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Abstract: High-strength low-alloy steels (HSLAs) are widely used in the structural body compo-
nents of many domestic motor vehicles owing to their better mechanical properties and greater re-
sistance. The real production process of HSLA steelmaking can be regarded as a model that builds
on the relationship between process parameters and product quality attributes. A surrogate model-
ing method is used, and the resulting production process model can be applied to predict the opti-
mal manufacturing process parameters. We used different methods in this paper including linear
regression, random forests, support vector regression, multilayer perception, and a simplified VGG
model to build such a surrogate model. We then applied three bio-inspired search algorithms,
namely particle swarm optimization, the artificial bee colony algorithm, and the firefly algorithm,
to search for the optimal controllable manufacturing process parameters. Through experiments on
9,000 test samples used for building the surrogate model, and 299 test samples for making the opti-
mal process parameter selection, we found that the combination of a simplified VGG model and the
firefly algorithm was the most successful at reaching a success rate of 100% —in other words, when
the product quality attributes of all test samples satisfy the mechanical requirements of the end
products.

Keywords: high-strength low-alloy steel; manufacturing process optimization; surrogate model;
firefly algorithm; VGG model.

1. Introduction

Under pressure via fierce competition between steel companies, quality
improvements in high-strength low-alloy steel (HSLA) products are constantly being
pursued. Abnormal variations in upstream process parameters such as alloy composition
might cause deviations in mechanical properties and thus lead to unsatisfactory quality
and a high rejection rate. To reduce the rejection rate and to effectively improve the
competitiveness of China Steel Corporation (CSC) products, we developed a dynamic
process control system to predict and monitor the mechanical properties of products

before they enter downstream production lines. If the predicted mechanical properties
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deviate too much from the usual level, the system can perform quality compensation by
calculating and applying appropriate downstream process parameters and thereby meet
the final quality requirements. This is done through a sequence of up- and downstream
production lines, which include the crude making, hot rolling, cold rolling, and cold-
rolled coating lines. Each line should meet quality-level requirements, or else the overall
finished products will not achieve their required qualities. In the crude making
process, iron ore is first reduced to iron by mixing it with coal/coke and limestone in a
blast furnace (BF); then, the iron is converted into steel using a basic oxygen furnace (BOF).
The hot-rolling is a mill process in which the steel is rolled at a temperature above its
recrystallization temperature. When steel is heated past its recrystallization point, it
becomes more malleable and can be properly formed and shaped. This also allows for the
2.1ability to produce larger quantities of steel. The steel is then cooled at room temperature,
which “normalizes” it, eliminating the worry for stresses in the material arising when
quenching or work-hardening. Cold-rolling steel allows for the creation of precise shapes.
Since the process is performed at room temperature, the steel will not shrink as it cools, as
it does in the hot-rolled process. The cold-rolled use plastic coating to protect the steel
surface.

Although the CSC is a high-quality manufacturer of HSLA, a small number of non-
conforming products cause great loss of finance and reputation. The steeling process
parameter optimization is important to promote the quality of HSLA. Most
manufacturing processes [1, 2] require parameterization to achieve their optimal cost,
quality, and other properties. The number of process parameters considered usually
exceeds 10 or even 100, and current approaches to their optimization require many
expensive and complex experiments. Although some physically precise simulation
models have been developed, such as the finite element method [3] and the Taguchi
method [4], these need many hours or even days for computation. Another approach is
the use of surrogate models, which can effectively decrease the number of simulations
needed when applied to the problems of process parameter optimization.

The surrogate models is an easy-to-evaluate approach to construct high-fidelity
product models [5-9] which were created by using decision tree, artificial neural network,
radial basis function, kernel smoothing, and stochastic processes [10]. Surrogate-based
optimization tries to search for the optimal process parameters based on an established
surrogate model, and it requires an appropriate mechanism to do so. Genetic algorithms
[11] and model-based self-optimizations [12] have been used to iteratively improve
candidate process parameters.

Machine learning methods have been widely used in materials design and
engineering, suach as the predictive maintenance of anodes [31], casting steel [32] and the
predict of the steel’s properties [33]. In this paper, we use different methods to build
surrogate models for steelmaking process parameter optimization. These methods include
linear regression (LR), random forests (RF) [18], support vector regression (SVR) [19],
artificial neural networks (ANNs) [20, 37-39], and convolutional neural networks (CNN5s)
[21]. In addition, we use three different bio-inspired search algorithms — particle swarm
optimization (PSO) [22], the artificial bee colony (ABC) algorithm [23], and the firefly

algorithm (FA) [24]— to search for optimal process parameters.
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We further developed a simplified 1D version of the original 2D Visual Geometry
Group (VGG) 16 model [13, 14] to establish a surrogate model between the process
parameters and the product quality attributes, as shown in Fig. 1. This 1D VGG model is
called the simplified VGG (SVGG) model, and it can be regarded as a process for
controlling HSLA product quality attributes through its parameter inputs.

To meet the product quality requirements of HSLA, we applied the PSO, ABC and
firefly algoithm to search for the optimal adjustable process parameters and then compare
their performance. In our experiments, 9000 samples (meeting the quality requirements)
were used to train the five different methods for establishing the surrogate model, and 299
samples (not meeting the quality requirements) were used to evaluate three bio-inspired
process optimization search algorithms. The FA ultimately produced the most optimal
selection of adjustable process parameters. Our experimental results further showed that
all the adjustable process parameters used in our test samples were successful in
determining whether the corresponding product attributes met the mechanical

requirements of the product.

Process Parameters S e Product Quality Attributes
urrogate Mode
(fur fs o f30) B (Y, Yy, ¥s)

Figure 1: Surrogate model.

The main contributions of this paper are as follows:

1. We addressed the interesting problem of steelmaking process parameter
optimization by proposing a simplified VGG model to build a surrogate model,
and then compared it with four other machine-learning methods.

2. We applied three different algorithms—PSO, the ABC, and the FA —to search for
optimal process parameters, and then evaluated their performance. Our
experimental results demonstrated that the FA can achieve high performance and

outperforms the other methods.

The remainder of this paper is organized as follows. Section 2 reviews the machine-
learning methods and bio-inspired algorithms. Section 3 describes our proposed method
called the simplified VGG model + Firefly algorithm to search for optimal process
parameters. Section 4 presents our experimental results and discussions. Finally,

conclusions and remarks are given in Section 5.

2. Related works

2.1 Surrogate Model

A production process can be represented as a function m: X — Y, in which X denotes
the process parameters and Y denotes the product attributes. This function maps process
parameter configurations x € X to product attributes y € Y., and the map can be re-
garded as a surrogate model ¢:X — Y based on all observations (X;, Yi). The construction
of a surrogate model needs a fitness function to evaluate how well the model predictions
match the observations. In general, we need an optimizer to obtain the optimal linear or
nonlinear maps. In this study, we use linear regression, random forests, support vector
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regression, neural networks, and convolutional neural networks to build surrogate mod-
els, with process parameter optimization being dependent on the accuracy of these mod-
els. These five methods are described in the following subsections.

2.2 Survey of Machine Learning Method
2.2.1.Linear Regression

Linear regression (LR) is a simple and attractive method for building a surrogate
model, as based on Eq. (1):

Vi =ayifi +azjfs +az;fs + . tazg jfs0 + B; 1)
where Y; and fiare the j-th product attribute and the i-th dimension of the process
parameters, respectively. Particularly, the gradient descent method is used to decide the
regression parameters a; ; and ;.

2.2.2 Random Forests

Random forests (RFs) is an ensemble learning method used for classification or re-
gression that constructs a multitude of decision trees at training time and outputs the
mode or mean predictions of those individual trees. In general, RFs outperform traditional
decision tree methods because they can overcome the problem of overfitting. In the im-
plementation of an RF algorithm, new training sample sets are randomly selected by re-
placing the original training set. Each training set is separated into two in-of-bag sets in-
cluding one-third of the samples and one out-of-bag set from the remaining two-thirds of
the samples. All samples in the out-of-bag set are collected into test samples, while sam-
ples from each of the in-of-bag sets are dependently built by decision tree induction into
their own decision tree. This way, the regression results R(x;) of each test sample x; are
calculated by Eq. (2):

1
ROx) = 254y, @)
where the M is the number of decision trees and y,, is the decision value of the m-th
decision tree of test sample x;.

2.2.3. Support Vector Regression

Support vector machines are intelligent statistical learning algorithms used for clas-
sification and regression. They solve regression problems through a nonlinear mapping
function p(x;), which maps the original samples xito a feature space of a higher dimen-
sion, and then uses the linear regression method to compute the corresponding targets.
Given a set of n training data {(x1, 1), (x2,¥2), (X3,¥3), ..., (Xn, )} € R™ X R, where x; is
the input vector and y; is its target, the following decision function can be defined:

f)=w-ulx)+b 3)
where - is the inner product, w is the weight vector, and b is the bias parameter.

SVR applies the structured risk minimization principal to generate the above decision
function [see Eq. (3)] by minimizing a regularized risk function as presented in Eqs. (4)

and (5):
Regularized risk = % i L(y f(x) + % [|w]|? 4)
where:
(= fODl iy fEl e
L(y“f(x‘)) { 0 ! otherwise ©)

In SVR, Vapnik’s ¢-insensitive loss function is used to measure empirical risk, where
. .1 3 . ..
¢ is the tube size, 3 [lw]||* is a regularization term used as a measure of flatness or com-

plexity of the function, and C is a regularized constant that describes the trade-off between
the empirical risk and the regularization term.
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According to Wolfe duality and the saddle-point condition, the dual optimization
problem of the aforementioned primal one is described by the following term:

max 1 * *
aa " ;Z?,-:l(ai - ai)(aj - ij) (6)

st Xij=i(a; —ai) = 0,a;,af €[0, C]

The weight parameters are then described by w = Y7, (a; — a;) u(x;), where a;, ;
are nonnegative Lagrange multipliers, which can be obtained to solve the convex quad-
ratic programming. Finally, based on Eq. (7) and the radial basis function (RBF) kernel
trick, the decision function given by Eq. (3) has the following specific form:

s
fx)=Y¥a;—aj)e 202 +b
)
where,
s
b=y —Yiyiaje 27 8)

with o representing the kernel parameters and j € {j<C}. Note there are three penalty
parameters: C, the RBF kernel parameter, and the width of ¢ loss function.

2.2.4 Multilayer Perception

Multilayer perception (MLP) is a powerful class of data-driven function approxima-
tion algorithms which represent information through a hierarchy of features. They follow
a simple ANN model, beginning with the input layer and ending with the final output
layer, with intermediate layers known as hidden layers. By manipulating the number of
hidden layers and the size of each, one can learn functions of arbitrary complexity. The
input and output layer sizes are fixed, being determined by the dimensionality of the in-
put feature and the output target. Except for the input nodes, each node is a neuron that
uses a nonlinear activation function. MLP algorithms also utilize a supervised learning
technique, i.e., backpropagation for training. We used an MLP algorithm with two hidden
layers; each one has 100 nodes, the dimension of the input layer is 30 (the dimension of
our process parameters) and involves three targets (the product attributes).

2.3 Bio-inspired Search Algorithms

Over the last decade, modeling the behavior of social insects such as ants and bees
has been used as a way of solving search problems. There are many different bio-inspired
search algorithms, including particle swam optimization, artificial bee colony, and the
firefly algorithm, which have been widely used in numerical optimization [26], motion
estimation [27], image thresholding [28,29], neural network parameter training [30], en-
hanced near field characteristic [34], simulation-driven spatial phase shifters [35], electro-
magnetic band-gap resonator antenna [36].

2.3.1 Particle Swarm Optimization

Particle swarm optimization (PSO) is a metaheuristic, stochastic, and population-
based evolutionary optimization algorithm, and its standard form was initially developed
by Kennedy Eberhart [22]. It searches for an optimal solution in its search space through
the modeling of a swarm, where each particle in the swarm survives with a velocity and
a position in the solution search space. The lower and upper bounds of each dimension of
a particle are denoted in the algorithm by [b and ub. It improves on the best solution trav-
ersed so far by iteratively updating its velocity and position in the search space, as de-
scribed by Egs. (9) and (10):

vi(t + 1) = wv(O)+em (pi () — x;:(0) + 212 (py (8) — x;(0)) €
xi(t + 1) = xi(t) + Vi(t+1) (10)
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where w indicates the inertia weight, ¢; and c, are the learning rates, r; and r, are
random numbers ranging from 0 to 1, and p;(t) and p,(t) represent the personal local
best and the global best, respectively.

2.3.2 Artificial Bee Colony Algorithm

The artificial bee colony (ABC) algorithm, as proposed by Karaboga and Basturk [8],
has recently become available and is a promising technique for solving real-world opti-
mization problems. It models a colony of artificial bees, containing three different groups:
employed bees, onlookers, and scouts. The employed bees carry information about food
sources and share it in the dancing area of the hive. The onlookers wait in the dancing
area to receive this probability information from the employed bees, and they use it to
make decisions regarding the selection of a food source. The computation of this proba-
bility is based on the amount of food located at each source. The other kind of bee —scouts
carries out random searches for new food sources. An employed bee becomes a scout
when its food source is abandoned and becomes an employed bee again as soon as it finds
a new food source. Therefore, each cycle of the ABC algorithm contains three steps. First,
employed bees are sent to the known food sources and the amounts of nectar are calcu-
lated. After receiving that information, onlooker bees visit the food sources and provide
updates. When the nectar at a food source is depleted, a scout is sent out to find a new
food source.

Within the algorithm, the position of a food source x; represents a candidate solu-
tion to the optimization problem, and the amount of nectar at this food source is denoted
as its fitness (fit). In general, the number of employed bees or onlookers is equal to the
number of food sources. Initially, the ABC algorithm randomly generates a distributed
initial population of K solutions, denoted by P = {xl_xz, e xK}, where K denotes the num-
ber of employed bees or onlookers, and each solution x; (fori=1,2,..., K) is a D-dimen-
sional vector. During each execution cycle C (where C=1, 2,..., MCN, the maximum cycle
number), the population of solutions is subjected to the search processes of the employed
bees, onlookers, and scouts. An employed bee modifies the possible solution as a function
of the fitness value (amount of nectar) of the new solution (food source) by using Eq. (11):

vij = Xij + @(xij — X)) 11)
where k € {1,2,..,K}, but k#1 and j € {1,2,...,D} are randomly selected in-
dexes, and ¢ is a random number between -1 and 1.

If the fitness value of the new solution v; is greater than that of the previous solution
x;, then the employed bee simultaneously remembers the new solution and abandons the
old one; otherwise, it will retain the location of the old one in its memory.

When all employed bees have finished their search process, they bring back to the
onlookers the information they have on the positions and nectar amounts of all food
sources. Each of the onlookers then decides on a particular food source to further call
upon, according to a probability proportional to the amount of nectar at that food source.
This probability p; of selecting a food source z; is determined using the following Eq.
(12):

o fit(z;)
Pi = 5K itz (12)

In practice, each food source z; sequentially generates a random number between 0
and 1. If this random number is less than the probability p;, an onlooker is sent to the food
source and produces a new solution based on Eq. (13):

vij = zij + @(2i5 = 2ij) (13)


https://doi.org/10.20944/preprints202105.0312.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 13 May 2021 doi:10.20944/preprints202105.0312.v1

where k € {1,2,..,K}, but k #i and j € {1,2,...,D} are randomly selected indexes,
and ¢ is a random number between -1 and 1.

If the fitness value of the new solution is greater than the old one, the onlooker mem-
orizes the new solution and shares this information with the other onlookers. Otherwise,
the new solution is discarded. This process is repeated until all onlookers have been dis-
tributed to food sources. If the food source could be improved upon (as predetermined by
a limiting value), then it is abandoned and the corresponding employed bee becomes a
scout. This scout then goes on to discover a new food source to replace
theabandonedsolutionz;, as described by Eq. (14):

Zij = Zynin + 0 (Zmax ~ Zin) (14)
where z,];”.n and zJ,,, are the lower and upper bounds of the j-th component of the solu-
tion, and ¢ is a random number ranging from -1 to 1. If the new solution is better than the
abandonedsolutionz;, the scout becomes an employed bee and the new solution is re-
tained.

The search processes of the employed, onlooker, and scout bees are repeated until
the execution cycle equals MCN. Of all the methods described so far, the best solutions

with the largest fitness are outputted by this ABC algorithm.

2.3.3 Firefly Algorithm

The firefly algorithm (FA) was developed by Xin-She Yang at Cambridge University
in 2008 [17]. It has three idealized rules: first, all fireflies are unisex, so each firefly is at-
tracted to all other fireflies, regardless of their sex. Second, attractiveness is proportional
to brightness—thus, for any two flashing fireflies, the least bright one will move toward
the brighter one. If there is no brighter one, then that particular firefly will move ran-
domly. To model firefly attractiveness, one should select any monotonically decreasing
function of the distance 7;; = d(xj, xl-) from the chosen (j-th) firefly x; to the target (i-th)
firefly x;. This is described by Egs. (15) and (16):

rij = |lxi = x| (15)

B < Boe™" 1 (16)
where f, is the attractiveness at 7;; = 0 and y is the light absorption coefficient at the
source. The movement of firefly i when it is attracted to another, more attractive firefly j
is determined by:

X « (L= Bxyp + Bxjp + Uik (17)

U=« (randl - %) (18)

If a particular firefly x; is already the brightest (i.e., it is the one with the maximum
fitness), then it will move randomly according to the following equations:

Xjmax p €= Xjmax p + Ujmax ., k= 1, 2,..., D (19)

upmes . = a (rand2 - ) (20)
where rand1 = U(0,1) and rand2 = U(0,1) are random numbers obtained from a uni-
form distribution.

The third rule is that the brightness of a firefly is affected or determined by the land-
scape of the fitness function ¢(e). For maximization problems, the brightness I of a firefly
at a particular location x can be chosen as a function I(x) that is proportional to the value
of the fitness function ¢(x).

3. Material and Methods
3.1 Materials and Experimental Setup

All experiments were performed on a PC with an Intel Core i5 3.30 GHz CPU, 8 GB
of RAM, and a NVIDIA GeForce GTX 1060 GPU. All used machine-learning methods
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were implemented in simultaneously multitask learning and coded the programs by us-
ing Python language, and then individually were used to verify the performance of pro-
cess parameters optimization using the four fold cross-validation method.

The 9,299 HSLA samples were collected from the China Steel Corporation
(Kaohsiung, Taiwan) from 2016 to 2010. Each sample has a 30-dimensional process pa-
rameter and three corresponding product quality attributes., respectively. The 9,299 sam-
ples included the 9,000 training data samples (two of 10 samples as validation samples)
which meets quality requirement and 299 false samples (as test samples) of no meeting
requirements. In general, the false samples are difficult to collect since the CSC is a high-
quality steel manufacturer. Each process parameter x includes temperature, steeling time,
iron composition and so on. The product attribute Y includes three quality attributes, i.e.,
yield stress, tensile stress, and plastic strain ratio. The products of HSLA must meet rea-
sonable quality ranges for these three attributes yield stress [0,185], tensile stress [270, o],
and plastic strain ratio [39, o]. For easy identification, the process parameters are repre-
sented by xi= (fi, fo,..., fio) fori=1, 2,..., 9,000, and the product attributes are represented
by Yi = (yi1, yi2, yi3) for training samples. However, the additional 299 test samples have
only 25 fixed process parameters, with the other five being adjustable parameters denoted
by fo, fu, fis, fis, and fio for the i-th test sample.

Table 1 shows the data for the five original training samples, where each includes the
30 dimensions of the process parameters, named f;, fs,...,f30, and the three product at-
tributes of Y;, Y,, and Y;. The five adjustable process parameters are restricted to positive
integers. In total, 9,000 training samples were used to train the simplified VGG surrogate
model, each including a complete set of process parameters and product attributes. How-
ever, five of the process parameters in each of 299 test samples were adjustable.

3.2 Simplified VGG-16 Convolutional Neural Networks

Convolutional neural networks (CNNSs) are a class of deep neural networks that have
been widely applied in image and video recognition, recommender systems, image clas-
sification, image segmentation, medical image analysis, natural language processing,
brain-computer interfaces, and financial time series. A CNN consists of an input layer,
hidden layers, and an output layer. In any feed-forward neural network, middle layers
are called “hidden” because their inputs and outputs are masked by the activation func-
tion and by the final convolution. In a CNN, these hidden layers include layers that per-
form convolutions. Typically, this includes a layer that does multiplication or finds a dot
product, and its activation function is commonly referred to as a rectified linear unit
(ReLU). This layer is followed by others, pooling layers, fully connected layers, and nor-
malization layers.

VGG is a popular CNN model, containing 13 convolutional layers and three fully
connected layers, commonly applied to image classification and pattern recognition.
However, it is not directly suitable for building our surrogate model. In this paper, we
instead use a simplified VGG model for this task. As the traditional VGG-16 model has a
2D layer structure consisting of many convolution layers, max-pooling layers, and fully
connected layers, it is difficult to directly apply it to our steelmaking process-optimization
problem with its 1D mapping. We therefore modified this VGG-16 model into a 1D struc-
ture with 10 layers (seven for 1D convolutional layer and three for fully connected layer).
The seven convolutional layers generate powerful features and three fully connected layer
use the extracted features to regression.

More precisely, the differences between the traditional VGG-16 model and our sim-
plified VGG model are shown in Fig. 2. The simplified VGG model deletes the final soft-
max procedure and maps the process parameters to a single product attribute. It is a one-
dimensional CNN model composed of seven convolutional layers and three fully con-
nected layers. The convolutional layers extract the powerful features, and the fully con-
nected layers match the product attributes used when establishing the surrogate model.
Our trained simplified VGG first uses three blocks in which two or three convolutional
procedures are followed by max-pooling to obtain feature maps with sizes of 3x32; they
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are then straightened into one-dimensional form. The sequential fully connected layers
are applied in order to regress the product attribute of Y;, ¥,, or Y.

In this method, the Adam algorithm [25] is used as an optimizer with a loss function
equal to the mean square error (MSE) of the true outputs ¢(x;) of the surrogate model
and the desired outputs y;, as defined in Eq. (21):

LossFunction = %Zﬁl()’z - (p(xl))2 (21)
Original VGG 16 Modified VGG
(for 2D case) (for 1D case)
(224x224x3) (30x1)

3%3 2D-conv, 64 3x1 1D-conv, 8
3x3 2D-conv, 64 3x1 1D-conv, 8
2D max pooling 1D max pooling
(112x112x64) (15x8)
3%3 2D-conv, 128 3x1 1D-conv, 16
3%3 2D-conv, 128 3x1 1D-conv, 16
2D max pooling 1D max pooling
(56x56x128) (7x18)
3x3 2D-convy, 256 3x1 1D-conv, 32
3%3 2D-conv, 256 3x%1 1D-conv, 32
33 2D-conv, 256 |:> 3x1 1D-conv, 32
2D max pooling 1D max pooling
(28x28x256) (3x32)

3%3 2D-conv, 512
3x3 2D-convy, 512
3x3 2D-cony, 512

2D max pooling
[14x14x512)

3%3 2D-conv, 512
3x3 2D-cony, 512
3%3 2D-conv, 512

2D max pooling
(7x7x512)

FC-4096 FC-500
FC-4096 FC-500
FC-1000 FC-1

Soft-max (1x1)
(1000x1)

Figure 2: Traditional VGG and simplified VGG models.

3.2. Process Parameter Optimization Using the Firefly Algorithm

The process parameters of our test samples are divided into 25 fixed parameters and
five adjustable ones, with the latter modified such that the product attributes meet the
requirements. Therefore, we first assigned each adjustable process parameter to the i-th
firefly solution x;, with the structure depicted in Fig. 3. Next, we used the FA to search
for the optimal solution X, first, we initialized N firefly solutions, x;, i =1,2,...,N,
where each solution was updated using the FA.

foo Sy Fe Su Ts

Xy - ‘xi}."lxi.?' Xig | Xis

xi#

Figure 3: Structure of firefly solution

The fixed process parameters were integrated into each firefly solution x;into the
X;. Using the built surrogate model ¢(X), the corresponding product quality attributes,
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Yi= @(X;) for k=1, 2, and 3, could be calculated. We then defined a fitness function Fit-
ness function as the brightness of the FA for the purposes of searching for the optimum,
as shown in Eq. (23).

u(X;) = [Yi1-my, | n [Yiz—my,| i |[Yiz—my, (22)
9yq 9y, 9y3
Fitness(u(X))) = 1/(1 + u(X))) (23)

where the product attributes Y;;, Y;,, and Y;; are the outputs of the surrogate model
@(x) with x as its input, and my, and oy, are the mean and the standard derivation of
the i-th product attributes of the training data samples.

The steps of the proposed algorithm are described in detail as follows:

Step 1. Generate the initial solutions and the given hyper-parameters

In this step, the initial population of N solutions is generated, as denoted by D =
[x1, %3, ..., xy], Where x; = [fi, fu, fis, fis, fis] for the i-th firefly solution, and the values of x;
are assigned from between -1 and 1. This step assigns the parameters of the FA, which are
0, By, the MCN, and y. The number of cycles ! is also set to 0.

Step 2. Firefly movement

Here, each complete process is combined into X;, and its fitness value Fitness (,u X L-))
is computed as the corresponding brightness of the firefly. For each firefly solution x;,
this step randomly chooses another brighter solution x; and then moves toward it, ac-
cording to the following equations:

1 =[x — x| = \[Zizl(xik = Xjk)? (24)

xie = (1= B)xc + By + up, B = Poe™ (25)
where uj~U(0,1) is a random number ranged from 0 to 1, and x;; is the k-th element of
solution x;.

Step 3. Select the current best solution

This step will pick the best solution from the solution set and represent it as Xy, as
described by the following:

Xpest = Argmax, {Fitness(u(x;))} (26)

Step 4. Check the termination criterion

If the cycle number [ is equal to the MCN, the algorithm is finished and will output
the best solution xy,.s;. Otherwise, I increases by one and the best solution x5 will ran-
domly walk its position according to Eq. (13). It will then return to Step 2 and repeat the
process, as described by:

Xpestk = Xpestk + Uk k=1,2,...,5 (27)
where u;, is a random number ranged from 0 to 1.

Without loss of generality, the PSO and ABC algorithms are also used to search for
optimal parameters in a similar manner as the FA.
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Figure 4: Flowchart of the FA used for optimizing the process parameters.

4. Results and Discussion
4.1 Training Mechanism of Uused ML methods

In experiments, the training parameters and strategy of the simplified VGG model
are listed in Table 2, where each entry is optimal for the model. An initial learning rate of
0.001 and 250 training epochs were chosen in order to achieve adequate convergence. The
Adam algorithm [25] was used as the optimizer, and the mean square error as the loss
function. A batch size of 50 was selected, and the average training time was 232.47 s.

Table 2. Parameters Assigned in the Simplified VGG Model

Method Batch | Training | Trainable | Initial Loss Optimizer | Average
Size Epochs Variables | Learning | Function Training
Rate Time (s)

Simplified
VGG Model 50 250 360,661 0.001 MSE Adam 232.47

In order to evaluate the performance of a trained simplified VGG model, we computed
the mean absolute error (MAE) (see Eq. (26)) of the predicted and actual product
attributes. The MAEs of V;, Y,, and Y; are shown in Table 3, which reveals that the

simplified VGG is the best, i.e., it is capable of producing strong correlations between
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the process parameters and the product attributes.

1 .
MAE; = -RE2Vu — (X)) i=123 (28)

where Y;; isi-th product attributes of I-th test sample.

Table 3. Mean Absolute Errors of the Five Surrogate Model Building Methods.

Support Simplified
Linear Random Multilayer

Vector VGG
Regression | Forests Perception

Regression Network

Yield Stress,
Y;.

5.052+0.09 | 3.890+0.11 | 4.057+0.09 4.156+0.09 3.781+0.08

Tensile
4.094+0.10 | 3.647+0.09 | 3.761+0.10 3.798+0.10 3.621+0.08
Stress, Y,

Plastic  Strain

Ratio, Y3

1.032+0.02 | 0.954+0.02 | 0.993+0.02 0.948+0.02 0.946+0.02

(meanzstandard derivation)

4.2 Experimental Results of the Process Parameter Optimizations

The FA was applied in order to search for the optimal adjustable process parameters of
each of the test 299 samples, with the parameter settings of the algorithm given in Table
4. The FA is an iterative method, and a preassigned end condition is therefore needed. In
this paper, we set the maximum number of iterations to 50 and the number of initial firefly
solutions to 10. The average time spent searching for the optimal process parameters of
each test sample was about 0.62 s. Additional details concerning the FA are shown in Fig.
4.

Table 4: Parameter Settings of the FA.

Parameter Value

Attractiveness, [3o 1.0

Light Absorption Coefficient, y 1.0

Number of Initial Firefly Solutions 10

MCL 50

o 0.1
Table 5. Success Rates of Different Combinations When Evaluating the 299 TestSsamples
RF+PSO | RF+ABC | RF+Firefly | SVGG+PSO | SVGG+ABC | SVGG+Firefly

96.89% 97.99% 98.99% 97.32% 97.99% 100%

In our experiments, the 299 test samples were used to evaluate the performance of each
method when searching for the optimal process parameters. The basis of evaluation is the
success rate: how often the final product attributes fall in their reasonable quality ranges.
Our experiments used the following combinations of methods: RF+PSO, RF+ABC,
RF+Firefly, SVGG+PSO, SVGG+ABC, and SVGG+Firefly, the results of which are shown
in Table 5. There we see that all the resulting test sample product attributes met their
product quality requirements when the SVGG+Firefly combination was used, with its suc-
cess rate of 100% clearly outperforming the other combinations.
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4. Conclusions

The optimization of process parameters is an important problem in steelmaking. In
general, surrogate models can be applied to simulate the manufacturing process, although
there are many different methods available to build such models. In this paper, we pro-
pose a simplified VGG model for this purpose and then compare it with other machine-
learning methods. Within the model, different algorithms (PSO, ABC, and FA) were ap-
plied to obtain the optimal process parameters. In our experiments, we evaluated different
combinations of trained surrogate models and searching methods. Our proposed the sim-
plified VGG model was demonstrated to be the best method compared with the linear
regression, random forests, support vector regression and multi-layer perceptron. The
firefly algorithm is an effective search mechanism to optimize the process optimization in
the simplified VGG surrogate model. It achieved a success rate of 100% in the 299 test
samples, and these perfect results revealed that it has the potential to be effectively ap-
plied in different areas of process parameters optimization of product manufacture. Fur-
thermore, it will be also an interesting thing how to develop the more complex and effec-
tive CNN model to build the surrogate model for other applications of process parameter
optimization.

Supplementary Materials: The following are available online at www.mdpi.com/xxx/s1, Figure S1:
title, Table S1: title, Video S1.: title.

Author Contributions: For research articles with several authors, a short paragraph specifying their
individual contributions must be provided. The following statements should be used “Conceptual-
ization: M.-H. H., Y.-N. S, and Y.-C. L.; methodology: M.-H. H.; software: Y.-C. L., M.-H. H., Y.-H. T., and
Y.-C. H.; validation: Y.-N. S.; formal analysis: Y.-N. S. and J.-H. H.; investigation: Y.-N. S.; resources: Y.-
Y. Y; data curation: Y.-T. C.; writing—original draft preparation: M.-H. H.; writing—review and editing: Y .-
N. S.; visualization: M.-H. H.; supervision: Y.-N. S. All authors have read and agreed to the published version
of the manuscript. All authors have read and agreed to the published version of the manuscript.”
Please turn to the CRediT taxonomy for the term explanation. Authorship must be limited to those
who have contributed substantially to the work reported.

Funding: The authors thank the Ministry of Science and Technology, ROC (Project numbers MOST
109-2634-F-006-012 and MOST-108-2622-8-006-014) for their support of this work.

Data Availability Statement: The data presented in this study are available on request from the
corresponding author.

Acknowledgments: In this section, you can acknowledge any support given which is not covered
by the author contribution or funding sections. This may include administrative and technical sup-
port, or donations in kind (e.g., materials used for experiments).

Conflicts of Interest: The authors declare no conflicts of interest.

References

1.

Eric, M., Stefanovic, M., Djordjevic, A., Stefanovic, N., Misic, M., Abadic, N., & Popovi¢, P. (2016). Production process
parameter optimization with a new model based on a genetic algorithm and ABC classification method. Advances in Me-
chanical Engineering, 8(8), 1-18.

Patil, V. D. & Sali, S. P. (2017). Process parameter optimization for computer numerical control turning on En36 alloy steel.
2017 International Conference on Nascent Technologies in Engineering (ICNTE), 1-5.

Hoole, J., Sartor, P, Booker, E.J., Cooper, J.E., Gogouvitis X., & Schmidt, R.K. (2020). Comparison of Surrogate Modeling
Methods for Finite Element Analysis of Landing Gear Loads. Session: Surrogate Modeling for Uncertainty Quantification.
ATAA 2020-0681.

Salah, U.H. & Raman, P. S. (2017). Taguchi-based design of experiments in training POD-RBF surrogate model for inverse
material modelling using nanoindentation. Inverse Problems in Science and Engineering, 5(3), 363-381.

Pfrommer, J., Zimmerling, C., Liu, J., Karger, L., Henning, F., & Beyerer, J. (2018). Optimisation of manufacturing process
parameters using deep neural networks as surrogate models. Procedia CiRP, 72, 426-431.

Zhao, P., Zhou, H., Li, Y., & Li, D. (2010). Process parameters optimization of injection molding using a fast strip analysis
as a surrogate model. The International Journal of Advanced Manufacturing Technology, 49, 949-959.

Forrester, A. I. & Keane, A.]. (2009). Recent advances in surrogate-based optimization. Progress in aerospace sciences, 45,
50-79.

Han, Z. H. & Zhang, K. S. (2012). Surrogate-based optimization. Real-world applications of genetic algorithms, 343-362.


https://doi.org/10.20944/preprints202105.0312.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 13 May 2021 doi:10.20944/preprints202105.0312.v1

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.
26.

27.

28.
29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

Koziel, S., Ciaurri, D. E., & Leifsson, L. (2011). Surrogate-based methods. In Computational optimization, methods and
algorithms (pp. 33-59). Springer, Berlin/Heidelberg.

Simpson, T. W., Poplinski, J. D., Koch, P. N., & Allen, J. K. (2001). Metamodels for computer-based engineering design:
survey and recommendations. Engineering with computers, 17(2), 129-150.

Cook, D. F., Ragsdale, C. T., & Major, R. L. (2000). Combining a neural network with a genetic algorithm for process pa-
rameter optimization. Engineering applications of artificial intelligence, 13(4), 391-396.

Thombansen, U., Schuttler, J., Auerbach, T., Beckers, M., Buchholz, G., Eppelt, U., & Molitor, T. (2011). Model-based self-
optimization for manufacturing systems. In 2011 17th International Conference on Concurrent Enterprising (pp. 1-9). IEEE.
Kiranyaz, S., Avci, O., Abdeljaber, O., Ince, T., Gabbouj, M., & Inman, D. J. (2019). 1D convolutional neural networks and
applications: A survey. arXiv preprint:1905.03554.

Simonyan, K. & Zisserman, A. (2014). Very deep convolutional networks for large-scale image recognition. arXiv pre-
print:1409.1556.

Lukasik, S. & Zak, S. (2009). Firefly algorithm for continuous constrained optimization tasks. In International conference
on computational collective intelligence (pp. 97-106). Springer, Berlin/Heidelberg.

Yang, X. S. (2009). Firefly algorithms for multimodal optimization. In International symposium on stochastic algorithms
(pp. 169-178). Springer, Berlin/Heidelberg.

Yang, X. S. (2010). Nature-inspired metaheuristic algorithms. Luniver press.

Breiman, Leo. (2001). "Random Forests". Machine Learning 45 (1), 5-32

Yan, C, Yin, Z., Shen, X., Mi, D., Guo, F., & Long D. (2020). Surrogate-based optimization with improved support vector
regression for non-circular vent hole on aero-engine turbine disk. Aerospace Science and Technology, 96, 105332.

Nauyen, T. H., Nang D., & Paustian K., (2019). Surrogate-based multi-objective optimization of management options for
agricultural landscapes using artificial neural networks, Ecological Modeling, 4, 1-13.

Xue, J., Xiang, Z., & Ou, G. (2021). Predicting single freestanding transmission tower time history response during complex
wind input through a convolutional neural network based surrogate model. Engineering Structures, 233, 111859.

Jia, X. J,, Liang, L., Yang, Z. L., & Yu, M. Y. (2021) Muti-parameters optimization for electromagnetic acoustic transduces
using surrogated-assisted particle swarm optimizer. Mechanical Systems and Signal Processing 152 107337.

Sun, S., Sun, W,, Liang, X., He, M., & Chen H. (2020). A modified surrogate-assisted multi-swarm artificial bee colony for
complex numerical optimization. Microprocessors and Microsystems, 78, 103050.

Ewees, A. A, Al-qaness, M. A. A, & Abd Elaziz, M. (2021). Enhanced salp swarm algorithm based on firefly algorithm for
unrelated parallel machine scheduling with set times. Applied Mathematical Modelling, 94, 285-305.

Kingma, D. P., & Ba, J. (2014). Adam: A method for stochastic optimization. arXiv preprint:1412.6980.

Zhang, M., Long, D., Qin, T., & Yang, J. (2020). A Chaotic Hybrid Butterfly Optimization Algorithm with Particle Swarm
Optimization for High-Dimensional Optimization Problems. Symmetry, 12(11), 1800.

Chao, C.-F.,, Horng, M.-H., & Chen, Y.-C. (2015) Motion Estimation Using the Firefly Algorithm in Ultrasonic Image Se-
quence of Soft Tissue. Computational and Mathematical Methods in Medicine, 343217.

Liu, W., Huang, Y., Ye, Z,, Cai, W,, Yang, S., Cheng, X., & Frank, 1. (2020). Appl. Sci. 10, 3225.

Horng, M. H. (2011). Multilevel thresholding selection based on the artificial bee colony algorithm for image segmentation.
Expert Systems with Applications, 38, 13785-13791.

Kaminski, M. (2019). Neural Network Training Using Particle Swarm Optimization — a Case Study. 24th International Con-
ference on Methods and Models in Automation and Robotics (MMAR).

Lovri¢, M., Meister, R., Steck, T., Fadljevi¢, L., Gerdenitsch, J., Schuster, S., Schiefermiiller, L., Lindstaedt, S., & Kern, R.
(2020). Parasitic resistance as a predictor of faulty anodes in electro galvanizing: a comparison of machine learning, physical
and hybrid models. Advanced Modeling and Simulation in Engineering Sciences ( 7), Article number: 46.

Cemernek, D., Cemernek, S., Gursch, H., Pandeshwar, A., Leitner, T., Berger, M., Klosch, G., & Roman Kern, R. (2021).
Machine learning in continuous casting of steel: a state-of-the-art survey. Journal of Intelligent Manufacturing, 193.

Guo, S., Yu, ], Liu, X, Wang, C., & Jianga, Q. (2019). A predicting model for properties of steel using the industrial big data
based on machine learning, Computational Materials Science, (160), 95-104.

Lalbkhsh, A., & Esselle, K.P. (2016). Directivity Improvement of a Fabry-Perot Cavity Antenna by enhancing Near Field
Characteristic, 17th International Symposium on Antenna Technology and Applied Electromagnetics, ANTEM 2016.
Lalbakhsh; A., Afzal, M.U., & Esselle, K. (2016). Simulation-driven particle swarm optimization of spatial phase shifters,
2016 International Conference on Electromagnetics in Advanced Applications (ICEAA)

Lalbakhsh A., Afzal, M.U., & Esselle., K. P., (2016) Multi-objective Particle Swarm Optimization to Design a Time-Delay
Equalizer Metasurface for an Electromagnetic Band-Gap Resonator Antenna, IEEE Antennas and Wireless Propagation
Letters, (16), 912 - 915.

Jamshidi, M. B., Lalbakhsh, A., Alibeigi, N., Soheyli, M. R, Oryani, B., & Rabbani N. (2018), Socialization of Industrial
Robots: An Innovative Solution to improve Productivity, 2018 IEEE 9th Annual Information Technology, Electronics and
Mobile Communication Conference (IEMCON).

Jamshidi M. B., Alibeigi, N., Rabbani, N., Oryani, B., & Lalbakhsh. A. (2018). Artificial Neural Networks: A Powerful Tool
for Cognitive Science, 2018 IEEE 9th Annual Information Technology, Electronics and Mobile Communication Conference.
Jamshidi, M. B., Lalbakhsh, A., Talla, J.,.., et, al. (2021), Deep Learning Techniques and COVID-19 Drug Discovery: Funda-
mentals, State-of-the-Art and Future Directions, Emerging Technologies During the Era of COVID-19 Pandemic, 9-31.


https://doi.org/10.20944/preprints202105.0312.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 13 May 2021 d0i:10.20944/preprints202105.0312.v1

40. Lalbakhsh, P., Zaeri, B., & Lalbakhsh, A. (2013) An Improved Model of Ant Colony Optimization Using a Novel Pheromone
Update Strategy. IEICE TRANSACTIONS on Information and Systems, 96(11),2309-2318

Table 1: Example data from the original training samples. The X and Y is the sets of process parameters and product quality attrib-
utes. The X contains the parameters of temperature, steeling time, iron composition and so on. The product attribute Y  includes
three quality attributes, i.e., yield stress, tensile stress, and plastic strain ratio.
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