division are used for global search,
and addition and subtraction are used for local exploitation. The specific implementation
principle is as follows [27,31,32]:

(1) Initialization phase

Based on Equation (4), the random numbers are generated to complete the initialization
of the population.

X1,1 el e xl,j X1,n—1 X1,n
X2,1 el e le]‘ . X2.n
X = (4)
XN—-11 -+ - xN—l,j e XN—-1,n
XN,1 XN,]' XNn

Before optimization, the specific function values of the math optimizer accelerated
based on Equation (5) are obtained, and the final decision is made based on the function
values (exploration phase or exploitation phase).

max — min

MOA (C_iter) = min + C_iter x ( M iter )

(5)

(2) Exploration phase

The operators at this stage are multiplication (M) and division (D), which have high
dispersion. The specific mathematical model is

best(xj) - (MOP + 8) X (( UB] — LB]) XU+ LB]) r2>0.5

x;;(C_iter +1) =
i ) best(xj) x MOP x ((UB;j — LB;) xp + LBj) otherwise

(6)

MOP is the math optimizer probability (a coefficient), and it can be calculated by using
Equation (7).
C_iterl/«

MOP (C_it =1-— =
(C_iter) M_iterl/«

(7)

(3) Exploitation phase

The operators in this stage are addition (A) and subtraction (S), which have significant
low dispersion. The specific mathematical model is

best(xj) —MOP x (( UB]‘ — LBj) XU+ LBj) r3>0.5

(8)
best(xj) +MOP x ((UB;j — LB;j) xy + LB;j) otherwise

x,',j(C_iter +1) = {

The parameters () generate non identical random values in each iteration to ensure
continuous exploitation, which is beneficial for jumping out of local optimal and finding
global optimal solution.
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3. The Steps for Predicting Wax Deposition Rate Using Elman Neural
Network and Improved Elman Neural Network

3.1. The Prediction Steps of Elman Neural Network

Based on the test results of wax deposition rate, Elman neural network is used to
predict the wax deposition rate. The specific steps are as follows:

Step 1: The influencing factors of wax deposition rate as input data and the wax
deposition rate as output data. Some data are randomly selected from the wax deposition
test results as training samples, and the remaining data as prediction samples;

Step 2: The data are normalized (the mapminmax function is used);

Step 3: The structure of the Elman neural network model is determined;

Step 4: The weight values and threshold values are randomly initialized;

Step 5: The fitness values are calculated, and the final threshold values and weight val-
ues are determined. Among them, (.) is the Sigmoid function and g(.) is the linear function;

Step 6: Prediction results are output and model prediction accuracy are analyzed.

3.2. The Prediction Steps of Improved Elman Neural Network

The arithmetic optimization algorithm is used to improve the Elman neural network,
and the specific flow chart is shown in Figure 2. Based on the flow chart and combined
with Python programming language (version number: 3.12.5), the prediction results of wax
deposition rate can be obtained.

Start
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Calculate the
Fitness values

Initialize the

_ | Determine the best
"| candidate solutions "

solution

2

Data Processing

A

¥
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End
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Figure 2. The flow chart of improved ENN model.

The specific steps are as follows:

Step 1: Firstly, the measured data of wax deposition rate of crude oil pipeline are
normalized, and then the traditional ENN model is initialized and the numbers of various
layers of network structure are determined. In addition, the population size, spatial
dimension and other parameters of the arithmetic optimization algorithm are initialized.
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Step 2: Initializing the population of the arithmetic optimization algorithm, and
calculating the initial fitness value (Mean squared error of training samples is used).

. 14 ?
fitness = E; (dﬁ — dm-) )

Step 3: The iterative steps are executed, and Equations (7) and (5) are used to update
MOP and MOA, respectively; if r1 > MOA, the global exploration phase will be entered and
the position is updated according to Equation (6); otherwise, the local exploitation phase
will be entered and the position is updated according to formula (8); comparing the fitness
value of the current position with the fitness value of the current optimal position, and if
the fitness value of the current position is better, then the fitness value will be updated.
Otherwise, it will not be updated.

Step 4: Determining whether the maximum number of iterations has been reached.
If the maximum number of iterations is reached, then the final optimal fitness value (the
optimal threshold values and weight values of the Elman neural network) is output and
the loop is terminated. Otherwise, return to step 3.

Step 5: The optimal solution (the optimal weight values and threshold values) obtained
by arithmetic optimization algorithm is assigned to the ENN model, then an improved
ENN model is obtained through matrix reconstruction, and the wax deposition rate of
waxy crude oil is predicted.

4. Comparison and Accuracy Analysis of Model Prediction Results
4.1. Comparison of Prediction Results for Wax Deposition Rate (Example 1)

The author of reference [33] provided experimental data of wax deposition rate under
different influencing factors. Of the total 37 sets of data, 32 sets of data were randomly
selected as training samples and the remaining 5 sets of data as prediction samples (as
shown in Table 1).

Table 1. Predicted samples (Example 1).

Oil Tem- Wall Tem- Flow Wall Shear . . SOh.lb.lhty Temperature Wax Deposition
. Viscosity  Coefficient of .

Num  perature perature Velocity Stress /(Pa-s) Wax Molecules Gradient Rate

o o 51 ' °C.mm-1 .m—2.-h-1

/°C /°C /(m-s—1) /Pa /(10-3.2C-1) /(°C-mm~—1) /(gm—2-h~1)
1 48 40 0.472 13.86 0.0441 7.56 1.333 45.453
2 40 35 0.472 54.37 0.1729 9.24 0.833 34.232
3 48 40 0.781 22.38 0.043 7.56 1.333 47.555
4 45 40 1.248 64.9 0.078 8.19 0.833 26.001
5 40 35 0.781 109.72 0.2107 9.24 0.833 74.458

Before the prediction, the network structure of the ENN model should be determined.
In order to obtain the structure of the ENN model, it is important to determine the number
of hidden layer nodes. The steps to determine the optimal number of hidden layer nodes
are summarized as follows:

Step 1: The value range of the number of hidden layer nodes is determined based on
the empirical Formula (10).

H=vm+Il+a (10)

Step 2: The mean square errors of training samples with different number of hidden
layer nodes are calculated.

Step 3: When the mean square error is the smallest, the corresponding number of
hidden layer nodes is the optimal number of hidden layer nodes.



Processes 202

5,13,3315

7 of 15

According to the above steps, the mean square errors of training samples with different
number of hidden layer nodes are calculated (Table 2).

Table 2. Mean square error of training samples for each hidden layer node (Example 1).

Number 3 4 5 6 7 8 9 10 11 12
MSE 0.11513  0.40986 0.56219 0.27809 0.05747 0.33541 0.32644 0.09302 0.06111 0.06724
According to the calculation results in Table 2, the optimal number of hidden layer
nodes is determined (the value is 7). Therefore, the structure of ENN model is 7-7-1.
Based on the above prediction steps, the prediction results of the ENN model and the
AOA-ENN model (a Elman neural network model improved by arithmetic optimization
algorithm) are obtained, as shown in Table 3.
Table 3. Prediction results and relative errors of different models (Example 1).
ENN Model AOA-ENN Model PSO-ENN Model GA-ENN Model
Experimental . .. . . . . . . . .
Num Value Prediction  Relative Prediction Relative Prediction Relative Prediction Relative
/(g-m~2-h~1) Result Error Result Error Result Error Result Error
lgm-2h-1) /%  /Ngm-2hl) /% lgm-2h-1) /% lgm-2h-1) /%
1 45.453 69.9655 53.9293 46.1652 1.5669 46.8051 2.9747 46.4183 2.1237
2 34.232 28.8223 15.8030 33.2468 2.8780 32.8834 3.9396 36.6218 6.9812
3 47.555 50.6023 6.4079 46.9022 1.3727 47.6237 0.1445 50.5676 6.3350
4 26.001 249214 4.1521 25.3465 2.5172 249311 4.1148 25.076 3.5576
5 74.458 85.5257 14.8644 71.1816 4.4003 79.7337 7.0855 70.4778 5.3456

In the prediction process of the AOA-ENN model, the main relevant parameters
used are as follows: (D The population size needs to balance the computational cost and
population diversity in the selection process, and its value should not be too small or too
large. After several adjustments, it is found that when the population size is 30, a good
balance between computational efficiency and population diversity can be achieved, so
the final population size is 30. @) The convergence and time cost should be considered in
the selection of the number of iterations. Based on the convergence curve, reducing the
number of iterations appropriately can avoid more time consumption (under the condition
of ensuring convergence). Based on this, the number of iterations determined in this paper
is 50. ® The sensitivity parameter « controls the dynamic transition time of the algorithm
from global exploration to local exploitation, and the balance between exploration and
exploitation needs to be considered in the selection process. Previous studies have shown
that when the value of « is 5, the algorithm can have sufficient exploration in the early stage
and smoothly transition to fine exploitation in the later stage. Therefore, the sensitivity
parameter determined in this paper is 5. (9 The control parameter y is a very small constant,
which is used to prevent the denominator from being zero in the division operation. In
the process of selecting a control parameter, it is necessary to ensure that the generated
new solution does not deviate too far from the current boundary and provides sufficient
randomness (a smaller value close to 0.5 can be taken). Therefore, the control parameter
used in this paper is 0.499.

In addition, in order to verify the prediction accuracy of the AOA-ENN model, this
paper also uses the conventional optimization algorithm (particle swarm optimization
algorithm and genetic algorithm) to improve the Elman neural network, and establishes the
PSO-ENN model (Elman neural network model improved by particle swarm optimization
algorithm), and the GA-ENN model (Elman neural network model improved by genetic
algorithm). In the prediction process of the PSO-ENN model, the main relevant parameters
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used are as follows: the number of iterations is 50; the population size is 30; individual
learning factor is 1.5; social learning factor is 1.5; and inertia weight is 0.8. In the prediction
process of the GA-ENN model, the main relevant parameters used are as follows: the
number of iterations is 50; the population size is 30; the crossover probability is 0.8 and the
mutation probability is 0.2.

The measured values and the predicted values of different models are shown in Table 3
and Figure 3. In the prediction process of Example 1, the running time of the traditional
ENN model, the AOA-ENN model, the PSO-ENN model, and the GA-ENN model is 5 s,
1min 27 s, 1 min 28 s, and 1 min 36 s, respectively.

100
o —o—ENN model
‘E. 80 - o— AOA-ENN model
=0 —— PSO-ENN model
£ x— GA-ENN model
é 60 | —x— Measured value
2
o)
&
< 40
<
©
g s
20 L
1 2 3 4 5

Serial number of the predicted samples

Figure 3. Comparison of the prediction results for different models and test results (Example 1).

It can be seen from Table 3 and Figure 3 that the predicted values of the AOA-ENN
model are the closest to the measured values, and the maximum relative error of the
predicted results is the lowest. Compared with the ENN model, the relative errors of the
AOA-ENN model, the PSO-ENN model, and the GA-ENN model are greatly reduced.

In order to further analyze the prediction accuracy of the traditional ENN model and
each improved model, the average relative errors and root mean square errors of different
models are calculated, as shown in Table 4.

Table 4. Comparison of errors for different models (Example 1).

Model Average Relative Error/%  Root Mean Square Error
ENN model 19.0313 12.3537
AOA-ENN model 2.5470 1.6166
PSO-ENN model 3.6518 2.5546
GA-ENN model 4.8686 2.5462

From Table 4, it is evident that the average relative error of the traditional ENN model
is 19.0313%, and the root mean square error is 12.3537, so the prediction effect of ENN
model is relatively poor. After using the arithmetic optimization algorithm to improve the
Elman neural network, the two types of errors are greatly reduced (they are 2.5470% and
1.6166, respectively), so the AOA-ENN model has higher prediction accuracy.

For the traditional ENN model, its shortcomings in the prediction process are mainly
summarized as follows: (1) The network structure contains recursive connections and the
training requires multiple iterations, so the time consumption is significantly increased
when dealing with large-scale data; @) The gradient descent method makes it easy to fall into
the local minimum value, and it is difficult to achieve the global optimal solution; 3) The
prediction performance is highly dependent on the setting of parameters such as weight
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initialization and learning rate, and improper parameters can easily lead to convergence
failure; @ It is easy for overfitting to occur, which directly affects the generalization ability
of the model.

After introducing the arithmetic optimization algorithm, the prediction accuracy
of the traditional Elman neural network model can be significantly improved, and the
main reasons are as follows: @ The algorithm adopts the mathematical operation search
mechanism, which can efficiently traverse the optimal solution in a larger parameter space
and significantly reduce the risk of local optimum; 2 The algorithm can quickly locate the
optimization direction of the parameters and shorten the convergence period by global
exploration and local exploitation; (3) The algorithm can take the key parameters of the
network (weight values, threshold values, etc.) as the optimization variables, and obtain
the optimal threshold values and weight values through the optimization of the objective
function; (® The global optimization characteristic of the algorithm can reduce the over-
fitting of the traditional model and enhance the generalization ability.

Comparing the average relative error and root mean square error of the each improved
model, it can be seen that the prediction accuracy of the AOA-ENN model is the highest,
followed by the PSO-ENN model and the GA-ENN model. In general, the prediction
accuracy of the AOA-ENN model and the PSO-ENN model is higher. In the process of
improving the Elman neural network, the differences between the two algorithms are
mainly summarized as follows: (1) Search method: AOA relies on arithmetic operations
to achieve parameter search, and its search process pays more attention to the uniform
traversal of parameter space; the PSO algorithm realizes search through particle velocity up-
date, which relies more on information sharing and group collaboration between particles.
@ Search characteristics: AOA has low dependence on the initial solution, and it may lead
to slow convergence for high-dimensional problems; the PSO algorithm initially tends to be
global exploration, and local exploitation in the later stage. In this case, it may premature
convergence or fall into local optimum. 3) Computational complexity and adaptability: the
computational complexity of the AOA-ENN model is more focused on the randomness of
solution generation and fitness evaluation, and it is suitable for high-dimensional problems
but requires more iterations; the computational complexity of the PSO-ENN model focuses
on inter-particle collaboration and speed update, and it is suitable for low-dimensional
optimization but may increase the total time consumption due to premature convergence.

4.2. Comparison of Prediction Results for Wax Deposition Rate (Example 2)

The author of reference [34] provided experimental data of wax deposition rate under
different influencing factors (a total of 38 sets of data), the 30 sets of data were randomly
selected as training samples and the remaining 8 sets of data as prediction samples (as
shown in Table 5).

Table 5. Predicted samples (Example 2).

Oil Tem- Wall Tem- Vi . Wall Shear Flow Temperature Sf)l.ublhty Wax Deposition
Num perature erature Iscosity Stress Velocit Gradient/ Coefficient of Wax Rate
p o p o /(mPa-s) _ly o 1 Molecules o1
/°C /°C /Pa /(m-s—1) °C:mm-1) /(10-3.°C-1) /(gm~—2-h—1)
1 35 32 25.66 2.5 0.15 1.64 2.1 10.91
2 35 32 25.35 9.87 0.58 2.87 2.1 9.5
3 40 37 18.79 1.1 0.09 1.23 0.63 6.4
4 37 32 22.41 6.56 0.44 4.33 2.1 12.11
5 40 35 18.71 3.66 0.29 3.72 0.88 9.6
6 42 37 16.66 3.27 0.29 3.72 0.51 8.66
7 37 30 22.72 4.43 0.29 473 2.62 18.09
8 45 35 14.39 2.83 0.3 7.44 0.64 16.43
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In order to determine the number of hidden layer nodes, the mean square error of
training samples for each hidden layer node are calculated (Table 6).

Table 6. Mean square errors of training samples for each hidden layer node (Example 2).

Number 3 4 5 6 7 8 9 10 11 12
MSE 0.13884 0.01215 0.37754 0.26225 0.35055 0.15102 0.36406 0.03613  0.05472  0.05040
Based on the calculation results in Table 6, the optimal number of hidden layer nodes
is determined (the value is 4). Therefore, the structure of ENN model is 7-4-1.
According to the obtained model structure, the prediction results of the ENN model,
AOA-ENN model, PSO-ENN model, GA-ENN model are obtained, as shown in Table 7
and Figure 4. In the prediction process of example 2, the running time of the traditional
ENN model, the AOA-ENN model, the PSO-ENN model, and the GA-ENN model is 6 s,
1min 19,1 min 24 s, and 1 min 42 s, respectively. In addition, the setting of relevant main
parameters are consistent with example 1 in the prediction process.
Table 7. Prediction results and relative errors of different models (Example 2).
ENN Model AOA-ENN Model PSO-ENN Model GA-ENN Model
Experimental . . . . . . . . .
Num Value Prediction  Relative Prediction Relative Prediction Relative Prediction Relative
/(g-m~ 2.h-1) Result Error Result Error Result Error Result Error
lgm=2h-1) /% lgm=2h-1) /% lgm=2h-1) /% lgm=2h-1) /%
1 10.91 11.6444 6.7314 11.2457 3.0770 10.9965 0.7929 11.2063 2.7159
2 9.5 9.6772 1.8653 9.6346 1.4168 10.1113 6.4347 8.9622 5.6611
3 6.4 8.1146 26.7906 6.2842 1.8094 6.9125 8.0078 6.2899 1.7203
4 12.11 11.7423 3.0363 12.1921 0.6780 11.9245 1.5318 11.5607 4.5359
5 9.6 9.0209 6.0323 9.8079 2.1656 9.4985 1.0573 9.6448 0.4667
6 8.66 8.0748 6.7575 8.7634 1.1940 8.5909 0.7979 8.8348 2.0185
7 18.09 18.5831 2.7258 18.1113 0.1177 19.1987 6.1288 16.6964 7.7037
8 16.43 13.2565 19.3153 16.1801 1.5210 16.4397 0.0590 17.436 6.1229
20

—o— ENN model
0— AOA-ENN model
—— PSO-ENN model
x— GA-ENN model

12 —x— Measured value

Wax deposition rate/ (g.m >h ")

1 2 3 4 5 6 7 8

Serial number of the predicted samples

Figure 4. Comparison of the prediction results for different models and test results (Example 2).

Similarly, the different kinds of errors for various models are further obtained, the
results are shown in Table 8.
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Table 8. Comparison of errors for different models (Example 2).

Model Average Relative Error/%  Root Mean Square Error
ENN model 9.1568 1.3527
AOA-ENN model 1.4974 0.1830
PSO-ENN model 3.1013 0.4902
GA-ENN model 3.8681 0.6780

It can be seen from Table 7 and Figure 4 that the maximum relative error of the
predicted results for the AOA-ENN model is the lowest, and the relative error can be
controlled within 4%. In addition, the relative errors of the traditional ENN models are
generally higher than those of improved models (AOA-ENN model, PSO-ENN model, and
the GA-ENN model).

From Table 8, it is evident that the average relative error of the ENN model is relatively
large (9.1568%), so the traditional model has a large prediction deviation under multi-factor
coupling conditions. After using an arithmetic optimization algorithm to improve the
Elman neural network, the two types of errors are only 1.4974% and 0.1830, respectively, so
the AOA-ENN model can achieve good prediction accuracy. Compared with the PSO-ENN
model, and GA-ENN model, the two types of errors of the AOA-ENN model are lower.
Therefore, the AOA-ENN model has higher prediction accuracy.

4.3. Comparison of Prediction Results for Wax Deposition Rate (Example 3)

In order to verify the effectiveness of the AOA-ENN model, the wax deposition data
from an offshore oilfield were used for further analysis. The author of reference [35]
collected the wax deposition test data from an offshore oilfield (a total of 30 sets of data),
the 25 sets of data were randomly selected as training samples and the remaining 5 sets of
data as prediction samples (as shown in Table 9).

Table 9. Predicted samples (Example 3).

Viscosit Wall Shear Flow Velocit Temperature Concentration Gradient Wax Deposition
Num / (mPa-s)y Stress /m-s-1) y Gradient of Wax Molecules Rate
/Pa /CC-mm~1) /(103 mol-L-1.°C—1) /(gm~—2-h—1)
1 416.82 1.65 0.15 2.75 0.51 9.31
2 522.77 2.22 0.15 2.75 21 13.54
3 416.66 3.27 0.29 3.72 0.51 8.66
4 420.97 41 0.29 2.24 1.16 6.54
5 514.39 2.83 0.3 7.44 0.64 16.43
Based on the determination method of the number of hidden layer nodes in Example 1
and Example 2, the mean square errors of training samples for each hidden layer node are
calculated, and the results are shown in Table 10.
Table 10. Mean square errors of training samples for each hidden layer node (Example 3).
Number 3 4 5 6 7 8 9 10 11 12

MSE 0.02310  0.28732  0.01565 0.39717  0.14722  0.65623 0.07105 0.02188  0.03826  0.03554

According to the calculation results in Table 10, the optimal number of hidden layer
nodes can be determined (the number of hidden layer nodes is 5), so the 5-5-1 network
model structure can be constructed.
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Based on the determined ENN model structure, the predicted values of different
models are obtained, and the predicted values are compared with the measured values
(as shown in Table 11 and Figure 5). In the prediction process of Example 3, the running
time of the traditional ENN model, the AOA-ENN model, the PSO-ENN model, and the
GA-ENN model is 4 s, 1 min 23 s, 1 min 29 s, and 1 min 37 s, respectively. In addition, the
setting of relevant main parameters are consistent with example 1 in the prediction process.

Table 11. Prediction results and relative errors of different models (Example 3).

ENN Model AOA-ENN Model PSO-ENN Model GA-ENN Model

Experimental - . . . . X . :
Prediction Relative Prediction Relative Prediction Relative Prediction Relative

Num Value

/(g-m~2-h-1) Result Error Result Error Result Error Result Error

l(gm~2-h-1) /% l(gm~2-h-1) /% (gm~2-h-1) /% (gm~2-h-1) /%

1 9.31 9.0411 2.8883 8.7031 6.5188 9.6266 3.4006 8.6188 7.4243
2 13.54 15.2431 12.5783 13.7728 1.7194 13.3321 1.5355 13.9532 3.0517
3 8.66 8.7485 1.0219 8.9597 3.4607 9.1143 5.2460 8.4769 2.1143
4 6.54 7.1438 9.2324 6.5282 0.1804 6.7906 3.8318 6.0917 6.8547
5 16.43 11.2222 31.6969 16.425 0.0304 16.1263 1.8484 16.9833 3.3676

]
o

—o— ENN model
o— AOA-ENN model
—— PSO-ENN model
% GA-ENN model

—x— Measured value

T3¢ X

—_
(=}

T

N

Iatats

Wax deposition rate/ (g.m >-h")
% o

1 2 3 4 5

Serial number of the predicted samples

Figure 5. Comparison of the prediction results for different models and test results (Example 3).

From Table 11 and Figure 5, it can be seen that the predicted values of the AOA-ENN
model, the PSO-ENN model, and the GA-ENN model are close to the measured values, and
their prediction accuracy is better. Compared with the ENN model, the relative errors of
the AOA-ENN model, the PSO-ENN model, and the GA-ENN model are greatly reduced.

Similarly, the different kinds of errors for various models are calculated, and the results
are shown in Table 12.

Table 12. Comparison of errors for different models (Example 3).

Model Average Relative Error/%  Root Mean Square Error
ENN model 11.4836 2.4685
AOA-ENN model 2.3819 0.3202
PSO-ENN model 3.1725 0.3178
GA-ENN model 4.5625 0.4877

From Table 12, it is evident that the average relative error of the AOA-ENN model is
the lowest, followed by the PSO-ENN model and the GA-ENN model, so the AOA-ENN
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model has the highest prediction accuracy. Compared with each improved model, the
two types of errors for the traditional ENN model are larger, and the prediction accuracy
is poor.

5. Conclusions

1.  There are many factors affecting the wax deposition rate, and there is a complex
nonlinear relationship between each factor and the wax deposition rate. The AOA-
ENN model for predicting wax deposition rate was established by introducing the
arithmetic optimization algorithm to improve the Elman neural network. The results
showed that the prediction results of the AOA-ENN model are in good agreement
with the measurement results, and the prediction accuracy is high. This research
method provides a new idea for the accurate prediction of the wax deposition rate of
the pipe wall.

2. The prediction results of Example 1, Example 2, and Example 3 showed that the
average relative errors of the AOA-ENN model are significantly lower than those of
the traditional ENN model. Therefore, it is definitely feasible to use the AOA-ENN
model to predict the wax deposition rate. For each improved model, the AOA-ENN
model has the highest prediction accuracy, followed by the PSO-ENN model and the
GA-ENN model.

3. The arithmetic optimization algorithm does not need to perform complex mathemati-
cal operations on the objective function, and directly performs arithmetic operations
on the function, which greatly simplifies the solution process of the optimization
problem, and has the advantages of high efficiency and high precision.
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Nomenclature

y(t) output vector

x(t) output vector of the hidden layer

u(t) input vector

xc(t) output vector of the context layer

w1 connection weight value from the input layer to the hidden layer
wy connection weight value from the context layer to the hidden layer

w3 connection weight value from the hidden layer to the output layer
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g() transfer functions of the output layer

fQ) transfer functions of the hidden layer

N population quantity

n the dimension of exploration space

Xjj the position of the i-th solution in the j-th dimensional space

MOA(C_iter)
MOA

specific function value at the -th iteration
an adaptive coefficient

C_iter current number of iterations
M_iter maximum number of iterations
maximum value of the corresponding function values of the math
max optimizer accelerated
. minimum value of the corresponding function values of the math
i optimizer accelerated
rl, 12,713 a random number between [0, 1]

x;(C_iter + 1)
x;;(C_iter +1)

the i-th solution of the next iteration
the j-th dimension position of the i-th solution for the next iteration

best(x;) the j-th dimension position of the best solution during the iteration process
€ a small integer number
UB; upper bound value of the j-th dimension position
LB; lower bound value of the j-th dimension position
U control parameter to adjust the exploration process
MOP math optimizer probability
MOP(C_iter)  function value at the ¢-th iteration
o a sensitive parameter
d model output value of the i-th sample
dyi actual value of the i-th sample
m the number of input layer nodes
) the number of output layer nodes
a an integer between 1 and 10
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