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Abstract: Ceramic wool was prepared by the melt-spinning method, and the diameter was the main
factor severely affecting the performance of the final product which was difficult to check online. The
current study discusses the approximate simulation of the fiber formation and presents a fast precision
measuring method to predict the ceramic wool diameter using an improved Back-Propagation (BP)
neural network. Particle Swarm Optimizer (PSO) was employed to optimize the neural network
structure for its presentation of the relationship between the motor frequency of the spinning wheel
and the ceramic wool diameter. The superiority of this method was demonstrated by experiment
compared with the least square method (LSM). The mean measurement error of PSO-BP was 0.471%,
which was lower than that of LSM. The presented PSO-BP method was very valuable for predicting
the wool diameter, and the neural networks could solve nonlinear problems successfully, which was
certified by the actual prediction of ceramic wool diameter.
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1. Introduction

Energy was what was keeping our head above water and allowing us to continue
to grow. However, the over-consumption of energy and intensive exploitation of natu-
ral resources had raised the global concern [1–3]. Therefore, any effective power-saving
technology that assisted efforts to reduce energy consumption was an advisable trend to
be followed. In China, slag and mineral wool products had a glorious prospect as the
government and communities increasingly had their eye on the fire safety of high-rise
buildings [4,5]. Ceramic wool, a kind of classification of mineral wool, is an inorganic insu-
lation material and was primarily designed for advanced fire prevention applications [6,7].
Undoubtedly, ceramic wool felt with low moisture absorption, light weight, low thermal
conductivity, and non-combustible property was expected to provide a new solution in the
fields of industrial, automotive, aerospace, and medical engineering applications under
extreme environmental conditions [8–11]. The common production process of ceramic
wool mainly includes two steps: melting and fiber forming. In this method, an ideal
highly viscous fluid is formed in the blast furnace with the temperature range of 1823 K
to 1973 K and then falls on a spinning wheel with a rotating speed nearly 8000–1000 rpm.
Due to the centrifugal force, the fluid is dragged into filaments. The viscosity increases
rapidly, and the instability diminishes notably as the string increases in length. A higher
temperature blast furnace was invented to produce ceramic wool directly which not only
reduced energy consumption but also resulted in a better use of waste energy [12–14].
Clearly, the ceramic wool felt was prepared by a random distribution of ceramic wool.
With the gradual implementation of China’s 2025 plan, finer primary wool diameter which
dramatically affected the product performance was required for higher quality products
with non-combustible property and low thermal conductivity.

Many researchers have attached importance to the production process. Zhao et al.
developed a novel kinematic model for molten slag fiberization, especially on the diameter
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and length of slag fiber to predict slag fiber properties [15]. Under given process parameters
and relevant hypotheses, the prediction model was established which indicated that the
slag viscosity and the rotational speed of spinning wheel had a great effect on the fiber
dimensions systematically. Bajcar et al. presented a computer-aided visualization method
to study the distribution of mineral wool fiber and a numerical model was used to confirm
the relationship of the local aerodynamic characteristic of the airflow and mineral wool
thickness [16]. Gerogiorgis et al. focused on the molten slag fiber generation stochastic
modeling and studied the fiber flight trajectory differences under different operating
conditions [17]. The strong industrial potential of molten slag fiberization was proved.
Chelikani and Sparrow devoted all energies to the Coanda effect on the trajectory of fine
fibers in production which was discussed under different standoff distances by means
of numerical simulation [18]. Hocevar presented a regression model in the mineral wool
production processes which was provided for automated control [19]. Although fibers with
different physical characteristics could be empirically produced, the specific process of the
melt fiberization remained unclear.

The speed of the spinning rotating wheel which was difficult to indicate played a
decisive role in the fiber diameters. However, there was no precise theory to explain or
predict the mechanical process of the filament formation. Moreover, the ceramic wool
diameter could not be effectively obtained directly either which resulted in mismatch risks.
The motor frequency of the spinning wheel was always detected to show the rotating
speed in the real production. However, unfortunately, there were only a few reports about
the ceramic wool production process between the motor frequency of the spinning wheel
and the ceramic wool diameter. In this article, the approximate simulation of the fiber
formation is discussed. Furthermore, a novel method called improved BP neural networks
with training data is utilized to predict the relationship between the motor frequency and
the ceramic wool diameter. PSO is presented to optimize the neural network structure and
the measuring precision is calculated. Compared with the Least Square Method (LSM), the
superiority of this method is verified. The results reveal that the PSO-BP neural network
could accurately predict the wool diameter with less error.

2. Preparation of the Ceramic Wool

Raw materials such as bauxite and coal gangue for ceramic wool production were
smashed, mixed, and melt together. Then, the homogeneous mixed melted viscous fluid
fell on the roller surface. Then, it was sucked into the moving centrifuge disc due to its
own viscosity. On the disc surface, a layer of melt film formed gradually and the film was
dragged into filaments due to the centrifugal force. The viscosity increased rapidly, and the
instability diminished notably as the string increased in length, which allowed the wool
to grow. The actual forming process and schematic diagram of the ceramic wool on the
rotating wheel is shown in Figure 1.
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Rotating speed had a great influence on the ceramic wool diameter. However, it was
not mature to describe the process by numerical simulation while studying the practical
problems of centrifugal wool formation. As the complex fluid resulted from many influenc-
ing factors, the simulation results differ greatly from the actual results [20–22]. In addition,
in the real production process, high rotating speed resulted in grossly increased instabilities
under the high temperature environment. Moreover, the viscous fluid continued to flow
to another spinning disc accompanying the action of collision and centrifugation. In fact,
the fiber forming process mostly occurred in the main centrifuge disc. To facilitate the
discussion of the centrifugation wool formation mechanism, the fiberization process on the
main motor frequency was mainly studied and the secondary motor frequency was fixed
in this paper.

A similar simulation method was used to analyze the ceramic wool formation process.
Meanwhile, the following assumptions were made for the particle force analysis of liquid
melt in the centrifugal process:

(1) The temperature of the viscous fluid was constant when falling from the directing
channel onto the spinning machine;

(2) The viscosity of the viscous fluid was not changed in the fiber forming process;
(3) The viscous fluid possessed constant density for its incompressibility;
(4) The influence of severe temperature and complex physicochemical on the viscous

fluid properties was ignored;
(5) The ceramic wool fibers were thrown out along the tangent of the separation point of

the roll surface.

Figure 2 illustrates a simplified process of the ceramic wool fiberization. Firstly, the
fixed viscous fluid fell downward onto the spinning wheel as shown in the Figure 2a.
For an instant, the fluid turned into a thin melt film due to the centrifugal force. The
supposed droplets were formed on the wheel as the surface tension increased [23]. The
initial speed of the droplet was the same as the roller speed and the droplet velocity
direction tended to be parallel to the tangent direction of the roller surface which was
also the ideal direction of the droplet elongation. Then, the droplet was stretched into the
filament as shown in Figure 2b,c [24]. In a very short time, the elongation process ended
and the length of the filament was almost equal to the displacement distance of the droplet.
Based on the conservation of mass, the fiber diameter decreased as the length increased.
However, the length depended on the initial speed which was related to the main motor
frequency. It indicated that the main motor frequency indeed played a decisive role in the
fiber diameter [25].
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Figure 2. Planar diagram of the simplified fiberization process: (a) The moment of the fixed vis-
cous fluid falling downward onto the spinning wheel; (b) Droplet stretch stage; (c) Droplet final
filament stage.

3. Experimental Procedure

In this experimental part, the main raw materials with additives (mainly Al2O3 and
SiO2) were used to prepare the ceramic wool. To predict the relationship between the main
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motor frequency and the ceramic wool diameter, different samples were prepared with the
main motor frequencies ranging from 220.9 to 378.5 Hz which was in the certain frequency
range of the real produce process. The corresponding relationship between the frequency
and rotation speed of the main motor is 1 Hz for 30 rad/min, the wheel rotation speed
range is between 6627 rad/min and 11625 rad/min. The mixture could not be rolled into
wool when the main motor rotation speed was too low. However, at high frequency, the
mechanical vibrations were inevitable which affected the fiber quality.

The diameters were tested according to the standard procedure of GBT7690.5-2001
while the histogram and normal distribution curves were drawn according to the data
observed by VOM.100 points. Figures 3 and 4 show the SEM images of the ceramic fibers
with different diameters with the specified main motor frequency. The values of the
diameters varied from 1.058 µm to 4.538 µm, which verified that the ceramic fibers were
discrete. Hence, to obtain the mean ceramic wool diameter, Figure 5 illustrated the diameter
distribution of 100 ceramic fibers with the main motor frequency of 280.0 Hz. As shown
in the picture, 100 squares with different colors matched 100 values and the white square
represents the highest value. It indicated that the fiber diameters ranged from 1.950 to
5.210 µm in the same sample. The mean ceramic wool diameter was 3.524 µm. However,
the diameters of the ceramic fiber fluctuated greatly in the actual production. To improve
the results accuracy, five samples were collected at a constant frequency, and the final data
with ten different motor frequencies are shown in Table 1.
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Table 1. The Mean Fiber Diameter Date with Ten Different Main Motor Frequencies.

The Main Motor
Frequency/Hz

The Mean Diameter of Each Sample/µm The Mean Ceramic
Wool Diameter/µm1 2 3 4 5

220.9 4.154 4.158 4.135 4.152 4.156 4.151
235.2 4.023 4.025 3.994 4.031 4.024 4.019
256.8 3.851 3.859 3.812 3.867 3.869 3.852
267.1 3.731 3.719 3.687 3.721 3.716 3.715
280.0 3.524 3.519 3.489 3.513 3.511 3.511
309.4 3.347 3.345 3.337 3.342 3.343 3.343
321.6 3.309 3.313 3.267 3.305 3.310 3.301
334.4 3.252 3.245 3.226 3.243 3.245 3.242
360.8 3.158 3.156 3.148 3.152 3.15 3.153
378.5 3.176 3.181 3.160 3.172 3.174 3.173
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4. The Calibration of Measurement Model

In order to get higher precision measurement, the accuracy of the model calibration
should be examined. Firstly, the frequency of the secondary motor was fixed and that of
the main motor frequency was changed according to the pre-set value. The ceramic wool
samples were cut while the running of production process was stable and reliable. The fiber
diameters were measured in accordance with the standard procedure. Ten different main
motor frequencies were selected for testing experiments. Based on the testing results, the
relationship between the main motor frequency and the characteristic value of the mean
ceramic diameter was fitted by LSM and PSO-BP neutral networks, respectively, in the
following sections.

4.1. LSM Model

LSM is a mathematical optimization technique. It has been broadly used in the
engineering application to minimize the squared error and find the best matched functions
for the data. The anticipated data could be easily calculated by the LSM, and the sum of
squared errors between the actual data and the obtained data could be obtained. Based on
its simple characteristics, no statistical parameters were required [26].

For error calculation, the motor frequency was set to be x as the input layer and the
corresponding mean ceramic diameter was set to be yi as the output layer, a series of paired
data (x1, y1), (x2, y2) . . . (xm, ym) was obtained. These points were assumed to near a line,
the equation of this line could be set as

yi = a0 + a1x, (1)

where a0 and a1 were the required determined parameters, respectively.
To estimate the constants, the optimization criterion was defined as the minimum of

the sum of squares between the measured value Y and the calculated value Yj where

Yj = a0 + a1Xi, (2)

Suppose the optimization criterion was

Z = ∑
(
Yi − Yj

)2
= ∑(Yi − a0 − a1Xi)

2, (3)

In order to get the minimum value of Z, the partial derivatives for a0 and a1 of Z were
calculated and set to zero. The equations were

∑ 2(Yi − a0 − a1Xi) = 0, (4)

∑ 2(Yi − a0 − a1Xi)Xi = 0, (5)

The parameters a0 and a1 were:

a0 =
∑ Yi − a1 ∑ Xi

n
, (6)

a1 =
n ∑(XiYi)− ∑ Xi ∑ Yi

n ∑ X2
i − ∑ Xi ∑ Xi

, (7)

Based on the data in Table 1, we could figure out the parameters a0 and a1. The line
equation could be expressed as

yi = 5.50961 − 0.00662x, (8)

The measuring model obtained based on LSM is shown in Figure 5. The black spots
are the original measured data, and the red line is the fitted curve. The residual sum of
squares was 0.09154 and the adj. R-Square was 0.91421.



Appl. Sci. 2023, 13, 226 7 of 11

4.2. Improved BP Neural Network

BP neural network is a supervised learning algorithm which is trained by the error
back propagation algorithm. It is widely utilized due to its perfect theoretical system, clear
algorithm flow and powerful function of data recognition and simulation compared to
other evaluation methods [27–30]. BP neural network consisted of three layers including
input layer, hidden layer, and output layer as shown in Figure 6. In this model, a series
of motor frequencies formed the inputs and the corresponding outputs were the mean
ceramic diameter.
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The input of the hidden layer was as follows.

ui = ∑M
i=1

(
wijxj

)
+ θi, (9)

where ui was the input of the hidden layer, wij and θi were the connection weight and threshold
between input layer and hidden layer where i = 1, 2, . . . , q and j = 1, 2, . . . , M, respectively.

The output of the hidden layer was as follows.

yi = φ(ui), (10)

where yi was the output of the hidden layer and φ was the transfer function of the hidden layer.
The input of the output layer could be expressed as follows.

v = ∑q
i=1(ωiyi) + a, (11)

where v is the input of the output layer, ωi was the weight of the output layer to the
corresponding hidden layer, a was the threshold of the output layer.

Therefore, the output of the output layer was calculated as follows:

o = ϕ(v) = ϕ
{
∑q

i=1 ωiφ
[
∑M

i=1

(
wijxj

)
+ θi

]
+ a
}

, (12)

where o was the output of the output layer and ϕ was the transfer function of the output layer.
However, BP neural network also had its shortcomings as it sometimes fell into a local

anomaly. It could not be guaranteed to converge to a global minimum. In addition, the
BP algorithm took many training times, but the learning result was not satisfying. PSO
was one of the optimization techniques and modern heuristic algorithms. It was found
to be robust in solving nondifferentiability and nonlinearity problems which was applied
for solving complex problems within stable convergence property and shorter computing
time [31–33]. PSO first initialized a set of particles, and each particle represented a potential
optimal solution in the search space. Each particle was treated as a volumeless particle
with three indicators: location, velocity, and fitness value. Each particle kept track of its
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coordinates and adjusted the current position through calculating the fitness value between
the personal and group best. The value was dynamically adjusted according to its own
flying experience. The algorithm flow of PSO is shown in Figure 7.
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The data in Table 1 were used as the training sample and BP neural network based
on PSO algorithm was achieved. The maximum number of iterations and the number of
particles swarm was set to 800, the maximum training times of BP neural network was
200,000, the iterative weight and the accuracy were 0.035 and 0.004, respectively. The
calculated model based on PSO-BP neural network was indicated in Figure 8. Results of
comparison of Figures 5 and 8 indicate that the measuring model based on PSO-BP neural
network was obviously better than that of LSM.
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5. Practical Examination and Error Analysis

This paper finally selected another 6 samples for the actual testing and the measure-
ment results were compared with those of two above-mentioned models to prove the
accuracy of calculation model. The tested motor frequency ranged from 230 to 380 Hz
with an adjacent interval of 30 Hz and all of the data are shown in Table 2. The measuring
precision was calculated by the ratio of the difference between the measurement value and
actual value.
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Table 2. Results comparison between LSM and PSO-BP model.

Test Sample
Number

Actual Mean Fiber
Diameter/µm

LSM Measuring
Results/µm

LSM Measuring
Precision/%

PSO-BP
Measuring
Results/µm

PSO-BP
Measuring
Precision/%

220.9 4.154 4.158 4.135 4.152 4.156
235.2 4.023 4.025 3.994 4.031 4.024
256.8 3.851 3.859 3.812 3.867 3.869
267.1 3.731 3.719 3.687 3.721 3.716
280.0 3.524 3.519 3.489 3.513 3.511
309.4 3.347 3.345 3.337 3.342 3.343
321.6 3.309 3.313 3.267 3.305 3.310
334.4 3.252 3.245 3.226 3.243 3.245
360.8 3.158 3.156 3.148 3.152 3.15
378.5 3.176 3.181 3.160 3.172 3.174

The predicted mean fiber diameters were compared with the measured mean values
as indicated in Figure 9. Clearly; some error still existed between the measurement and
the actual values. In the LSM model; the ceramic wool diameters decreased monotonously
with the increasing main motor frequency. However; the vibration of the rotating disc
made the fiber forming environment much more complex at the higher motor frequency.
The actual results indicated that the diameter of the fiber hardly changed when the main
motor frequency increased from 350 Hz to 380 Hz. At this point; the measuring precision
of PSO-BP neural network was −0.045% while it was −5.760% for LSM. For the practical
examination; the mean measurement error of PSO-BP and LSM was 0.471% and 2.656%,
respectively. Its measuring accuracy was ideally situated for forecasting the ceramic wool
diameter date timely using main motor frequency.
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6. Conclusions

(1) The measurement of fiber mean diameter was a very important issue. Theory analysis,
simulation analysis, and experiment were used to form a better understanding of
the nonlinear problem between motor frequency and fiber mean diameter. The
approximate simulation of the fiber formation was discussed, and improved BP
neural network based on PSO algorithm was developed to predict the ceramic mean
diameter successfully.

(2) A great relationship between the main motor frequency and the ceramic mean di-
ameter was built which had been verified by practical examination. Compared to
the nonlinear compensation model based on LSM, the mean measurement error
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of PSO-BP was 0.471% which was lower than that of LSM. The presented PSO-BP
method was very valuable for predicting the wool diameter.

(3) The neural networks could solve nonlinear problems successfully which was certified
by the actual prediction of ceramic wool diameter. This shows a bright future in the
subsequent wool production.
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