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ABSTRACT

With the rise of computer technology, artificial intelligence technology is also becoming
increasingly mature. The neural network fitting technology under deep learning has become
a substitute for large scale database due to its high fitting accuracy and small fitting result
memory.

We have focused on the reforming of Hot Coke Oven Gas (HCOG), COG is a common

by-product of the steel industry and has been produced in each of the last ten years around
75 Mtoe. At present, most of COG is not used effectively and is just emitted directly, so if
COG is used effectively, energy savings can be achieved.

Due to the complex composition of crude COG, the size of HCOG database used for
simulation is also large. We hope to use neural networks to fit the HCOG database, in order
to replace the HCOG database with smaller fitting results for simulation calculations, which
can save CPU memory and improve the accuracy of the model.

In Chapter 1, A concise introduction was given to the development history of artificial
intelligence technology, especially the application of deep learning as a branch. In addition,
the background and necessity of Hot Coke Oven Gas (HCOG) application were introduced.
Finally, the application of neural networks in fitting databases was introduced.

In Chapter 2, it mainly introduces the algorithm of dealing with Loss function. Starting
with the linear regression problem, the Gradient descent method and the least square method
are introduced at first. Then the Nonlinear regression problem is introduced. In order to solve
the limitation of the least square method in dealing with nonlinear problems, the Gauss-
Newton algorithm is introduced. Finally, the Levenberg—Marquardt (LM) algorithm, which
combines the Gradient descent method and the Gauss-Newton algorithm is introduced. This
is the core algorithm of this paper.

In Chapter 3, it introduces the computational rules between neurons, Forward
Propagation and Backward Propagation in neural networks. Combining visual neural
network diagrams has deepened our understanding of the LM algorithm. In addition, based
on the order difference of magnitude, 21 output data were divided into three groups of Group
A, Group B and Group C, laying the foundation for the analysis of data fitting errors in
Chapter 4.



In Chapter 4, the fitting results of six representative output values T, ENTH, Y_H2,
Y_CO, Y_C2H2 and Y_C6H6 from three groups were introduced, and the differences and
fitting characteristics of Group A, Group B and Group C data were analyzed.

In Chapter 5, the summary and conclusions are presented.



NOMENCLATURE

Below are descriptions of the symbols used in this thesis.

Learning rate

V.. f Gradient vector of f at x;

€ Tiny increase
L Loss function
] Jacobian matrix

H Hessian matrix

r Residual between observed and theoretical value
Z Mixture fraction

Z\V  Variance of mixture fraction

C Progress variable

h™ The normalized enthalpy defect
LAMBDA Thermal conductivity
C_P  Specific heat capacity

DIFF Thermal diffusivity

RHO Density

VISC Viscosity

WMIX Molar mass of mixture

ENTH Specific enthalpy

T Temperature

Y_H2 Mass fraction of H,

Y _ OH Mass fraction of OH



Y_H20Mass fraction of H,0

Y_02 Mass fraction of 0,

Y_C02 Mass fraction of CO,

Y_CO Mass fraction of CO

Y_CH4 Mass fraction of CH,,

Y_C2H?2 Mass fraction of C,H,
Y_C6H6 Mass fraction of C¢Hy
Y_C10H8 Mass fraction of C;,Hg
Y_C9H8 Mass fraction of CyHg
Y_C14H10  Mass fraction of C;,H,

W_C Reaction rate of Progress variable
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Chapter 1

Introduction

1.1 The Development of Deep Learning

In 1943, Warren S. McCulloch and Walter Pitts built the first neural network based on
the structure and working principles of biological neurons and proposed the McCulloch-Pitts
(MCP) mathematical model [1]. In 1986, Geoffrey Hinton proposed the Backpropagation
(BP) algorithm, which is now the most basic and widely used method for non-linear
processing. In 2012, Geoffrey Hinton's group won the ImageNet image recognition
competition with the Convolutional Neural Network (CNN) they built. From that time deep
learning or machine learning has once again become popular. From web searches to content
filtering on social networks to recommendations on e-commerce websites, and it is
increasingly present in consumer products such as cameras and smartphones [2]. Examples
include image recognition and speech-to-text, which are applications that are already
integrated into our daily lives. It is fair to say that we are no strangers to deep learning.

As its name suggests, the most important feature of deep learning is that it enables
autonomous learning. In other words, in jobs involving repetitive nature, we can summarize
the iterative laws and set up error checking methods, then the computer can automatically
perform the operations and reduce the error as expected. For activities where the number of
calculations is excessive and the process is tedious, deep learning can guide the computer to
perform this act instead of the human.
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The difference from mere computer computing is that deep learning gives computers
the ability to self-correct errors. The larger the number of samples, the smaller the error in
fitting and predicting the data will be. This process eliminates the need for manual error
reduction, thus making large-scale, high-volume automated computing possible. It gives the
computer a certain level of intelligence, rather than just a computing tool that requires manual
commands at every step.

Deep learning belongs to a branch under artificial intelligence, which also has several
directions such as image recognition, speech recognition and data fitting. This article only
focuses on the part of large-scale database fitting to introduce the application of artificial
intelligence. As computer performance continues to improve and more and more deep
learning techniques become possible, it is believed that computers will become even smarter
in the future.

1.2 Background of HCOG

Energy is a major pillar of human society, but with the emergence of environmental
issues, green will be the theme of future energy development. In order to reduce carbon
emissions while making the most efficient use of resources, a by-product called Coke oven
gas (COG) has come into view. COG is a common by-product of the steel industry and has
been produced in each of the last ten years around 75 Mtoe [3]. At present, most of COG is
not used effectively and is just emitted directly, so if COG is used effectively, energy savings
can be achieved. This is a partial oxidation process, and we hope to convert the Tar, CH,,
and other substances in the crude COG into CO and H,.

COG is made up of a variety of chemical components, such as hydrocarbons and carbon
oxides. This also means that the results of COG data analysis are large and complex. When
doing simulations, the calculations are usually done with a workstation server. Firstly, we
have to import the database into the CPU before we can proceed to the next step of the
calculation. However, as the accuracy requirements of simulation increase, so do the
requirements for the dimensionality and number of sampling points of the database. This
means that the size of the database can be as small as a few gigabytes to tens or even hundreds
of gigabytes. the problem with an overly large database is that the CPU has a limited capacity
and when the data is too large the CPU does not have extra capacity for the calculation. the
CPU limitation puts a limit on the maximum capacity of the current data. The CPU capacity
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becomes a bottleneck when we want to further increase the computational accuracy of the
model.

One idea to solve this problem is to use neural network fitting techniques under deep
learning to replace the database. In my own experience, a 4-dimensional, 21-output database
of 2.29 GB stored in binary format was replaced by a matrix of 1.69 MB rebuilt in Fortran
after neural network fitting. the difference in size was a staggering 1300 times greater. This
means that for a database of a hundred gigabytes or more, the size of the matrix after fitting
would also be under 100 megabytes. With acceptable error accuracy, this provides a new way
of thinking for scenarios where it is computationally difficult to use a large capacity database.

1.3 Application of neural network fitting

Neural network fitting is an application branch at the very end of deep learning, which
is used to do the fitting of non-linear regression. For linear regression problems, the fitted
straight line can be solved quickly and accurately using gradient descent or least squares
because of the simple linear relationship between the independent and dependent variables.
However, for non-linear regression problems, the relationship between the independent and
dependent variables is non-linear, which means that the relationship is more complex and a
simple linear model cannot meet the fitting requirements. In addition, non-linear regression
still suffers from overfitting, and while the model performs well on the training data, the
accuracy drops dramatically when it comes to predictions for future data. This means that the
computer is simply memorizing the data, not learning patterns in the data. Over-fitting is
generally caused by the fitted model being too weak against noise, which means that the
model also should have some ability to filter the noise during the fitting process.

Neural network fitting is a good tool for dealing with non-linear regression problems.
For example, the most widely used back propagation algorithm, after forward propagation to
calculate the bias and weights, by analyzing the error of the neural network output value and
the sample value back in turn can itself modify the network parameters, to achieve the self-
modification of the machine. At the same time, neural networks have a high degree of
freedom and compatibility. When faced with different research samples, we can combine our
experience to set up neural networks with different specifications to meet the needs of non-
linear regression problems of varying complexity. Neural networks are robust in the training
process and are able to handle situations containing noisy and incomplete data [4]. This also
means that there will be better accuracy when predicting data outside of the training data.
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Algorithms
for deep learning

There are two general approaches in solving linear regression problems. One is the
gradient descent method, which uses iteration to make the calculated values slowly approach
the target value. In this process, the learning rate needs to be set to control the convergence
rate of the model. Too fast a convergence rate may miss the global optimal solution [5], while
too slow a convergence rate increases the training time and may also fall into the local optimal
solution, which is the biggest drawback of the gradient descent method.

Another method is the least squares method, which determines the optimal parameters
by minimizing the sum of squares of the residuals between the actual values of the observed
data and the predicted values of the model, which means that it does not need to do iterations
and the computational process is simple, requiring only one computational step to obtain the
result. In addition, the least squares method must be able to find the global optimal solution.

However, for nonlinear regression problems, the least squares method cannot be used
for calculation and the gradient descent method tends to fall into local optimum solutions in
the face of complex functional relationships. I will introduce two new algorithms based on
the above two methods:
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0] A backpropagation algorithm (BP) with gradient descent as the core algorithm.
This is one of the most common algorithms applied in fitting models to neural
networks. It uses the gradient descent method to combine the error of the network
output value with the sample value to in turn correct the network parameters in
the next iteration cycle, thus optimizing the network and reducing the fitting error.

(i) In solving linear problems, the least squares method can compute the full optimal
solution directly without iterations, which actually presents a good idea. The
Levenberg-Marquardt algorithm (LM) is an optimization algorithm for nonlinear
least squares problems that combines the gradient descent method and the least
squares method. It approximates the nonlinear model by linearizing it in each
iteration so that the idea of least squares can be applied to nonlinear regression
problems.

2.1 Linear regression solution

The neural network fitting problem is essentially a regression problem. We want to be
able to describe the relationship between the independent and dependent variables in images
or matrices without knowing the functional relationship between them, so that we can predict
future data or test data that are not in the sample.

The linear regression problem is the simplest regression problem, and | will use it as an
example to introduce the gradient descent and least squares methods, thus setting the stage
for more complex algorithms to be introduced later.

2.1.1 Gradient descent method

The core idea of the gradient descent method is that the function changes fastest along
the direction of the gradient, then the direction of the inverse gradient is the direction of the
fastest decrease in the value of the function. If we summarize the error function of the
calculated value and the sample value, we then find the gradient direction of this error
function, and as long as we adjust the parameters along the inverse direction of the gradient,
then the calculated value after each iteration will be closer and closer to the sample value,
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and after enough iterations of calculation, the calculated value will be wirelessly close to the
sample value.

Expressed in the equation as:

Xip1 = X — NV, f (n>0) (2.1)
The convergence condition is
If (eiv) = fFGDll <€ or ||V f[| ~0 (2.2)

Here, f (x4, X3, ..., x,) is differentiable in the domain of definition, V,. f is the gradient

vector of f at x;, n is the learning rate, € is a tiny increase in x, here it is used as a threshold
to determine the degree of regression.

The derivation process is a first-order Taylor expansion of f(x) at x:

where x = [x1, %5, 0, % ]7 (2.3)
fix+e)=fx)+ eV f + o(lel))

~ f(x)+ €TV, f (2.4)

where V.f = [;—L,;sz, ""aan ' (2.5)

Eq. (2.4) describes that when x increases €, f(x) increases e’ V, f which means the
inner product of € and V.. f. If the modulus length of € is limited to a fixed value (in the actual
regression problem, e is the value we need to assign ourselves), then eV, f will obtain a
minimum value (negative value) as long as the direction of ¢ opposite to V,.f.

Therefore:
€= —77fo (77 > O)
Xip1 =X =NV, f  (1>0) (2.6)

Where 1 is a very small scalar that does not affect the direction, it limits the step size in
each iteration step and is generally referred to as the learning rate.

Eq. (2.6) describes the direction of the iteration, then makes the whole operation process
form a closed loop. Eq. (2.2) lists two commonly used conditions for iterative termination:

M When the first-order derivative is zero and the function achieves the extreme
value point.

(i)  When the error between the calculated value and the sample value is within an
acceptable range.
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It should be noted that the learning rate n is a very important parameter that controls the
step size of each parameter update, as can be seen from Eq. (2.6). If the learning rate is set
too small, the number of iterations and the time spent before the optimal solution is obtained
will be longer. If the learning rate is set too large, then the magnitude of each parameter
change becomes larger, which means that the optimal solution is likely to be missed.
Therefore, the learning rate setting will directly affect the accuracy of the operation. In
addition to manually adjusting the learning rate based on computational experience, there are
some adaptive learning rate optimization algorithms, such as Adam and AMSGrad [6], which
can automatically adjust the learning rate to obtain better convergence performance.

2.1.2 Least squares method

The least squares method is a computational method for solving linear problems.
Compared with the gradient descent method, it does not require a tedious iterative process.
It determines the parameter values by minimizing the sum of squared residuals (the sum of
squared residuals is the loss function in deep learning) to achieve the best fit. I think it is the
easiest way to solve linear problems.

The expression of the loss function L is:
L= Z(Observed value — theoretical value)? 2.7)

Gauss developed a theory of error analysis, thus proving that it is indeed the case that
the model estimated with the smallest sum of squares of errors is the closest to the real
situation. Please see the proof for yourself if you are interested.

The derivation of the least squares method is shown below.
hg(xl,xZ, ...,Xn) = 90 + 91x1 + Hzxz + -+ ann (28)
he(X) = X6 (2.9)
Then the loss function is:
1
L(B) = 5 (X6 — )T (X6 —Y) (2.10)

Where Y is the theoretical value.
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The minimum can be solved by taking the first order derivative of the loss function and
making it equal to O:

L)

—g =0 (2.11)
XTX0 —XTY =0 (2.12)
0 = (XTX)"1xTY (2.13)

Eq. (2.13) holds provided that X is an orthogonal matrix. From Eq. (2.13), we know that
X and Y are known quantities, bring them into Eq. (2.8) to find the value of 6.

2.2 Non-linear regression solution

The relationship between the independent and dependent variables of a linear regression
problem is linear and can be represented by a linear equation. However, for nonlinear
regression problems, the relationship between the dependent and independent variables is
nonlinear, meaning that the complexity of the model is greatly increased, and it may be
necessary to use power functions, logarithmic functions, and other forms to describe the
relationship between the variables.

Above we mentioned two basic methods for solving linear problems, the gradient
descent method and the least squares method.

Firstly gradient descent method performs well in dealing with linear regression
problems, this is because linear regression models are convex optimization problems [7], and
it is always possible to find the global optimal solution. However, when dealing with
nonlinear regression problems, the gradient descent method will possibly fall into a local
optimal solution if the model is non-convex optimized. Moreover, as the complexity of the
model increases, the number of iterations will be greatly increased due to the step size
limitation, which means the computation time will be greatly increased.

Facing this situation, the gradient descent method can be improved to optimize the
model, such as Stochastic Gradient Descent method (SGD) [8] and Batch Gradient Descent
method (BGD) [9], and they can all accelerate the convergence speed of the model and
improve the model accuracy. In the following, I will introduce the backpropagation method
(BP) with gradient descent as the core to illustrate one solution to the nonlinear regression
problem.



Chapter 2

The least squares method makes it a simple algorithm when dealing with linear
regression problems because it does not require iterations and computational calculations in
one step. Also, compared with iterative computation, numerical computation can find the
global optimal solution without worrying about getting into a local optimal solution.
However, it is clear from Eq. (2.8) that the least squares method is essentially a linear method
and is not directly applicable to nonlinear regression models.

In this case, we need to change our thinking. Is there any way we can transform the
nonlinear problem into a linear regression problem and then solve it by least squares method?
Gauss-Newton algorithm is an optimization algorithm applied to nonlinear least squares
problems. It mainly optimizes the model parameters step by step by iteration to obtain the
optimal solution, and I will introduce it in detail in the following. In addition, there are also
optimization algorithms such as the Quasi-Newton Method [10], Trust Region Method [11],
etc. Please check them yourself if you are interested.

2.2.1 Jacobian and Hessian matrix

The Gauss-Newton algorithm is a summary of the Gauss method and Newton method
for and only for solving nonlinear least squares problems. It uses the Jacobian matrix to
approximate the Hessian matrix to achieve fast convergence, approximates the nonlinear
problem as a linear problem, performs local linear approximation in each iteration, and
gradually optimizes the parameters to reduce the residual sum of squares.

Before the introduction of the Gaussian-Newton algorithm, | will first introduce the
Jacobian and Hessian matrices. Jacobian matrix is a matrix in which the first order partial
derivatives of the functions are arranged in a certain way.

For a nonlinear function f(x) = [f1(x), f2(x), ..., fm(x)] with m output variables and
n input variables, where x = [x4, x5, ..., x,,] IS @ vector of input variables and the Jacobian
matrix J/ is an m X n matrix whose elements consist of the partial derivatives of the
functions:

[0h Oh 917

dx; 0xy Oxp

0f Of 2

dx, dx, T Oxp (2.14)
fm 0fm 0fm
L 0x;  0x, T Oxpd
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Where % denotes the partial derivative of the function f; with respect to the variable
]

x;. From Eqg. (2.14), the Jacobian matrix is a transpose of the gradient vector of the
multivariate function and represents the rate of change of the function in the direction of each
variable. The computation of the gradient vector is the most crucial part of both the gradient
descent method and the Gaussian Newton algorithm, which reflects the trend of change, and
the change of the first-order derivative, which is related to the trend of change of the function
value, which determines the direction of update of the parameters. At the same time, the
Jacobian matrix provides a local linear approximation of the function at a point. Near a given
point, a nonlinear function can be approximated by a Taylor expansion to a linear function.
Although this linear function is accurate only near the given point, it provides an idea of
approximating the solution locally, describing the behavior of the function near the given
point.

Similar to the Jacobian matrix, the Hessian matrix is a square matrix composed of
second order derivatives. By analyzing the eigenvalues of the Hessian matrix, we can
determine the curvature of the function at a point and the concavity.

For a nonlinear function f(x) = [x4, X3, ..., X,,], if all second-order partial derivatives
of f(x) exist and are continuous in the domain of definition, the Hessian matrix H is an
n X n matrix whose elements consist of the second-order partial derivatives of the
functions:

- 9%f 0%f 9%f 1
0x12 0x10x, T 9x,0xn
o%f o%f 9%f
0x,0%, ?22 T 9xy0xn (2.15)
0%f 0%f 0%f
1 0x,0x, 0xp0x5 an _

xXi0x;
to the variable x;, x;. The eigenvalues of the Hessian matrix can determine the extreme values

of multivariate functions:

2
Where aa af denotes the second-order partial derivative of the function f with respect

(1) If it is a positive definite matrix, there is a local minimum at the critical point.
(i) If it is a negative definite matrix, there is a local maximum at the critical point.
(i) Ifitis an indefinite matrix, it is not an extreme value at the critical point.

From Eg. (2.15), The Hessian matrix provides information about the curvature and
second-order derivatives of a function, which is important for finding the extreme value point
of a function and for the optimization of an algorithm. However, as the dimensionality of the

10
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data increases, the computational effort increases significantly. Some of the algorithms
described below, such as the Gaussian-Newton method, will actively avoid computing the
Hessian matrix thus reducing the computational effort.

Jacobian and Hessian matrices they are not algorithms, but simply matrices that contain
information about the first and second order partial derivatives of a function. Both Jacobian
and Hessian matrices have applications in neural network fitting, where they can be used as
a basis for adjusting step size, learning rate, or other grid parameters. They make the matrix
calculation and expression of the algorithm easy to understand

2.2.2 Gauss-Newton algorithm

From Eqg. (2.8), it is clear that the least squares method cannot be used for the
computation of nonlinear problems. Gaussian-Newton method is an improved algorithm of
Newton method. Newton method finds the minimal value point by the Hessian matrix of the
sum of squared residuals, which is equivalent to an optimization algorithm of least squares,
and applies the least squares method that deals with linear regression problems to nonlinear
regression problems. However, the Hessian matrix of complex models can be very
computationally intensive, which leads to long computation time of iterations. To solve this
problem, Gaussian-Newton method was developed based on Newton method, which does
not require the computation of Hessian matrix compared to Newton method, though at the
cost that it is used for and only for solving nonlinear least squares problems.

Itis clear from Eq. (2.7) that the core of the least squares method is to find the minimum
value of the sum of squares of the residuals. The sum of squared residuals r(x;) of the loss
function L(6) is:

1 m
L(6) = EZr(xi)z (2.16)
i=0

Solving the minimum of L(@) using Newton method requires calculating its gradient
vector with the Hessian matrix.

11
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VL—Z ari
o= L5

Vor(x)”
= [r(ea), (2, ey 7)) [Verﬂxz)ﬂ (2.17)
lv,r (e,
where the Jacobian matrix is:
[Ver(xﬂ ]
Jr(0) = | Vor(x)! (2.18)
lVgT(Xm) J
Therefore, Eq. (2.17) can be written as:
VoL =1T7J, (2.19)
Where,
r = [r(x),r(x), ., 7O, )17 (2.20)
It is clear from Eq. (2.15) that the Hessian matrix is:
Y= z lﬂ (')Zrl arl (57‘i)Tl 2.21)
602 06
Since r; = 0, Eq. (2.21) can be approximated as:
o~ z [ arl 6rl l
=JI. (2.22)

Bringing the gradient vector and the Hessian matrix (approximation) into the Newton
method root formula [12], the Gauss-Newton algorithm iteration is obtained as:

0, =01 — r ) 1]r (2.23)

The essential difference between the Gauss-Newton method and the Newton method
can be seen in Eq. (2.22). For the Ieast squares problem, the residuals are very small, so the

Gaussian Newton method discards rl L thus replacing the Hessian matrix calculation with

the Jacobian matrix. Also, this explalns Why the Gaussian Newton method is applicable and
only applicable to the least-squares nonlinear regression problem.

12
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2.2.3 Levenberg—Marquardt algorithm

As can be seen from the previous section, the gradient descent method and the Gauss-
Newton algorithm have their own advantages and disadvantages in solving nonlinear
regression problems. The gradient descent method uses the first-order derivative matrix for
computation, so it can move quickly in the direction of gradient descent. However, the
convergence speed becomes slower when the optimal solution is approached. On the contrary,
although the Gauss-Newton algorithm is calculated by replacing the Hessian matrix with the
Jacobian matrix approximation, it is still essentially calculated by using the second-order
derivative matrix, and the convergence speed of the Gauss-Newton algorithm will be faster
when the optimal solution is approached, and approach the optimal solution in a more
accurate way. This is because both the gradient descent method and the Gauss-Newton
algorithm are derived from Taylor expansions, and the accuracy of the second-order
expansion is higher than that of the first-order expansion. Thus, it can be seen that the gradient
descent and Gauss-Newton algorithm each have their own advantages in finding the direction
of gradient descent and approaching the optimal solution. So, is there an algorithm that takes
both of them into account?

The Levenberg-Marquardt (LM) algorithm is an optimization algorithm for nonlinear
problems that combines Gauss-Newton algorithm and gradient descent method, as mentioned
above. It was published in 1944 by Kenneth Levenberg, and was rediscovered in 1963 by
Donald Marquardt. By looking at Eg. (2.6) and Eq. (2.23), we can find some similarity in the
form of the iterative formulas of the gradient descent method and the Gauss-Newton
algorithm. The expression of LM algorithm is:

0; =61 — ) +uD)~Ylr (2.24)

Compared with Eq. (2.23), Eq. (2.24) just has one more term ul, u is called damping
factor and I is the identity matrix. I is introduced to add a non-negative constant value to the
eigenvalues of the Hessian matrix (or an approximation of the Jacobian matrix), thus ensuring
that the matrix is positive definite (the quadratic form corresponding to the positive definite
matrix has convexity). And u must be greater than zero to ensure that the iterations proceed
in the direction of gradient descent. As u approaches zero, Eq. (2.24) approximates Eqg. (2.23),
which is close to the Gauss-Newton algorithm. When u is large, Eq. (2.24) approximates Eq.
(2.6), it is close to the gradient descent method. In a general regression problem, a large u is
used in the initial stage so that the optimal solution can be approached quickly by using the
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nature of the gradient descent method that advances rapidly in the direction of gradient
descent, and the parameters are adjusted in the process, and u decreases gradually. Near the
optimal solution, as u is close to zero, it is converted to a Gauss-Newton algorithm, which
approximates the optimal solution in a small range.

The LM algorithm is the preferred algorithm when facing general fitting problems. This
is because it can combine both accuracy and fitting speed. In the fitting examples in this
paper, the LM algorithm is used for most of the cases.
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Chapter 3

Experimental configuration
and computational setup

This chapter focuses on the structure of the target database. For neural network fitting,
the data lose the physical meaning behind it and become mere numbers. Therefore, it will
become important to analyze the effect of order-of-magnitude differences in the data on the
fitting error. Also, this chapter will illustrate how to determine the neural network scale. The
main core idea of this chapter is to introduce how to combine theoretical algorithms with
experimental operations, a transition from abstract mathematical formulas to intuitive neural
networks.

(i) Grouping the data by order of magnitude differences sets the stage for the next
chapter that discusses the relationship between order of magnitude and fitting
error.

(i) Analyze the design ideas of neural network fitting size, and provide reference for
determining the size of neural network when facing different databases. Some
data pre-processing and post-processing methods will also be introduced to
improve the accuracy of the fitting results.

(ili)  Combine the iterative process with the algorithm description in the previous
chapter to analyze the whole neural network fitting process more intuitively.
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3.1 Structure of the target database

The need for HCOG applications was mentioned earlier, and we expect to use neural
networks to fit the HCOG database, thus building smaller sized neural networks instead of
the database itself. All the neural network input and output quantities are represented as
matrices. It is important to note that even though the data have their physical meaning, they
are pure numbers for neural network, so it must be noted that the data of the same physical
quantity are in the same row of the matrix instead of the same column, otherwise the order
of the physical quantities will be completely disrupted and the fitting results will be
meaningless and a waste of time.

The size of the target database is 2.29 GB, with 4 control quantities (input data), 21
dependent variables (output data), and a total of 2.98 million rows of data, which are present
in Table in binary format. Table 3.1 shows the data composition and range of the target
database.

Table 3.1 Composition of the target database

Projects Minimum Maximum

Input data
Z 0.00 1.00
VA% 0.00 0.25
C 0.00 1.00
h" 0.00 1.00
Output data

LAMBDA 254E-02 3.69E-01

cP 9.17E+02 3.12E+03
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DIFF 2.13E-05 1.81E-03
RHO 7.93E-02 1.29
VISC 2.07E-05 9.49E-05
WMIX 1.41E+01 3.20E+01

ENTH -6.73E+06 1.67E+03

T 3.00E+02 2.94E+03
Y H2 0.00  6.61E-02
Y OH 0.00 6.75E-02

Y_H20 0.00  4.73E-01
Y_02 0.00 1.00
Y_CO2 0.00  2.67E-01
Y_CO 0.00  4.70E-01
Y_CH4 0.00  2.14E-01

Y_C2H2 0.00 2.83E-02

Y_C6H6 0.00  4.15E-02

Y_C10HS8 0.00 6.48E-02
Y C9HS8 0.00 1.06E-02
Y C14H10 0.00 1.26E-02

w_cC -1.49E-02 2.36E+04

From Table 3.1, we can see that the order of magnitude difference of the target database,
the smallest is VISC, and the variation of its data range is also small. The largest order of
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magnitude difference is W_C, and the order of magnitude difference reaches six. It is worth
noting that the physical meaning of the mass fraction of each component is its residual
amount in the reactor. Even if the reaction is fully carried out, it is not guaranteed that all
chemical components are completely reacted and consumed. This means that for the mass
fraction of each component, even if the minimum value is zero, there will be a significant
amount of data that falls close to zero but with a non-zero value. In the case of the mass
fraction of Oxygen (Y_02), for example, in addition to the values that are zero, the values
that are nearly close to zero reach an order of magnitude difference of eight, on the order of
minus eight of ten, which is even larger than the order of magnitude difference of W_C.
Therefore, the order of magnitude difference of the mass fraction of some components is
actually the largest, which undoubtedly makes the neural network fitting much more difficult.

So why are neural network fitting results so sensitive to order-of-magnitude differences
in the data? This is because the iterative process is still essentially a matrix computation
process, and the arithmetic process then requires a discussion of how many decimal places
to retain. At present, in my operation, the accuracy is fully satisfied (within ten percent) if all
matrix information is kept within four decimal places in the general case (order of magnitude
difference within four). For a magnitude difference of eight like W_C, there is no point in
discussing the retention of decimals, and more data preprocessing is needed to reduce the
fitting error.

Depending on the order of magnitude of the data, | divided the 21 outputs into three
groups, grouped as follows:

(i) Group A: those with an order of magnitude difference of two or less. They are
LAMBDA, C_P, DIFF, RHO, VISC, WMIX, ENTH, T, and they have the simplest
neural network fitting, and also the highest fitting accuracy, and the error can
usually be controlled within ten percent.

(i)  Group B: mass fraction of those chemical components with an order of magnitude
difference of five or four. As mentioned before, the order of magnitude
differences of the mass fractions of the chemical components are not intuitive
since the minimum values of the mass fractions are all zero. For the following
mass fractions, Y H2, Y OH, Y H20, Y CO2, Y CO, Y CH4, Y _C9HS,
Y_C14H10, the results of the neural network fitting alone cannot meet the
accuracy requirements. This is because the order of magnitude difference which
is at four or five is beyond the neural network resolution. For group B, some pre-
processing and post-processing of the data is required to keep the fitting error
within ten percent.

(iti)  Group C: the order of magnitude difference of the mass fraction of the chemical
components is greater than five, they are Y _02, Y C2H2, Y C6H6, Y_C10HS,
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W_C, for the projects of Group C, the fitting is extremely difficult. Since most of
the mass fractions have reached an order of magnitude difference of eight,
insignificant fluctuations for large numbers, which are thousands of errors for
small numbers. Therefore, the common pre-processing and post-processing
means have failed. For Group C’s projects, in most cases, specific data processing
and neural network fitting plans are developed for the data structure
characteristics of a particular project itself.

It is important to emphasize again that for neural network fitting, all of the data have
lost their underlying physical meaning. Therefore, the order of magnitude difference of the
data, the trend of the data in its value domain is the most important factor that affects the
fitting error.

3.2 Computational setup of neural networks

Unlike algorithms, the computation of the neural network fitting process embodies
iterative ideas everywhere. Since iteration is involved, it is necessary to understand the basic
computational ideas and structure of neural networks, to determine the start and end
conditions of iterative computation, and to understand the computational process of an
iterative loop process. This section will introduce the structure of neural network, the setting
of neural network scale and the principle of data transfer in a more intuitive way combined
with the previous algorithm to fully introduce what is a neural network. Two important
concepts will also be introduced: Forward Propagation and Backward Propagation, which are
the soul of neural network fitting.
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3.2.1 Components of Neural Networks

In the previous part, we introduced some basic algorithms, which are abstract and poorly
understood, and remain only at the theoretical level. In this subsection, the structure of neural
networks will be introduced, and the previously mentioned LM algorithm, for example, will
be embedded in the structure itself to make the concept of neural networks more intuitive and
easy to understand for the reader. The neural network is inspired by the neural network of
the biological brain, and its structure is shown in Fig 3.1.

Hidden Layers

Input Layer Output Layer

Figure 3.1 Neural network schematic

First of all, neural networks are composed of neural layers and neurons, it is analyzed
structurally and divided into three layers: input layer, hidden layer and output layer. The input
layer is the input data of the database, each input data is imported into the neural network in
the form of a row matrix, and a column matrix composed of different input data constitutes
a set of independent variables of the neural network involved in the calculation. Similar to
the input layer, the output layer is composed of the output data from the database, and a
matrix of columns of different output data forms a set of target values for the neural network.

The case of the hidden layer is a little different, and it is the focus of the neural network.
Both the input and output layers serve the hidden layer by providing and receiving data
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flowing from the hidden layer. Before introducing the hidden layer in detail, it is necessary
to introduce the concept of neuron.

A neuron represents a computational unit, which can be understood as the smallest unit
of a neural network. The computational path (in the direction of the arrow in the figure)
performs a matrix operation each time it passes through a neuron. Two important parameters
are also computed: weights and biases. (they are the purpose of the neural network fitting
calculation, and the detailed calculation process will be described below). The essence of a
neuron is a set of column vectors, which represent the result of the computation between two
layers of the neural network (also understood as the output of the previous layer and the input
of the next layer). In the input and output layers, the number of neurons and the number of
the types of the input data output data are the same (known as features).

Let's return to the hidden layer, for which the number of neurons is considered set.
Determine the number of neurons based on experience and the complexity of the structure of
input and output data. There is no empirical formula for the number of neurons to refer to,
and appropriate adjustments should be made based on the fitting accuracy results. For the
calculation in this article, details are shown in Table 3.2, four input data and twenty-one
output data were designed using a hidden layer of nine to thirteen layers and nine to thirteen
neurons per layer. Too many neurons and too few neurons can pose some problems. Too
many neurons will make the training time too long, and there is also a risk of overfitting,
resulting in a poorly fitted network on new data. Too few neurons directly affect the fitting
error and are an oversimplification of the neural network. Therefore, before formally doing
the fitting analysis, it is necessary to review the relevant literature or conduct experiments
with databases of the same size to determine the appropriate neural network size. In general,
for complex data structures, prioritizing the appropriate number of hidden layers can improve
the fitting accuracy [12].

Table 3.2 The scale of the neural network used in this paper

Projects Number
Input data 4
Output data 21
Input layer 1
Output layer 1
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Hidden layer 9orl13

Neurons per hidden layer 9 or 13

3.2.2 Forward propagation

As mentioned before, the essence of neural network fitting is iterative computation.
Then iterative computation is to form a computational cycle, we can set the number of cycles
or fitting error as a marker for iterative stopping, so what is the whole process of closed
operation of neural network fitting? If we simply compute from the input data to the output
data, for the whole neural network, it just reads the input data, combines the bias and weight
calculation and then 'spits' the data out again, this computation process is one-way, it does
not constitute a cycle. Therefore, if we can use the error between the output data and the
target data as a criterion to update the parameters in the neural network, wouldn't this
constitute a cycle? Therefore, this part will introduce two important concepts: Forward
propagation and Backward propagation, which are the core ideas of neural network fitting
that can perform iterative operations.

As the name implies, Backward Propagation is the process by which input data passes
through the hidden layer and is computed as output data. Before introducing the data transfer
between the neurons, let's look at the following important concepts:

(i) Weights: the weight determines the degree of influence of the corresponding
neuron of the previous layer on the neuron of the next layer, which controls the
flow of input data between neurons and determines the sensitivity of the neuron
to the corresponding data.

(i)  Bias: the bias acts on the activation threshold of the neuron. Since the weights are
computed in the form of a product, while the bias is computed in the form of an
addition, the calculation of bias is actually a nonlinear operation,, which improves
the ability of the neural network to handle nonlinear problems.

(i) Activation Function: it is essentially a nonlinear function, where the output of a
neuron has to pass through an activation function before it can go to the next
neuron. The activation function introduces nonlinear relationships so that the
neural network can represent the intrinsic relationships of a complex model.

Common activation functions are: Sigmoid function (Eq. (3.1)), Tanh function
(Eq. (3.2)), ReLU function (Eq. (3.3)), etc.
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Sx) = T (3.1)
Tanh(x) = Z:;—:: (3.2)
ReLU(x) = max (0, x) (3.3)

(iv)  Loss Function: it indicates the difference between the output data of the neural
network and the target data, which measures the accuracy of the neural network
fit. The common loss functions are Mean Squared Error (Eq. (2.16)), Cross-
Entropy, etc.

The data propagation schematic is shown in Figure 3.2. This model is a three-layer
neural network model with four neurons. The nomenclature of neurons is referenced from
Neural Network and Deep Learning [14]. Where, a} is the activation value (the output value

of the activation function) of the j™* neuron in I*" layer, b/ represents the bias of the j
neuron in " layer, and w, is the weight of the k™ neuron in (I — 1)*" layer to the j*"
neuron in I¢" layer.

Layer1 Layer2 Layer3

Figure 3.2 Data transfer between neurons
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For example, the data transfer between layer 2 neurons to layer 3 neurons is

a3 = L(wi a? + wi,a3 + b3) (3.4)

a =1 (Z whai ' + b}) (3.5)
k

Eq. (3.5) is written in matrix form as:
at = L(wta'"t + bYH) (3.6)

Where, L is the loss function. According to Eq. (3.6), we write the weight input for each
layer as z:

zt = wlal~t + bh (3.7)

al = L(zY (3.8)

After understanding the important concepts of weights, biases and inter-neuron
algorithms, the concept of Forward Propagation is well understood. Forward Propagation is
the process of computing from the input layer to the output layer, and its purpose is to
calculate the error between the output data (computed values) of the neural network and the
target data.

As mentioned earlier, the nature of neural network fitting is a large-scale iterative
operation. Iterative operations imply a complete closed-loop computational process, and the
error between the output data and the target data is the evaluation criterion of an iterative
cycle, and the quality of an iterative cycle is expressed by the size of the error. The purpose
of Forward Propagation is simply to bring the new set of input data into the bias and weights
of the previous iterative cycle to calculate the fitting error of the new set, and to prepare the
correction of the bias and weights for this cycle.

3.2.3 Backward propagation

The error of the fitting is now known and it will be used as a reference for the
correction of the weights and biases during the next iteration. The error is
expressed by the loss function, with reference to Eq. (2.16). If we want to correct the
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weights and biases using the errors between the output data and the target data, then we need

to calculate a_l and 2% 3 l, against a small step in the direction of these two first-order partial
]k

derivatives of 10ss functlon, thus correcting the weights and biases.

According to the chain rule, the error equation for the output of neural network layer is:

oL  aL da} 4L

1 A lAal Al
azj aaj azj aaj

L'(z) (3.9

Eqg. (3.9) is written in matrix form as shown in the following equation:

oL

e l =6'=V,LOL (Y (3.10)

According to Eq. (3. 9) descrlbes the variation of the loss function with the output
]

value of the j neuron, while %{describes how fast the output value of the loss function
(neuron output value) changes \;vith ij_ Since the loss function is known, according to Eq.
(2.16), then :_:5

oL

— Al
— =d-y, (3.11)
]

Where y is the target database value. Observing Eqg. (3.9), it can be known that ij can be

described by the last layer ((I + 1)%" is now the previous layer of It" in backpropagation).
The derivation process is:

I+1 I+1
61 = a_Lai = 5l+1 aZ (3 12)
J) aZl+1 aZl k aZl .
k k ) )

According to Eq. (3.5):

2L = szﬂaz 4 piHt (3.13)
Zb = Z WIIJIL(ZL) + bt (3.14)
So that:
_ z wEEE L (2] (3.15)
x
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oL oL :
Then, —— and — are respectively:
6w]-k abj

0L _ 9L 3z 0L ., i
owf, 0z dwf, 0z
oL L dzf AL
a0~ odan "o % G4
] ] J J

It is clear from Eqg. (3.15) that we can calculate the error 6} for [**layers from the error
6}*1 for (I + 1)" layers. In the actual calculation process, when we calculate the error

between the computed result of the neural network fitting and the target database through
Forward Propagation, we can calculate §°%tP%t of the output layer. Gradually, the iterative
calculation is carried out for the previous layer, and finally §*P%t input layer is calculated.

This is the process of Backward Propagation, in which the weights and biases of each
layer can be corrected through Eg. (3.16) and Eq. (3.17). Thus, after the Backward
Propagation is completed once, every weight and bias in the neural network is updated.
Forward Propagation and Back Propagation form a complete iterative loop. First a set of
input data from the database is imported into the neural network to calculate the error of the
set of fitting computed results with respect to the corresponding target database through
Forward Propagation. The error is then utilized to iterate through Backward Propagation,
updating the weights and biases of each layer and returning from the output layer to the input
layer, thus forming a closed-loop loop. An artificially set number of cycles or an error
minimum will be used as a flag to stop the iteration. The iterative process is shown
schematically in Figure 3.3.

Replacement of new input data Backward Propagation
Correct weights and bias in hidden layer
No
| Forward Propagation Comparison of output Fitting error meets | Yes
Iz EEELE T Data passes through each hidden layer I and target data expectations " Bt
Pre-Processing Post-Processing

Figure 3.3 Flowchart of the neural network fitting process
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Chapter 4

Fitting results and discussions

This chapter discusses fitting results based on the HCOG database. The twenty-one-
output data were divided into three groups in Chapter 3, and typical fitting cases for each
group will be selected for discussion in this chapter.

As mentioned before, a fitting error of ten percent or less is acceptable, but it is also
demanding to require all data to be fitted within this range. In fact, the data distribution of
the analog simulation is complex, and the source of the data is generally measured by using
sensors in real experiments, which does not exclude the case of measurement error. In
addition, since the data are collected in the whole reactor, naturally including the data in the
reaction area and non-reaction area, it is obvious that the error on the reaction area is more
sensitive, if the data with large fitting error are concentrated in the non-reaction area, while
the fitting error of the reaction area turns out to be optimistic, this situation is not
unacceptable either.

For orders of magnitude greater than five, neural network fitting is too difficult to obtain
satisfactory results, and at present only more satisfactory results can be requested in sensitive
areas, such as reaction areas. If we want to keep the fitting error of the whole database within
ten percent, more work is needed in the future.
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4.1 Analysis of results from Group A

In this section, we will pay attention to T and ENTH from Group A. They are
representative of the output data in this group, and T exhibits stability over the entire value
domain and has an order of magnitude difference of only two, so the fitting error is perfect
and typical of the ideal neural network fitting samples. ENTH, although the value domain
spans a larger area covering both positive tens of thirds and negative tens of sixth, the fitting
results are also within three orders of magnitude difference of the absolute value of the data,
so the results are very satisfactory. They are representative data of Group A. In fact, the
neural network fitting error of Group A data can be controlled within ten percent in the whole
value domain, and they are the ideal fitting samples that need normalization pre-processing
only without any data post-processing.

4.1.1 Fitting result comparison of T

T is the temperature, which is an important physical quantity in simulation, reflecting
the process of the chemical reaction at that place, and is the most intuitive quantity.
Temperature can clearly indicate reactive and non-reactive regions, so it makes sense to
accurately fit a neural network to the temperature data.

The reactor is composed of four nozzles for oxygen supply and one inlet for HCOG fed,
and the four nozzles are mounted in a way to generate a swirling flow field so as to mix with
the HCOG jet well. The geometry of the reformer which is also the computational domain in
this work is exhibited in Fig. 4.1, and a total of more than 17.5 million unstructured cells
have been used.

Figure 4.2 reflects the temperature distribution in the reactor, the red area is where the
temperature is higher and we can see the outline of the reaction area, which can be roughly
taken as the dividing line between the reactive and non-reactive areas. In general, the reaction
area and its surrounding area are sensitive areas, and any data belonging to this area needs to
minimize the fitting error. It is factually correct that the high temperature area is near the
nozzle and roughly matches the reaction zone profile.

28



Chapter 4

4.276
2.495 0.346| _ 0.5

Figure 4.1 Configuration of the computational domain (unit: m)

Distribution of Temperature from HCOG database (K)
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Figure 4.2 Snapshots of temperature distribution in the reactor from HCOG database
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Distribution of Temperature from Fitting result (K)
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Figure 4.3 Snapshots of temperature distribution in the reactor from Fitting result

When we compare Fig. 4.2 and Fig. 4.3, we can see that both the trend of the temperature
distribution and the value domain of the temperature, the fitting results are consistent with
the database data, which indicates that the fitting accuracy is very good.

Temperature [K] Temperature [K] Temperature [K]

300 960 1620 2280 2940 300 630 960 1290 1620 300 400 500 600 700
EE— e EE— L EEEE———
(a) ) 4 (b) 1 (c)
R 08 0.8
=0 0.6 0.6
- 0.4 0.4
. 0.2 £
i 4 i i 00 0.2 0.4 0.6 0.8 1 0 0.2 04 0.6 0.8 1

)
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Figure 4.4 Temperature distributions in Z x C space from HCOG database
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Figure 4.4 shows the temperature distributions from HCOG database in Z x C space,
the set values of ZV and h™ from (a) to (i) are different. The set values for ZV and h™ for
each case are:

(@ ZV=0[], h"=0[-].
(b) ZV=0.125 [-], h"=0 [-].
(c) ZV=0.25[-], h"=0 [-].
(d) zv=0[], h"=05 [-].

(€) ZV=0.125[-], A"=0.5 [-].
(f) ZV=0.25[-], h"=0.5 [-].
(@ 2zv=0[-], h"=1[-].

() zv=0.125 [-], A"=1[-].
(i) ZV=0.25[-], h"=1[-].

Note that the highest temperature region occurs with ZV=0, h™=0, when Z is in the range
of 0.3 to 0.4 (near stoichiometric layer) and C is in the range of 0.8 to 1.0. This is because Z
(Mixture fraction) describes the ratio of the mass fractions of the fuel and the oxidizer, when
Z is 0, it means oxidizer side and when Z is 1, it means fuel side, so the reaction is only
sufficient in the region (Z from 0.3 to 0.4) where the oxidizer and the fuel are sufficiently in
contact and mixed, and therefore the region has the highest temperature. C (Process variable)
describes how the chemical reaction proceeds, a C of 0 means that process of the chemical
reaction chain has not started at all, an increase in C reflects the advancement of process of
chemical reaction, so when C is near the maximum value, it means that the reaction has
proceeded sufficiently and therefore reaches the maximum temperature. ZV (Fluctuation of
mixture fraction) describes the inhomogeneity of the mixture; the smaller the ZV, the more
homogeneous the mixing of the fuel and oxidizer. In this case, the reaction zone is usually
more stable. When ZV reaches its maximum value (0.25), from the third column of Fig. 4.4,
it could be seen that the temperature remains essentially unchanged. This is due to the fact
that the components of the mixture fluctuate so much that the reaction basically does not start
to take place. h™ (Normalized total enthalpy defect) describes the heat loss between the
reactor and the outside; when h™ is zero, the heat loss between the reactor and the outside is
minimized, and therefore the reaction temperature is higher. And as h™ increases, the heat
loss between the reactor and the outside also increases, and the temperature at the
corresponding place decreases under the same Z, ZV and C. Therefore, the highest
temperature will come from the vicinity of the stoichiometric layer (Z from 0.3 to 0.4), where
the stable combustibles composition (ZV=0) as well as the chemical reactions are fully carried
out (C=1).
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Fig 4.5 shows the temperature distributions from the fitting result in Z x C space, for
each case from (a) to (i), ZV and h™ are set as in Fig 4.3. By comparing with Fig. 4.3, it can
be seen that the temperature distribution is similar, which indicates that the error of the fitting
results is very satisfactory.
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Figure 4.5 Temperature distributions in Z x C space from Fitting result

Fig 4.6 shows the distribution of the relative error of temperature between the neural
network fitting data and the HCOG database data calculated according to Eq. (4.1), over the
entire domain.

fitting result — HCOG database

Relati = x 1009 4.1
ecative error HCOG database & (1)

As can be seen in Fig 4.6, the maximum value of the fitting error is 2.4%, which occurs
near the inlet, and in the whole domain, the fitting error is much less than 10%, which shows
that the neural network fitting error for temperature is very successful, both in terms of the
distribution of temperatures and the specific values, which are perfectly in line with the
expected values.
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Figure 4.6 Snapshots for the distribution of temperature fitting errors in the reactor

4.1.2 Fitting result comparison of ENTH

ENTH is the specific enthalpy [J/(kg-K)], it represents the ability of a substance to
absorb and release heat. In general, when ENTH is negative, the smaller the value, the more
exothermic the substance is. Thus, from Fig 4.9, it can be seen that the fuel side (Z = 1) of
ENTH is minimized.

At first glance, the fitting results for ENTH are very difficult, as can be seen in Fig 4.7,
which shows that the domain of values for ENTH is very wide and involves both positive
and negative numbers. However, in reality, the order of magnitude difference in the absolute
value of ENTH is within 3. The fitting of ENTH is not very difficult and the fitting results are
very satisfactory.

Distribution of Enthalpy from HCOG database (J/( kg - K))
-6.2e+06 -5.5e+6 -5e+b6 -4.5e+6 -de+b -3.5e+b6 -2.9e+06

' | or—— |

Figure 4.7 Snapshots of ENTH distribution in the reactor from HCOG database
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Distribution of Enthalpy from Fitting result (J/(kg - K))
6.2e+06 -55e+6 -Se+b -4.5e+b -de+b -3.5e+b6 -2.9e+06

' U oeee—— |

Figure 4.8 Snapshots of ENTH distribution in the reactor from Fitting result

As can be seen earlier, COG gas is supplied from the left inlet, and the reforming gas
containing H, and CO is obtained at the right outlet, so in the center of the left side of Fig.
4.7, and on the right side near the outlet are the fuels, which have smaller ENTH (negative
value), which is consistent with the previous projections.

Comparing Fig 4.7 and Fig 4.8, it can be seen that the fitting results, both in terms of
the ENTH value domain and the distribution in the reactor, are in line with the data in the
HCOG database, and the fitting results are very satisfactory. This also shows that the positive
and negative sign of the target database and the wide range of values do not increase the
fitting difficulty and increase the fitting error, as long as the order of magnitude difference
of the absolute values is within a manageable range, then the fitting accuracy will be very
good.

At the same time it gives us an inspiration. For neural network fitting, the fitting error
for very small numbers with values distributed around 0 is very large. This is because the
resolution of the neural network is certain, and for the neural network itself, there is no
difference between fitting the 0 of the target database to the 10~%and —107°, because the
numbers themselves are simply numbers to the neural network, and the neural network
doesn't understand the physical meaning of the numbers behind them. If the mass fraction of
the substance is being analyzed, a negative fit result is absolutely unacceptable.

When fitting data distributed on both sides of 0 or so, it is perfectly acceptable to fit its
absolute value and then manually add a plus or minus sign according to some flags, which
will make fitting decimals near 0 less difficult.
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Figure 4.9 ENTH distributions in Z x C space from HCOG database

o
o

Figure 4.9 is the distribution of ENTH in Z x C space from HCOG database, the set

values of ZV and h™ from (a) to (i) are different. The set values for ZV and h™ for each case
are:

(@ 2ZV=0[], h"=0[-]

(b) ZV=0.125[-], h"=0 [].
(€) ZV=0.25[-], h"=0 [].
(d) zV=0[-], h"=05 [-].
(€) ZV=0.125[-], h"=0.5 [-].
(f) ZV=0.25[-], h"=0.5 [-].
(9 zv=0[-], h""=1[-]

(h) ZV=0.125[-], h"=1[].
(i) ZV=0.25[-], h"=1[-].

ENTH describes the exothermic state of the system, so ENTH is affected by h",
Comparing each column of Fig 4.9, the area of the blue region increases significantly as h™
increases when ZV is certain. Moreover, as Z increases, the previously more neatly stepped
distribution of ENTH (h™ = 0, (a) to (c)) is also broken, and the blue region (the region with
smaller ENTH) extends rapidly in the direction of the smaller Z, which indicates an increase
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in the heat loss of the system, and a severe loss of heat, which corresponds to (g) of Fig. 4.4,
with a significant decrease in temperature. The third column of Figure 4.9 (ZV = 0.25) does
not seem to have a significant change in the distribution of ENTH with increasing A™. This
is because when ZV = 0.25, the homogeneity of the mixture is so poor that there is no
chemical reaction going on at all, and naturally there is no heat loss to speak of, and thus the
distribution of ENTH shows a consistent.
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5.6 - 2.9 5.8 -44 3 1.6 0.2 5.8 4.4 3 -1.6
[ [ EE—

p (a) (b) (c)
08
—06
o4
02
G !

0

1

0.8

0.6

0.4

0.2

)

1

0.8
—06
Co4
02

0

4.25
0.2 04 i
(d
0 0.2 04 6
(g
0.2 04 i
Z[

-1.55 : 0.2
i
0.6 0.8 1
0.8 1
0.8 1

1
08
=08
o4
02
0

0
0 06
]

0.2 : X ; 1 ; 0.4 06
Z[] Z[]

)
Figure 4.10 ENTH distributions in Z x C space from Fitting result

Comparing Fig 4.9 and Fig. 4.10, it can be seen that the fitting results of ENTH are ideal,
and both the range of the value domain and the distribution of ENTH in Z x C space are in
high agreement with the distribution of ENTH from HCOG database. If we looks closely, we
can see that the edges of the color columns for different values of ENTH in the first row (h"
= 0.25) of Figure 4.10 are not smooth. Not being smooth means that the value of ENTH at
the boundary of every color column is not uniform and fluctuates. This is because the data
from HCOG database at the corresponding location all have the same value, so the critical
line of the ENTH distribution is straight, while the data from fitting result fluctuates around
the critical value of that ENTH, but the average value is the same, thus resulting in a
distribution with the same color bar but not smooth edges.
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Fitting error of Enthalpy (%)
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Figure 4.11 Snapshots for the distribution of ENTH fitting errors in the reactor

Observation of the ENTH fitting error distribution in Figure 4.11 shows that the neural
network fitting for ENTH is perfect, within 1.6% error, and within 1% error for the fitting
result near the reaction zone. Such a fitting can be used directly without any post-processing,
the fitting results for both T and ENTH are perfect, and in fact the errors of the fitting results
for the entire Group A are at similar levels, and they are both optimal for the target database.

4.2 Analysis of results from Group B

Fitting mass fractions to chemical components is a very challenging task. The value
domain of the mass fraction is between 0 and 1, and it is very easy to get tiny values close to
0, for example, at the level of 107, which creates an order-of-magnitude difference of about
6, which leads to very poor fitting results. At the same time, for the minimum value 0 for the
mass fraction, the neural network fitting is also highly likely to give very small numbers that
are negative but close to 0. This is contrary to the chemical meaning of the mass fraction and
requires post-processing of the data. Fortunately, the order-of-magnitude difference in the
mass fraction of group B is within 5, and the fitting result is also very favorable.

The purpose of the reorganization of the COG is to obtain H, and CO, so Group B will
be represented by Y_H2 and Y_CO.
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4.2.1 Fitting result comparison of Y _H2

Y_H2 is the mass fraction of hydrogen, there is H, in the initial COG, H, is also present
in the partially oxidized recombinant gas, so H, will be present near the inlet and outlet of
the reactor. As shown in Fig 4.12, it can be seen that the maximum value of Y_H2 occurs at
the edge of the reaction zone, which suggests that a large amount of H, is generated there,
which is in line with our prediction.

Distribution of Y_H2 froon HCOG database (-)
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Figure 4.12 Snapshots of Y_H2 distribution in the reactor from HCOG database

Fig 4.13 describes Y_H2 distribution from the fitting results. First the distributional
trends are quite consistent, but there is a slight difference in the minimum value of the domain,
this has a negligible effect on the fitting results. As can be seen from the value domain, the
order of magnitude difference in Y_H2 is not very large.

The minimum value of Y_H2 is not 0. This is because Fig 4.12 and Fig 4.13 are only
snapshots of the center interface of the reactor, which does not cover the full domain of values
of the mass fraction throughout the reactor. The reason for choosing a central slice is that it
provides a more visual representation of the distribution of physical quantities in the reaction
zone; when half a reactor is chosen, the superimposed distribution map will affect the
visualization.

Distribution of Y_H2 from Fitfing result (-)
5.9e-03 0.02 0.03 0.04 0.05 6.6e-02
|

Figure 4.13 Snapshots of Y_H2 distribution in the reactor from Fitting result
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Figure 4.14 Y_H2 distributions in Z x C space from HCOG database
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Fig 4.14 and Fig 4.15 show the distribution of Y_H2 in Z x C space from the HCOG
database and the fitting results, respectively. The set values of ZV and h™ from (a) to (i) are
different. The set values for ZV and h™ for each case are:

(@ 2zV=0[-], h"=0 [-].

(b) ZV=0.125 [-], A"=0 [-].
(c) ZV=0.25[-], h"=0 [].
(d) zVv=0[-], h"=0.5[-].
(€) ZV=0.125[-], h"=0.5 [-].
(f) ZV=0.25[-], h"=0.5 [-].
(@ 2zv=0[-], h"=1[-].

(h) ZV=0.125[-], h"=1[-].
(i) ZV=0.25[-], h"=1[-].

The increase in H™ has little effect on Y_H2 produced, this is because the increase in
heat dissipation affects the production of the whole partial oxidation, the mass fraction is
essentially a percentage and H™ does not affect the compositional proportions of the products.
However, the effect of ZV is too large for the distribution of Y_H2. As ZV increases, the
distribution of the mixture becomes inhomogeneous, and the chemical reaction becomes
more and more difficult to carry out. So that when ZV = 0.25, the maximum value of Y_H2
decreases and the distribution becomes completely gradient, which means that no reaction
zone is generated. When the system heat loss is minimized and the mixture is homogeneous
and stable (ZV = 0, H™ = 0), at this point the temperature reaches its maximum value, Y_H2
reaches its maximum downstream of the reactor (Z = 0.7,C = 1).

Fitting error of Y_H2 (%)
1 2 3 4 5.1e+00
b

Figure 4.16 Snapshots for the distribution of Y_H2 fitting errors in the reactor
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Fig 4.16 shows the distribution of the Y_H2 neural network fitting results, from which
it can be seen that the maximum error is 5.1%, which is within acceptable limits. However,
comparing the fitting results of T and ENTH, it is frustrating to see that the fitting error of
Y _H2 is still about three times as large as theirs. The maximum fitting error occurs in the
outer part of the reaction zone, and the fitting error measured within the reaction zone is
within 1%, which is a satisfactory fitting result. It can be said that overall the fitting results
of Y_H2, although acceptable, have deteriorated compared to the fitting results of the output
data in group A. Looking closely at the fitting errors in sensitive areas such as the reaction
area, the fitting results are still satisfactory.

4.2.2 Fitting result comparison of Y _CO

Y_CO is the mass fraction of carbon monoxide, CO is also a major component of
recombinant gases and is the main product of the partial oxidation process. Fig 4.17 depicts
the Y_CO distribution from the HCOG database. Unlike H,, the crude COG does not contain
CO, so we can see that Y_CO is 0 at the reactor inlet. At the edge of the reaction zone and
downstream of the reactor, Y_CO reaches a maximum value, implying that there is a large
amount of CO production. Compared to Y_H2, the mass fraction of CO downstream of the
reactor is much larger than the mass fraction of H2 because the relative molecular mass of
H2 is too small.

Distribution of Y_CO from HCOG database (-)
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Figure 4.17 Snapshots of Y_CO distribution in the reactor from HCOG database

41



Chapter 4

Distribution of Y_CO from Fifting result (-)
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Figure 4.18 Snapshots of Y_CO distribution in the reactor from Fitting result

Comparing the Y_CO distribution plots in Fig 4.17 and Fig 4.18, it can be seen that CO
fitting results are still very satisfactory and the Y_CO distribution trends are consistent. There
is only a slight difference in the maximum values, but this is acceptable. Although the data
structure of output data from Group B is too complex and a pessimistic view of their neural
network fitting has been reported. However, since the order of magnitude difference of the
data in Group B is not very large, the fitting solution is still largely acceptable.
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Figure 4.19 Y_CO distributions in Z x C space from HCOG database
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Figure 4.20 Y_CO distributions in Z x C space from Fitting result

Fig 4.19 and Fig 4.20 are the distribution of Y_CO in Z x C space from the HCOG
database and the fitting result. The set values of ZV and h™ from (a) to (i) are different. The
set values for ZV and h™ for each case are:

@ 2zV=0[-], h"=0 [-].

(b) ZV=0.125 [-], h"=0 [-].
(€) ZV=0.25[-], h"=0[-].
(d) zV=0[-], h"=05 [-].
(€) ZV=0.125[-], h"=0.5 [-].
(f) 2V=0.25[-], h"=0.5 [-].
(@ 2zv=0[-], h"=1[-].

(h) Zv=0.125[-], h"=1 [].
(i) ZV=0.25[-], h"=1[-].

Y_CO is similar to Y_H2 in that neither of them is much affected by A", but very much
by ZV. As ZV increases, the inhomogeneity of the mixture increases, and partial oxidation
process becomes difficult. the CO changes from being concentrated near the reaction zone at
the beginning (first column of Fig. 4.19 and Fig. 4.20) to being distributed in a gradient (third
column of Fig. 4.19 and Fig. 4.20), which implies that basically no reaction occurs here.
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Comparing the trend of the distribution and the range of values of Y_CO in the two figures,
the fitting results are acceptable.

Fitting error of Y_CO (%)
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Figure 4.21 Snapshots for the distribution of Y_CO fitting errors in the reactor

Figure 4.21 shows the fitting error distribution of Y_CO, from the figure it can be seen
that the fitting accuracy of Y_CO is better than that of Y_H2, the vast majority of the area of
the reactor has an error of about 1%, which is already comparable to the fitting results of
Group A. The very small portion of the error at the inlet of the reactor is 3.5%, and this is
also because of the absence of CO here, and the Y_CO is 0. However, the neural network still
gives values close to 0 but not zero.

4.3 Analysis of results from Group C

The neural network fitting of the mass fractions of the chemical components of group C
was the most difficult, with order-of-magnitude differences of more than eight for these data,
and the fitting accuracy was very bad.

4.3.1 Fitting result comparison of Y _C2H2

Y_C2H2 is the mass fraction of acetylene, which is an additional product throughout the
partial oxidation process; it is not a constituent of COG, but only a by-product. From Fig
4.18, it can be seen that Y_C2H2 at the reactor inlet is 0, while Y_C2H2 peaks at the end of
the reaction zone and near the outlet, which indicates that there is C,H, generation during the
partial oxidation process.
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Distribution of Y_C2H2 fromn HCOG database (-)
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Figure 4.22 Snapshots of Y_C2H2 distribution in the reactor from HCOG database

Distfribution of Y_C2H2 from Fitting result (-)
0.0e+00 0.005 0.01

Figure 4.23 Snapshots of Y_C2H2 distribution in the reactor from Fitting result

Comparison of Fig 4.22 and Fig 4.23 shows that downstream of the reactor (right half),
the distribution of the fitting results follows the same trend. However, in the reaction zone
close to the inlet of the reactor, Y_C2H2 of the fitting results is significantly higher than the
value of Y_C2H2 of HCOG database, which leads to the maximum value of the color bar of
the fitting results being higher than the HCOG database result (experimental values).
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Figure 4.24 Y_C2H2 distributions in Z x C space from HCOG database
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Figures 4.24 and 4.25 show the distribution of Y_C2H2 in Z x C space from the HCOG
database and fitting results, respectively. The set values for ZV and h" for each case are:

@ 2zV=0[-], h"=0[-]
(b) ZV=0.125 [-], A"=0 [].
(€) ZV=0.25[-], h"=0[-].
(d) zVv=0[-], h"=0.5[-].

(€) ZV=0.125 [-], K"=0.5 [-].
(f) 2V=0.25[-], K"=0.5 [].
(@) Zv=0[-], A""=1[-].

(h) zVv=0.125 [-], h"=1[].
(i) ZV=0.25[-], h"=1[-].

Comparing the two figures, it can be seen that at a ZV of 0 or 0.125, the neural network
fitting accuracy is very good regardless of the value of h™, which perfectly presents the
distribution of Y_C2H2.

However, as ZV increases, the inhomogeneity of the mixture increases, and the reaction
becomes unstable. When ZV is 0.25, Y_C2H2 is 0 (third column of Fig 4.24) under such
situation because the mixture is so inhomogeneous that not much chemical reaction is taking
place at all. Returning to the data itself, and leaving aside the physical meaning behind the
numbers, this means that when the target data is 0, the neural network does not give a fitting
value of 0. Instead, it gives very small numbers close to zero on the order of 107>, This is
the problem with the resolution of the neural network mentioned before, which is an iterative
process that utilizes Forward Propagation and Back Propagation for the overall value domain
to reduce the error. If the range of the value domain of the target data is too large (more than
6 orders of magnitude), in order to take into account the error of the large values, when the
error of the large values is controlled within 1%, and the small values are processed with the
same precision, then the error will not be 1%, but may be 10% or even 100%.

The current solution is either to group the value domains by order of magnitude and
perform separate and distinct neural network simulations, or to post-process the data
manually. However, these are not generalized solutions and further research is needed in the
future.
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Fitting error of Y_C2H2 (%)
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Figure 4.26 Snapshots for the distribution of Y_C2H2 fitting errors in the reactor

Consistent with expectations, the fitting accuracy for Group C is very poor, and even
the maximum value of 10% of acceptable error is only about half area of reactor in Fig 4.26.
Comparing this to Fig 4.22, it can be seen that the fitting error increases significantly as
Y_C2H2 decreases. Y_C2H2 is maximized over most of the region with errors within 10%.
This indicates that the fitting accuracy decreases significantly as the order of magnitude
difference of target data increases.

4.3.2 Fitting result comparison of Y _C6H6

Y_C6H6 is the mass fraction of benzene, benzene is a component of TAR and is
contained in the crude COG. There is no C¢H, in the final recombinant gas, and we can verify
this with the distribution figure below.

Figure 4.27 shows the distribution of Y_C6H6 in the reactor from the HCOG database.
As we expected, the distribution of C¢H, is only in the crude COG, which is consumed during
partial oxidation, and Y_C6H6 is 0 outside the reaction zone and downstream of the reactor.
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Distribution of Y_C6H6 from HCOG database (-)
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Figure 4.27 Snapshots of Y_C6H®6 distribution in the reactor from HCOG database
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Figure 4.28 Snapshots of Y_C6H6 distribution in the reactor from Fitting result

Compared to the distribution of the fitting results for Y_C2H2, the fitting accuracy of
Y_C6H6 is higher. Both the range of the color bar and the distribution of Y_C6H6 are the
same as that of Y_C6H6 from the HCOG database.

The dismal situation is that we again have to encounter fitting for 0. As can be seen in
Fig 4.27, the region where Y_C6H6 is 0 is much larger compared to the distribution of
Y_C2H2, accounting for more than 80% of the entire reactor area, which is catastrophic for
neural network fitting. But optimistically, since Y_C6H6 only has values in a small region, it
is very convenient to manually tweak the fitting results.
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Figure 4.29 Y_C6HG6 distributions in Z x C space from HCOG database
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Figure 4.30 Y_C6HG6 distributions in Z x C space from Fitting result
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Fig 4.29 and Fig 4.30 show the distribution of Y_C6C6 in Z x C space from the HCOG
database and fitting results. The set values for ZV and h" for each case are:

@ 2zV=0[-], h"=0[-]
(b) ZV=0.125 [-], A"=0 [].
(€) ZV=0.25[-], h"=0[-].
(d) zVv=0[-], h"=0.5[-].
(€) ZV=0.125 [-], K"=0.5 [-].
(f) 2V=0.25[-], K"=0.5 [].
(@) Zv=0[-], A""=1[-].

(h) zVv=0.125 [-], h"=1[].
(i) ZV=0.25[-], h"=1[-].

First, with Z = 1 for the fuel side and Z = 0 for the oxidizer side, it can be seen that the
distribution of C¢Hg is concentrated on the fuel side, while on the oxidizer side Y_C6H6 is O,
which is in line with the previous prediction. As C increases, the chemical reaction process
go further, and C4H, is gradually being consumed in this process, so the Y_C6H6 distribution
area rapidly narrows near the fuel side as C increases.Y_C6H6 is not much affected by h™,
and the chemical reaction becomes unstable as ZV increases, so Y_C6H6 becomes a stepwise
distribution when ZV is 0.25. Comparing Fig 4.29 and Fig 4.30, it can be seen that the
distribution of Y_C6H6 from the fitting result is still consistent, and there is not much
difference between these two cases.
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Figure 4.31 Snapshots for the distribution of Y_C6H6 fitting errors in the reactor

Fig 4.31 shows that the fitting error distribution of Y_C6H6 is exactly opposite to that
of Y_C2H2. In the outer part of the reaction zone and downstream of the reactor, the fitting

error of Y_C6HG6 is very large, due to the fact that there is no C4H, distribution in these area,
but the neural network still gives small values close to 0 but still not 0 in these area. In the
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region where Y_C6H6 is not 0, the fitting error is roughly within 10%, and the fitting result
here is barely acceptable.

The fitting results for Y_C2H2 and Y_C6H6 enroll that too large a difference in the order
of magnitude of the target data has a devastating effect on the accuracy of the fitting, | don't
have a general solution to this problem at the moment. Only a specific special solution can
be given for a specific problem. For example, artificially modifying the fitting results or
constructing multiple neural networks to fit the same target data in groups.

4.4 Reduction of memory size

As you can see from the fitting results, most of the data is fitted with an error of 10% or
less, which is within acceptable limits. So it goes back to the original question, what are we
putting up with this 10% error for? As mentioned before, the neural network fitting is to solve
the problem that the database is too large and occupies too much CPU memory, thus leaving
no memory for simulation.

Table 4.1 compares the memory size between HCOG database and the neural network
reconstructed in Fortran. Since the next step simulation is based on the Fortran language, |
rebuilt the neural network in Fortran based on MATLAB's fitting result, which allows for
both reading the HCOG database and importing the data into MATLAB for fitting, and it
also contains the weight and bias information for the neural network after MTALAB's fitting,
meaning that it can give 21 outputs’ fitting result based on the four inputs (Z, ZV, C, h™) that
are entered into the code.

Table 4.1 Memory size comparison between HCOG database and fitted neural network

Projects Memory size

HCOG database 2.29 Gigabytes

Neural network reconstructed in Fortran 1.69 Megabytes
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The size of the HCOG database is 1390 times larger than the size of the Fortran file of
the fitted neural network, and the use of the neural network instead of the initial HCOG
database can result in significant memory savings while meeting the accuracy requirements.
Then, in the limited CPU memory, more space can be saved, and the amount of data import
can be increased or the database dimension can be increased in improving the accuracy of
simulation results.
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Chapter 5

Conclusions

In this work, the structure of the database and the fundamentals of neural networks are
presented. A detailed derivation of the LM algorithm is presented, as well as the relationship
between Forward Propagation, Backward Propagation and iterative loops. Two
representative data from each group of output data have been selected to show the fitting
results. Group A and Group B show very optimistic fitting accuracy, while Group C output
data still need to invest more time in the future to find a generalized solution to improve the
fitting accuracy due to its too large order of magnitude difference.

5.1 Neural network algorithm

For the problem of finding the minimum of the Mean Square Error equation (Eq. (2.10)),
this paper provides several ideas.

M The gradient descent method can be approximated as a first-order expansion of
Taylor, which is very simple and intuitive, but it also means that there are more
iterative steps, which is not very accurate in the face of complex structural
database iterations. The gradient descent method works by calculating the
gradient of the objective function at the current parameter position and then
updating the parameters along the negative gradient direction. This gradually
approaches the optimal solution.
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(i)

(iii)

The Gauss-Newton algorithm can be viewed as a second-order Taylor expansion,
which is computed more accurately than a first-order matrix due to the second-
order matrix information involved. The Gauss-Newton algorithm simplifies the
computation and iteration time by using the first-order Jacobian matrix replacing
the second-order Hessian matrix and optimizes the least-squares method so that
it can be applied to nonlinear regression problems.

Levenberg-Marquardt algorithm combines the gradient descent method and
Gauss-Newton algorithm by varying the values of the parameters during the
iterative computation, thus allowing the algorithm to automatically switch
between the these two algorithms. When moving away from the optimal solution,
the LM algorithm mainly adopts the gradient descent method, which utilizes a
large step size to quickly approximate the optimal solution. When close to the
optimal solution, the Gauss-Newton algorithm is utilized with small update steps
in order to accurately converge to the optimal solution.

The LM algorithm is the algorithm used in the cases of this paper, which can balance the
fitting accuracy and fitting time well and performs well in the fitting results of this paper.

5.2 lterative loops for neural networks

This paper describes in detail how Forward Propagation and Backward Propagation
allow neural networks to form a closed-loop computational process.

(i)

(i)

Except for the first loop in which the weights and biases are randomly generated,
the essence of each Forward Propagation is to import the input data of the current
loop combined with the updated weights and biases of the previous loop to
calculate the output data of the current loop, thus preparing for the Backward
Propagation. To illustrate the computational process of Forward Propagation, this
paper also describes the rules for the computation of neuron, weight and bias.

Backward Propagation is the core part of neural network fitting, which is
essentially a comparison of the fitting values calculated by this Forward
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Propagation with the target data, and Back Propagation along the output layer to
the input layer by calculating the loss function while updating the weights and
bias of the current loop.

The result of neural network fitting is to obtain an array of weights and bias matrices.
Since the next HCOG simulation was run on the server using the Fortran language, | used
the weights and bias data obtained from the neural network fitting and reconstructed the
neural network using Fortran to replace the HCOG database.

5.3 Summary of fitting results and memory size
reduction

From the fitting results, the fitting data of Group A and Group B are satisfying the fitting
requirements with errors within 10%, while the data of Group C still need to continue to find
ways to improve them.

(i)

(i)

The commonality between the data in Group A and Group B is that the order of
magnitude maxes out within 5, which is the acceptable limit for neural network
fitting. For data within this range, the neural network gives highly accurate fitting
results even in the hard-to-fit region around 0, which is very exciting. For the
Group A data, only a normalization preprocessing of the data is required to get a
fitting within 5% error. For Group B data, since all of them are mass fractions of
chemical components with values between 0 and 1, and most of them are small,
some of them need to be multiplied by 10° on top of the normalization pre-
processing in order to avoid the early termination of the fitting process due to the
large initial fitting error.

For Group C data, their order of magnitude difference will reach 7 or 8, which is
beyond the resolution of the neural network. Near 0, the neural network cannot
give a satisfactory fitting value. Although we can bind the position coordinates in
the reactor with the HCOG database and consider modifying the fitting results, it
is too inefficient and not a general solution for databases with different structures.
For areas where the target value is not 0, the fitting error is barely maintained at
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around 10%. For the preprocessing and postprocessing of Group C data, | will
provide some ideas below.

(iii)  For Group C data, their order of magnitude difference will reach 7 or 8, which is
beyond the resolution of the neural network. Near 0, the neural network cannot
give a satisfactory fitting value. Although we can bind the position coordinates in
the reactor with the HCOG database and consider modifying the fitting results, it
Is too inefficient and not a general solution for databases with different structures.
For areas where the target value is not 0, the fitting error is barely maintained at
around 10%. For the preprocessing and postprocessing of Group C data, | will
provide some ideas below.

(iv)  Thesize of the HCOG is 2.29GB, and the fitted neural network size reconstructed
in Fortran is 1.69MB, with a difference of up to 1300 times in size between the
two. If the fitting error is within an acceptable range, using neural networks to
replace databases can greatly save storage space.

5.4 Future work

At present, | have completed the classification and extraction of binary data using Fortran,
and they will be directly imported into MATLAB in CSV file type for neural network fitting.
We can modify the matrix parameters in the Fortran file according to the weights and biases
in the fitting results. The final Fortran file can realize the extraction and export of target data,
and the fitting and export of fitting results. In the actual simulation process, only this Fortran
file is needed, without the participation of the target database and MATLAB file. This means
that the simulation will not only be limited to Windows systems, but Linux systems can also
meet the requirements.

The fitting of group C data is like a dark cloud in the sky, which has been bothering me.
In the past six months, | have tried various methods in order to find a general solution to
improve the fitting error when the data magnitude difference is more than 5. At present, |
have summarized some methods, but I still haven't completely solved this problem.

(1) No matter what data structure is aimed at, the pre-processing of data
normalization is necessary, which greatly reduces the complexity and fitting
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(i)

(iii)

(iv)

difficulty of the data structure. It should be noted that when building a neural
network yourself, don't forget to denormalize the fitting results before outputting.

For the target data with a small value represented by the mass fraction, it is
necessary to enlarge the database value as a whole. As mentioned earlier, there
are two types of termination flags for the iterative process of neural network
fitting. In addition to the specified times of fittings, the fitting error is also an
important standard for determining whether the fitting will continue. The initial
weights and biases of the neural network are randomly generated. If the target
value is too small, the neural network is likely to terminate the iteration early due
to the large fitting error of the first fifty times of iteration.

Import the coordinate information of the reactor as output data into the HCOG
database. We can use PARAVIEW to visualize the HCOG database. After
knowing the parameters of the reactor, the position information of each node
becomes a known quantity. We can manually modify the fitting results based on
the reaction characteristics of different regions in the reactor. But this method
only targets a single database and requires specific analysis of specific issues.

The challenge with Group C data lies in the large order of magnitude difference.
Now I'm trying to target a certain output data, such as Y_ C2H2, | only perform
neural network fitting on the data within the range of 0 to 1073, and then apply
the fitted neural network to the entire range. This raises a question: Should we fit
to large values or small values? How do we select only nodes with Y_C2H2 in the
range of 0 to 1073, but it can ensure that these nodes cover the entire reactor and
reflect the distribution trend inside the entire reactor? | am currently unable to
provide an answer, which will be my main work in the future.
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