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EVALUATION OF THE EFFECT OF OPERATIONAL AND DESIGN
PARAMETERS ON PERFORMANCE OF STEAM REFORMING OF
METHANE USING FLUIDIZED CATALYTIC BED REACTOR USING
ARTIFICIAL NEURAL NETWORKS

Abstract: The use of artificial intelligence (Al), represented by artificial
neural networks (ANN), is one of the most recent approaches of modeling in the field
of research and development. In this study, 5 artificial neural networks were
developed to estimate the major parameters of the catalytic process of steam
reforming of methane in fluidized catalytic bed reactors using nickel-based catalyst,
based on operational and design factors. Recently, research interest in artificial
neural networks has expanded because to its capacity to differentiate applications
efficiently solve complicated difficulties, reliability, and low cost when compared to
other complex modeling and simulation approaches. It is stated that ANN is a
useful performance evaluation tool for chemical engineering researchers in
forecasting operational and design parameters for both academic and practical
applications.
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Anv-Kaxncan HAmen

Acnupanm

1 kypc, hakynomem «Xumuueckan mexnonocusn u IK0102us)
Poccuiickuii 2ocyoapcmeeHHblil yHUBepcumem Hegmu u 2aza uMeHu
HU.M. I'yoxkuna.

Poccusa, 2. Mockea

OLEHKA BJIMAHUA SKCIINITYATAIIMOHHO-
KOHCTPYKTHUBHbLIX ITAPAMETPOB HA ITIPOU3BOAUTEJIBHOCTD
MPOLIECCA MAPOBOM KOH®EPEHIIMU METAHA B PEAKTOPE
KHUITAILIEI'O KATAJIUTHYECKOI'O CJ1IOA C UCITIOJIb30OBAHUEM
UCKYCCTBEHHBIX HEMPOHHBIX CETEH

Aunomauun: Hcnonvzosanue uckyccmeennozo  unmennekma  (MH),
npeoCmasieHHo20 UCKyccmeenHuiMu  Heupounvimu cemavu (MHC), sensemcs
OOHUM U3 CAMBLX NOCNEOHUX NOOX0008 K MOOEIUPOBAHUIO 8 0OIACU UCCIe008AHUL
u paspabomox. B nocneomee 6pems  UCCIe008AMENbCKULL  UHMeEpeC K
UCKYCCMBEHHbIM  HEUPOHHbIM CemaM pPAacWUupuics u3-3a Uux CHnocoOHOCmU
oupgepenyuposams npunodcerust, dPHeKkmusHo peulams CiONCHblE NPOOIEeMbI,
HAOEJHCHOCMU U HU3KOU CMOUMOCMU NO CPABHEHUI0 C OpYyeUMU NoOX00amu K
CILOACHOMY MOOeIUposanuto u cumyaayuu. Ymeepacoaemcs, umo MHC aensemcs
NONE3HbIM UHCIPYMEHMOM OYEHKU NPOU3BO0OUMENbHOCIU 05 ucciedogamenel
XUMUYECKOU  UHIICEHepUU Npu  NPOSHO3UPOBAHUU  padOYUX U  NPOEKMHbIX
napamempos Kax 01 aKkademMuyecKux, max u Oas NpaKkmudeckux npunodxcerutl. B
9MOM UCCIE08AHUU ObLIU PA3PAOOMAHbL 5 UCKYCCMBEHHBIX HEUPOHHBIX cemell Olis
OYEHKU  OCHOBHbIX  NApAMEmpo8  KAmalumuyeckoeo npoyecca napoozo
pUupopmunea. mMemana 6 peaxmopax ¢ NCe8000NCUNCEHHbIM KAMAIUMULECKUM
CloeM ¢ UCNOIb308AHUEM HUKEIbCOOEPHCAULec0 KAmaiuzamopa ¢ yuemom

IKCniyamayuoOHHblX U KORCNPYKMUBHbBIX d)akmopoe.
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Kniroueevle cnosa: Hckyccmeennvle netiponnvle cemu, Ilaposoii pughopmune,

Meman, Huxenbcooepacawue kamanuzamopsl, Peakmopol ¢ nces000HCudcenHbim

cnoem, MATLAB.

. Introduction

Methods of studying chemical industrial processes have undergone great
changes throughout the history of scientific research, where the study of primitive
processes were taking place within simple laboratory units based on the principle of
trial and error. Then, the integration of computer technologies into the field of
chemical engineering began, and this resulted in modeling and simulation
applications that allowed researchers to conduct more complex and closer to realistic
experiments, where there is a need to deal with more complex systems (non-linear
systems).

One of the most recent applications of modeling in the field of chemical
engineering is the use of artificial intelligence (Al), represented by artificial neural
networks (ANN). Catalysts tremendously used in chemical industries, and
operations of industrial catalytic rate of more than 90% globally, and that because
of the importance of the use of catalysts in guiding production in terms of quality
and economically.

Recently, research interest has grown in artificial neural networks to
distinguish applications quickly resolve complex issues, reliability and cheap price
compared to other complex modeling and simulations techniques [1]. Accordingly,
applications of artificial neural networks have a promising future in the study of
catalytic chemical processes, including functions of data classification, error
detection, prediction of chemical product properties, data correction, modeling and
simulation of process control systems [2]. The purpose of this article is to conduct
an evaluation and analysis of the operational and design parameters of the

performance of fluidized catalytic bed reactors used in steam reforming of methane
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2.1.

by using artificial neural networks, and conducting this evaluation using MATLAB

program.

. Artificial Neural Networks (ANN)

The concept of ANN

The term "artificial neurons™ means those computational structures that
perform special arithmetic operations of the input values and form a total of the
artificial neural network, which are interconnected neurons to convert the input
values into an output that expresses a specific function of the network with a
mechanism similar to the work of brain neurons in converting signals sensory (image
- smell - feel - ..etc.) to a mental belief (happiness - sadness - fear - ..etc.) or a
kinesthetic act (running - hitting - .. etc.). The principle of the work of a single neuron
can be summarized by receiving an input value (or more), which may be an initial
input value (in the input layer) or coming as an output value from the previous layer
(in the hidden layers) and performing a calculation based on a numerical value
specific to each neuron, called “ weight” , then another value called “bias” specific
to each neuron is added , the arithmetic product of this mathematic process as a
whole is subjected to the so-called “activation function”, which helps represent

nonlinear system [2,3].
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Figure 1. Configurational comparison between cerebral neuron (A) and
artificial neuron (B)
Usually, an artificial neural network consists of several neurons, an input
layer, an output layer, and hidden layers (usually between one and three layers). The
complexity of the network structure depends on the nature of the study, the number

of inputs and outputs, the algorithm used, and the type of learning process.
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2.2.

2.2.1.

Types of ANN learning

The term of artificial neural network learning means finding the optimal
values of weights through a feedback loop, and the learning process is called
“network training”. As a result of the learning process, we have different values of
weights. Great numerical values indicate the importance of the related neuron. On
the other hand, weights with small numerical values indicate that the related neuron
can be neglected during the study and simplify the structure of the network [4]. There
are three types of learning process according to the learning style: Supervised,
unsupervised and reinforcement learning.
Supervised ANN learning

Supervised learning is the process of training the artificial neural network and
modifying its structure and values with the intervention of the researcher himself
(Fig.2). Supervised learning includes the following procedure:
Assigning random initial values to the weights.
Entering training input values into the network and calculating output values.
Calculate the error value between the output values obtained from training the
network and the correct output values.
Modify the weights to reduce the error value.
Repeat the training and modification process several times until a minimum error

value is reached.

Training Data :
Input —
{ Input, Correct output } :

Correct output

Figure 2. The process of supervised learning
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2.2.2. Unsupervised ANN learning

In contrast to supervised learning, unsupervised learning in which the artificial

neural network relies on itself to determine the optimal values of weights by

recognizing new patterns. Unsupervised learning is a more difficult teaching

method, but it allows the study of more complex phenomena [5,6].

Table 1. Comparison of characteristics between supervised , unsupervised

and reinforcement learning

Supervised Unspervised Reinforcement
Learning Learning Learning

Concept Repeatedly reducing Training the network Dependence on the
error values between with undirected data interaction of the
computed  outputs with correct values artificial neural
and known correct network with the input
values data

Dataset Inputs, correct Inputs Inputs, some outputs,
outputs reinforcement values

Complexity  Simple Complex Complex

Algorithms  Linear Regression, k-means clustering, c- Q-learning , Temporal
Naive Bayes, mean clustering, Difference (TD) , Deep
Decision Tree, Association Rules. Adversarial Networks ,
Support Vector State—action-reward-
Machines, Logistic state—action (SARSA)
Regression, .. etc.

Target Finding out the Detecting patterns and Finding the optimum
outputs characteristics of input behavior

data
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2.2.3. Reinforcement ANN learning

3.1.

3.2.

Reinforcement learning style means training the artificial neural network
based on the network system taking the optimal behavior or path that it should take
under specific conditions, that is, the training set contains - in addition to the inputs
- some random output values and reinforcement values for these outputs that
determine the behavior of the network. Learning does not take place through training

data, but rather through learning by experience that is reinforced with specific values

[7].

. Methodology

Data collection

In this work, the data of Chen et al. [8] were used. The data was selected and
separated into 5 groups: The first group is data on the change in reaction speeds,
concentrations of the resulting substances, reaction yield and selectivity according
to the change in the reaction temperature. The second group includes data for
studying the change in the yield and selectivity of the reaction and the methane
conversion ratio according to the change in the reaction temperature and the ratio of
vapor to methane. The third group included data for studying the change in the yield
and selectivity of the reaction and the rate of methane conversion according to the
change in the reaction temperature and the speed of entry of the reactants. The fourth
group included data for studying the change of molar fractions of the resulting
materials and the reaction yield depending on the change in the rate of entry of the
reactants and the length of the conversion reactor. The fifth group included data for
studying the change in yield and selectivity of the reaction and the rate of methane
conversion according to the change in the reaction temperature and the initial heating
temperature of the reactants.
Artificial Neural Networks development

Five artificial neural networks were developed to study the effect of

operational parameters (temperature, vapor-to-carbon ratio, initial heating
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temperature) and design parameters (inlet velocity, reactor length) on process
outputs such as product concentrations, yield and molar fractions.

The Levenberg-Marquardt algorithm was proposed as a training algorithm for
the networks due to its simplicity and requires less time, despite the need for more
memory. According to this algorithm, the training of the neural network stops
automatically when the generalization stops the improving indicated by an
increment in the mean square error (MSE) of the validation data [9].

The first network studies the effect of reaction temperature on reaction rate,
carbon monoxide, carbon dioxide and hydrogen concentrations, hydrogen
production yield, carbon monoxide selectivity, and methane conversion ratio. It has

been suggested that there are 3 neurons in the hidden layer of the network.

Reaction
Temperature

gt Loy Hidden Loy O e
Figure 3. The first developed network its parts

The second network studies the combined effect of reaction temperature and
vapor to carbon ratio on hydrogen production yield, carbon monoxide selectivity and
methane conversion ratio. It has been suggested that there are 5 neurons in the hidden
layer of the network. The third network studies the combined effect of the reaction
temperature and the rate of entry into the reactor on the yield of hydrogen
production, carbon monoxide selectivity, and methane conversion rate. It has been

suggested that there are 4 neurons in the hidden layer of the network. The fourth
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network studies the effect of the rate of entering the reactor and the length of the
reactor on the yield of hydrogen production and the molar fractions of carbon
monoxide and carbon dioxide in the products stream. 7 neurons are proposed in the
hidden layer of the network. The last network studies the effect of the preheating
temperature of a stream of reactants and reaction temperature on the yield of
hydrogen production, carbon monoxide selectivity and methane conversion ratio. It
has been suggested that there are 3 neurons in the hidden layer of the network.

The structure of the previous networks and the selection of the number of
neurons in the hidden layer was developed based on the selection of the network

with a lower MSE value.

Eeaction
Temperature

Steam-to-Carbon
ratio

Inlet velocity

Reactor length —— Reaction

© ()

Figure 4. The developed networks: (a) the second, (b) the third, (c) the
fourth, (d) the fifth ANNs.
The percentage of validation data was set at a value of 15% of the number of
data set, test data at a value of 15% of the number of data set, and training data at a

value of 70% of the number of studied data set.

1 ~
MSE = =310(9 = y)?. (1)

e irepresents the index of the dataset,
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4.1.

4.2.

y is the predicted outcome,

y is the actual value, and

n is the number of samples in the dataset.
Performance of the ANNs

Generally, while analyzing the performance of the network during the
training, the mean squared error decreases during training with increasing the value
of epochs, but sometimes the error of the validation or test data set begins to increase
as a result of overfitting the training data, and therefore when evaluating the best
epoch with the lowest error is chosen. In machine learning, the term “epoch”
indicates the number of the cycles of the entire dataset of training that the algorithm
has completed [10].

Figure. 5 shows the performances of the developed networks. The optimal
validation performance of the first ANN is 1.14x1072 at 82 epoch and the process is
ended at epoch 88. The second ANN has optimal validation performance equal to
0.45534 at 14 epoch and the process is ended at epoch 20. The third ANN has
optimal validation performance equal to 3.17x1072 at 12 epoch and the process is
ended at epoch 18. The fourth ANN has optimal validation performance equal to
1.66x10° at 93 epoch and the process is ended at epoch 99. The last ANN has
optimal validation performance equal to 1.23x1072 at 101 epoch and the process is
ended at epoch 107.

Error Histograms of the ANNSs

The histogram shows the distribution of the computed (objective-output) error
committed after training the network. The yellow line (the zero line) separates the
positive and negative error values. Positive error values indicate that the target value
is greater than the output and vice versa.

From Figure 6, it can be seen that the calculated error in the first network is
centered at the zero line with 34 instances in the training set, beside that there are a
number of negative errors. For the second network, most of the errors were

concentrated at the zero-line area in the range between -0.07015 to 0.07916. In the
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third network, most of the calculated errors were within the range -0.2351 to 0.1082

with instances between 8 to 27. The same applies to the fourth network. The errors

were concentrated and distributed more within the range from -0.0096 to 0.001337.

In the last network, the total errors are concentrated at the value 0.00289 with

instances 38 in the training set, and to a lesser extent toward the positive range.

Best Validation Performance is 0.011355 at epoch 82
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Figure 5. Changing of the network error during the ANNS training process: the
first, (b) the second, (c) the third, (d) the fourth, (e) the fifth ANNSs.
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4.3. Training state of the ANNs

The direction and magnitude of an error gradient are determined during the
training of a neural network and are used to update the network weights in the correct
direction and by the appropriate amount. The lower the gradient coefficient, the
better the training and testing of networks will be [10,11]. Figure 7-a shows that the
final gradient value is 0.0026605 at epoch 88 for the first network, and its mu value
is very small and equal to 1x107° It can be noted that there are 5 errors were
committed in the range between 0 to 10 and 6 between epoch 80 to 88.

It should be noted here that Mu is considered a control parameter of the
training algorithm of ANN. Variation of mu affects the error convergence. Fig. 7-b
shows the final gradient value equal to 0.010754 at epoch 20 for the second network
and an acceptable mu value equal to 0.001 and 6 verification errors after epoch 14.
Fig. 8-a also shows a final gradient value for the third network equal to 0.037606 at
epoch 18 and mu value equal to 0.0001 and 6 verification errors after epoch 12 and a
single error at epoch 2 at the beginning. Fig. 8-b indicates a smooth drop of the
gradient value up to a value of 1.20x107 at the 99th epoch of the fourth network and
a mu value of 1.00x10® with 6 errors at the end in the range between epoch 90 to 99,
3 errors between the range 70 to 80 and a single error in the beginning between the
field 0 to 10. As for Fig. 9, it indicates that the value of the gradient reached 0.011789
for the last network at the epoch 107 after its behavior was an oscillatory behavior.
As for the value of Mu, it reached a value of 0.001 at the end of the training, noting
that there were several errors that reached a maximum of 6 errors in the field between
100 and 107 at the end.

Table 2. The basic information about the developed networks.

) Network Data set

Studied parameters MSE R _ _ _

topology Training  Validation  Testing
f(T) ={rco,Tcoz2, Cco Ccozs Chz, Yz, Scor Xcnal 1-3-8 3.56 x 10 1.000 5 1 1
f(T, S/C) b {YHZ'SCOIXCH‘l-} 2'5'3 765 X 10-1 0999 25 5 5
F(T,v) = (Yy2,Sc0, Xcual 2-4-3 2.78 x 10*  1.000 17 4 4
f@,L) ={ycoz Yuz Yco} 2-7-3 123 x10%  0.999 73 16 16
f(TO' T) = {YHZ' SCOIXCH4} 2'3'3 ]33 X 10-3 1000 17 4 4
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Gradient = 0.0026605, at epoch 88 Gradient = 0.10754, at epoch 20
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Figure 7. Training state plot of (a) first ANN and (b) second ANN
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Gradient = 0.37606, at epoch 18
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Figure 8. Training state plot of (a) third ANN and (b) fourth ANN
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4.4,

Gradient = 0.011789, at epoch 107
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Figure 9. Training state plot of the fifth ANN

Regression of the ANNs

Figures 10-14 illustrate the regression coefficient for the validation, training,
and test procedures, which is the coincidence between the target and response
variables. R-values are a statistical measure of how relatively close data sets are to
the fitted regression model. In the regression plots, the "Target" values reflect the
"Measured" values, while the "Output™ values indicate the "Predicted" values. The
R-values from the regression chart indicate the model's acceptable levels of accuracy
in both the training and validation procedures.
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. First ANN regression
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Figure 11. Second ANN regression
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Figure 12. third ANN regression
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Figure 13. Fourth ANN regression
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Figure 14. Fifth ANN regression

Table 2. Linear regression functions of ANNs development.

Function of linear regression

ANNSs _ _

Training Validation Test All

L y=x+97x%x107° y = x + 0.0042 y = 0.99x + 0.03 y =x + 0.005
R =1.00 R =0.99 R =0.99 R =0.99

) y =x+ 0.0028 y=x+0.014 y =x+ 0.064 y =x+0.0033
R =1.00 R =0.99 R =0.99 R =0.99

3 y =x+ 0.0037 y =x + 0.053 y =0.99x + 0.076 y =x + 0.00046
R =0.99 R =0.99 R =0.99 R =0.99

A y=x+10x10"° y =x+ 0.00024 y =x+ 0.00015 y=x+67x10°
R =0.99 R =0.99 R =0.99 R =0.99

c y=x+0.0014 y=x+ 0.0076 y =x+ 0.0024 y=x+0.0012
R =1.00 R =0.99 R =0.99 R =0.99
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5. Conclusion

Atrtificial neural networks were developed simulating the process of steam
reforming of methane in fluidized catalytic bed systems using nickel-based catalyst,
depending on operational and design parameters to predict the main parameters of
the catalytic process.

The results of this analysis revealed a strong correlation coefficient (R-value)
between the original measured data and forecasted output variables, ranging up to
0.9. As a result, the model proposed in this study has adequate applicability and
reliability. It is stated that ANN is a beneficial performance evaluation tool for
chemical engineering researches in predicting the operational and design parameters

for both academic and practical purposes.
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