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Abstract:

Lanthanum can be obtained by electrowinning or electrodeposition process. To increase this process,
the magnetic field is introduced in the electrodeposition process. The magneto electrodeposition
(MED) process will increase the mass transfer and a limiting value (ib). The optimum mass transport
on magneto electrodeposition occurs at this limiting current. Hence, knowing this limiting current is
very important. The parameters that have a significant effect on limiting current, namely: electrode
area (A), electron-active concentration (C), kinematic electrolyte viscosity (V), diffusion coefficient
(D), magnetic field strength (B), and the number of electrons involved in the MED process (n).
However, limiting current is a highly nonlinear process. One model which able to simulate a highly
nonlinear process is block-oriented. In this work, three block-oriented models namely the Neural
Hammerstein Model modeling, Neural Wiener Model, and Neural Hammerstein Wiener Model were
developed to simulate limiting current on lanthanum MED. The results and analysis of this study show
that the Neural Hammerstein-Wiener Model uses the neural network with 1 hidden layer, 50 hidden
nodes, and the data sharing of 50% train, 30% test, and 20% validation. this model has the smallest
error value (0.0019 Mean Square Error (MSE) and 1.4122% of Mean Absolute Percentage Error (MAPE)
and 0,014122 Mean Absolute Error (MAE).

Keywords: Lanthanum, Neural Network, Neural Hammerstein, Neural Wiener, Hammerstein
Wiener, Mechine Learning.
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1. Introduction

Lanthanum belongs to the group of rare earths that are soft, bluish-white metals. It was discovered
in 1893 and is one of the group III B transition metal elements found in the lanthanide element series
[1]. Lanthanum can be obtained by electrowinning process. Electrodeposition is the process of settling
a substance using a direct electric current. Electrodeposition has the main problem of roughness in the
resulting layer (non-uniform crystal growth) [2].

This problem can be solved by applying Magneto electrodeposition (MED). The MED process will
produce a limiting value iB, which requires compounds and tools such as electrode area (A), active-
electron concentration (C), electrolyte viscosity kinematics (V), diffusion coefficient (D), magnetic field
strength (B), and the number of electrons involved in the MED process (n). Magneto electrodeposition
(MED) research tends to require expensive compounds [3].

The test laboratory can be divided into a wet laboratory and a dry laboratory. The process of
analyzing mathematical calculations is carried out in a dry laboratory. To solve the problem of high
costs, this can be done in a dry laboratory. One of them is the block-oriented model approach. A lot of
chemical research goes through this approach because of its reliability and the fact that it offers complex
information through conventional programming processes [4]. Therefore, through this study, a
comparison of the ability of the block-oriented model. Three block-oriented models have good
performance namely the Neural Wiener Model, Neural Hammerstein, and the Neural Hammerstein
Wiener Model to guess the value of the best-limiting current (iB) by comparing its Mean Square Error
(MSE) Mean Absolute Percentage Error (MAP), and Mean Absolute Error (MAE) with limiting current
data from laboratory data. The Neural Hammerstein, Neural Wiener, and Neural Hammerstein-Wiener
systems are the most popular structures in block-oriented nonlinear systems [5-10]. In this work, all
simulations were conducted using Matlab software.

2. Materials and Methods

The methodology adopted to develop Neural Hammerstein, Neural Wiener, and Hammerstein
Wiener models to simulate the limiting current of Lanthanum MED is described in this chapter. This is
followed by the variation of neural network data sharing from 50% to 40% of train data. The last part is
the comparison study of those models. The overall flowchart of the research methodology is shown in
Figure 1.
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Figure 1. Overall research methodology

2.1 Process Magneto Electrodeposition (MED) in Lanthanum

This method was previously applied to lanthanum to obtain the current-limiting equation in a
semi-empirical manner. The material used is Lanthanum (III) Chloride Heptahydrate 98% containing
H.SO, solution. In lanthanum processing, the substantial variation of the magnetic field is an influential
parameter in determining limiting currents. The results obtained are in the form of optimal semi-
empirical equations in the magneto electrodeposition process of lanthanum. The limiting current value
was obtained using three-electrode electrochemical cells under the magnetic field effect. This three-
electrode electrochemical cell was operated using Pontenstiotsat-Galvanostat, as shown in Figure 2.
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Figure 2. Schematic diagram of Magneto-Electrodeposition of Lanthanum [u1]

2.2 Data Neural Network

The processed data are obtained from the results of existing semi-empirical research where the
influence of Lanthanum (II) Heptahydrate Chloride concentration is 98%, auxiliary electrolyte (H.SO,
concentration), electrode area (A), electro-active diffusion coefficient (D), electrolyte kinematic
viscosity (v), magnetic field strength (B) and number of electrons in the redox process (n) are inputs to
produce output i.e., limiting limiting current (ib) for MED simulation solutions on lanthanum. The data
increased the limiting current (ib) value at a variation in the influence of Lanthanum (III) Heptahydrate
Chloride by 98%, the magnetic field’s strength, and the working electrode’s surface area. The data also
resulted in a decrease in the limiting current value at the variation in the concentration of H.SO,. There
were 19 samples, and they were multiplied 10 times to improve data accuracy. Then, the input data is
formed into a matrix measuring 7 x 190, while the output becomes 1 x 190. Input data has been trained
using the Levenberg-Marquardt algorithm with 1 hidden layer and 50 hidden nodes with the proportion
of training data, validation data, and testing data used, namely 50% training, 20% validation, 30%
testing, 40% training, 30% validation, 30% testing, as well as 45% training, 20% validation, 35% testing.

2.3 Neural Wienner’s Model Development

The creation of Neural Winner is done by training the input and output data on the state space
block first to produce temporary variables, the result of the State Space output is continued into the
Neural Network so that the neural block becomes a single input-single output (SISO). The output of the
Neural Network is taken on the 10th replay to improve its accuracy. The Neural Weiner output result is
graphed in comparison and calculated with MSE against the i semi-empirical result. The arrangement
of the N-W model is shown in Figure 3.

Non-Linear Steady State

Linear Dynamic Part Part
ul
N vl yl
u2 State Space » Neural Network [—»
—>

Figure 3: Neural Wiener Model Arrangement
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As stated earlier, the first block of the Neural Wiener (NW) used the state space model. Using the
input - output data from the experiment data, the state space model was developed using the Matlab
command (n4sid). Hence the state space equation can be expressed as follows:

X(ke) = A X(k) + B ug) (1)
v = C xk) + D uw) (2)
where x is the state vector, u is the input vector, and v is the output vector. The matrix coefficients,
A, is an n-by-n matrix, n is the number of states, B is an n-by-m matrix (n is the number of rows and
m is the number of the column), and m is the number of inputs. C is an r-by-n matrix, where r is the
number of outputs and D is an r-by-m matrix. In the NW, the accuracy of the model obtained from
the state model was improved by the nonlinear block of the NW model.
The nonlinear block of the NW model used in this work was the feed-forward neural network
model. The feed-forward neural network was developed using the Matlab command. The output y(k)
of the neural network can be written in Equation3s:

Yoo = Wo + 2, wie(wiy + wiivag) (3)

where wo is a bias, wij is the weight of the first layer, and wi is the weight of the second layer, ¢ is
a nonlinear transfer function i.e: hyperbolic tangent sigmoid transfer function (tansig), and K is the
number of hidden nodes. The output of the NW model can be defined by substituting Equation (2)
into Equation (3), as shown below:

y(k) = wo + ZiK=1WiZ(P{Wil,0 + Wil,l[c x(k) + Du(k) + e(k)]} (4)

2.4 Development of the Hammerstein Neural Model

Neural Hammerstein is created by first training the input and output data on the Neural Network
block to produce temporary variables. The results of the Neural Network outputs are transmitted into
State Space as input. The output of State Space is taken on the 10oth replay to improve its accuracy.
Hammerstein’s Neural output results are compared and calculated with MSE against is semi-empirical
results. The arrangement of the N-H model is shown in Figure 4.

NonlLinear Steady

State Part Linear Dynamic Part
ul
E— Vi— yl
u2 Neural Network State Space —>
E—

Figure 4: Hammerstein Neural Model Arrangement

The output y) of the neural network is described in Equation (5).
V) = Wo + PR Wiz‘P(Wil,o + W11,1u(k)) (5)

where wy is the bias, wi,j is the weight of the first layer, and wi is the weight of the second layer,
¢ is a nonlinear transfer function i.e: hyperbolic tangent sigmoid transfer function (tansig), and K is
the number of hidden nodes. The output of the NH model can be defined by substituting Equation (5)
into Equation (2) as shown belgy:

Yao = CxXgy + D (wo + K, wi {wiy+ wiiugy} (6)

2.5 Hammersstein-Wienner Model Development

The creation of Neural Hammerstein-Wiener is done by training the input and output data on the
first Neural Network block first to produce temporary variables, the results of the Neural Network
outputs are passed into State Space as input. The result of Hammerstein's Neural output is then
transferred into the second neural network. The output of the second Neural Network is taken on the
10th replay to improve its accuracy. The result of the Hammerstein-Wiener Neural output is graphed in
comparison and calculated with MSE against is semi-empirical results. The arrangement of the N-W
models is shown in Figure 5.
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Figure 5: Hammerstein-Winner Neural Model Arrangement

Output v(k) of the first neural network block is shown in equation (7):

k

Uy = Wo + ZWiZ(P(Wil,o + wil‘lu(k)) (7)
i=1

The second block of Hammerstein Wiener is the state space block, v (k) became the input of this
state space block and the output is z(k). The output of state space block (z) is described in equation

(8).
K

24y = Cxgy + D (wo + Z wH{wi, + wil‘lu(k)} (8)
im1

The output of state space block (z) became the input of the second neural network block and the
output of the second neural network is the output of the overall Hammerstein Wiener model (y) as
described in equation (9).

k
Y = Wo + Z wio (W},O + Wi [Cxgy + D (w,

=1 (101)

k
+ Z wH{wly + Wil’lu(k)}]>
=1

3. Results and Discussion

Performance tests from the Hammerstein Neural Model, Neural Wiener Model, and
Hammerstein-Wiener Neural using MED Lanthanum semi-empirical data, six inputs, and one output.
The Neural Network algorithm used is Levenberg-Marquardt with 1 hidden layer and 30 hidden nodes.
The results of modeling the process of determining the limiting current (ib) on the magneto
electrodeposition of lanthanum are obtained as follows.

3.1 Neural Wiener

The neural wiener model used the state space model as a non-linear block. In this work, the
following state space model was used with the value as follows:

A =10.9046 0.07485 — 0.1603 — 0.02745 — 0.004148 —.002207 0.3733
—0.4721 —0.08012 —0.01074
—0.002789 0.001481 0.06724 0.8378 — 0.338 0.003124 (11)
—0.0005042 —0.0009871 —.01948 —.02636
—0.8935 0.2589 0.0753 0.0005673 —.09534 — 0.06156
—0.209 —0.91150.1666 — 0.2535 0.03671 — 0.0169
—0.02036 — 0.1043 0.05481 0.8828 |

B =[-7.383e + 07 6.191e + 06 — 4.657¢ + 06 1.476¢ + 08 — 4.733e¢ (12)
+091.621e +10 ]
¢ = [-0.0075 2.3e — 05 0.00078 0.00022 6.4e — 05 — 1.7 — 05 ] (13)

D = 0] (14)
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K=[000000 ] (15)

Meanwhile, the nonlinear block model used a feed-forward neural network (FFNN) in which the
train data varied from 40% to 50%. Meanwhile, the test data varied from 30 to 40%, as listed in Table
1. Neural Wiener Data Training Model Simulation 40%, 45& and 50% were shown in Figures 6, 7, and
8, respectively. Table 1 shows that the neural wiener using a neural network with 50% train data and
30% test data gives the smallest MSE, MAP, and MAE error.
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Figure 6. Neural Wiener Data Training Model Simulation 40%

-02

ib-Neural Wienner & ib-Experiment

-04 §

1 0 MSE Wiener = 0.019896]

06 | : | . I . . . .
0 20 40 60 80 100 120 140 160 180 200

Data

Figure 7. Neural Wiener Data Training Model Simulation 45%
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Table 1. Comparison of Neural Wiener Model Accuracy Values using various data sharing of

Neural Network

development

Model Evaluation

Data Sharing
MSE MAP MAE
50% train 30% test 0.0021 2.6522% 0.0265
45% train 35% test 0.0199 5.3733% 0.0537
40% train, 30% test 0.0107 3.9822% 0.0398

3.2 Neural Hammerstein

The neural Hammerstein model used a feed-forward neural network (FFNN) in which the train
data were varied from 40% to 50%. Meanwhile, the test data were varied from 30 to 40%, as listed in
Table 2. Neural Wiener Data Training Model Simulation 40%, 45& and 50% were shown in Figures 9,
9 and 10, respectively. Table 2 shows that the neural Hammerstein model, which used a neural network
with 50% train data and 30% test data, gives the smallest error of MSE, MAP, and MAE.
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Figure 9. Neural Hammerstein Data Training Model Simulation 40%.
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Figure 10. Hammerstein Neural Model Simulation Data Training 45%
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Figure 11. Neural Wiener Data Training Model Simulation 50%

Table 2. Comparison of Accuracy Values of Neural Hammerstein Models using various data

sharing of Neural Network development

Model Evaluation

Data Sharing
MSE MAP MAE
50% train 30% test 0.0195 15.1820% 0.1518
45% train 35% test 0.0234 17.2283% 0.1723
40% train 30% test 0.015 11.3332% 0.1133

3.3 Neural Hammerstein-Wiener
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The Wiener - Hammerstein model used a feed-forward neural network (FFNN) in which the train
data varied from 40% to 50%. Meanwhile, test data were varied from 30 to 40%, as listed in Table 2.
Neural Wiener Data Training Model Simulation 40%, 45& and 50% were shown in Figures 12, 13,
and 14, respectively. Table 3 shows that the neural Hammerstein model, which used a neural
network with 50% train data and 30% test data, gives the smallest error of MSE, MAP, and MAE.
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Figure 12. Neural Hammerstein-Wiener Model Simulation Data Training 40%
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Figure 13. Neural Hammerstein-Wiener Model Simulation Data Training 45%
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Figure 14. Neural Hammerstein-Wiener Model Simulation Data Training 50%
Table 3. Comparison of Accuracy Values of the Neural Hammerstein-Wiener Model using

various data sharing of Neural Network development

Model Evaluation

Data Sharing
MSE MAP MAE
50% train, 30% test 0.0019 1.4122% 0.0142
45% train, 35% test 0.0061 7.9368% 0.0794
40% train, 30% test 0.0053 6.0594% 0.0606
3.4 Model Evaluation

The evaluation of the model used in this study is the MAE, MAP, and MSE values used to see the
accuracy of the accuracy produced by the Neural Wiener, Neural Hammerstein, and Neural
Hammerstein-Wiener models in detail listed in Table 4. The table shows that the best model to
simulate limiting current is Hammerstein Wiener with the smallest value of the MAE, MAP, and MSE.
The comparison of the actual data graph of Lanthanum limiting current (ib) with the prediction modes
is shown in Figure 13. The figure shows that the Hammerstein-Wiener model has better performance
in modeling the Lanthanum limiting current (ib) than the neural Wiener and neural Hammerstein

model.
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Table 4. Comparison of Model Accuracy Values using various data sharing of Neural Network

development
Model Evaluation
Model Data Sharing

MSE MAP MAE

Neural Wiener 50% train, 30% test 0.0021 2.6522% 0.0265
Neural Hammerstein 50% train, 30% test 0.0195 15.1820% 0.1518

Neural Hammerstein-

50% train 30% test 0.0019 1.4122% 0.0142

Wiener

4. Conclusion

The three models, namely the Neural Hammerstein, the Neural Wienner Model, and the Neural
Hammerstein-Wiener Model, were created to simulate lanthanum magnetoelectrodeposition (MED)
to determine the limiting current (ib) value. By using a dataset of 7 input parameters and 1 output
parameter, it is known that the final result in the form of MSE, MAPE, and MAE values from the
Hammerstein Wiener Model modeling is smaller than the Neural Hammerstein modeling and the
Neural Wiener. The Neural Hammerstein Wiener Model uses a neural network with 1 hidden layer, 50
hidden nodes, and data sharing of 50% train, 30% test, and 20% validation. This model has an MSE
value of 0.0019, MAPE of 1.4122%, and MAE of 0.0142.
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