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Abstract: Product quality is an important part of enterprise competitiveness. Product processing is
the key process of quality formation. In smart factories, the improvement of data acquisition and
processing capability provides a basis for data-based quality control. In order to reduce the occurrence
of product quality problems, we abstracted the product processing process as a data processing unit,
abstracted the process of changing the product quality state as a process of the processing quality
characteristics data, divided the measured value of quality characteristics into three states according
to the fluctuation of the measured value of product quality characteristics, and then the classification
model of process equipment parameters was established. The experimental results show that the error
rate of the real-time dynamic prediction of quality characteristics based on equipment parameters
was acceptable, and its prediction could be used as a reference in real production. The research could
be applied in product quality prediction, production process simulation, digital twin and other fields.

Keywords: smart factory; data-based quality control; equipment parameters; fluctuation of quality
characteristics; dynamic prediction; product processing

1. Introduction

Quality is the key factor of enterprise competitiveness [1]. In the existing quality con-
trol methods, more attention is paid to the handling of quality questions. By summarizing
the mechanism of quality problems, quality problems can be avoided in the subsequent
production process. This wastes a lot of time and money in the production process, such as
reworking, maintenance, scrap, etc. Product processing is the key stage of product quality
formation. Real-time quality prediction of product processing can effectively reduce the
probability of product quality problems occurring.

In a smart factory, the ability and role of manufacturing resources (man, machine,
material, method, environment) in product processing are different from those in the tradi-
tional environment. In particular, the processing equipment realizes real-time acquisition
and analysis of its state and no longer needs to rely solely on receiving operation instruc-
tions from “man” to change the quality state of products. Therefore, the requirements for
equipment management ability in the process of product processing have been improved.
In the process of product processing, the equipment realizes the intervention of quality
characteristics through the change of its parameters. Monitoring and controlling the param-
eters of the equipment processing process is an important means to reduce the probability
of product quality problems and improve the qualification rate.

At present, the main purpose of equipment management research is predictive
maintenance [2-4] and fault diagnosis [5-7]. Predictive maintenance of equipment refers
to collecting operation data and environmental data during equipment operation, and
predicting the service life and damage of important equipment parts by using big data
and machine learning methods, to avoid excessive maintenance of equipment, reduce
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equipment failure rate and reduce product manufacturing cost, e.g., YL Chen [2] studied
the equipment condition probability distribution and established the equipment residual
life model by using the Bayes rule and the hidden Markov model. Based on the above
research background, we obtain the optimum maintenance decision criteria by analyzing
the equipment maintenance strategy based on equipment reliability and equipment residual
life through indirect monitoring. The main way of conducting an equipment fault diagnosis
is to establish the mechanism of equipment fault and study the correlation between various
fault causes, fault characterization and fault signals in order to quickly diagnose the
equipment fault when it occurs, e.g., Zhang Zhao [5] points out that the fault diagnosis of
equipment can be carried out through the original input and output signals of the system.
The diagnosis performance of an early fault with a specific structure can be improved by
analyzing the designed auxiliary signal.

Based on the principle of equipment failure, the existing research improves the uti-
lization rate of the equipment, realizes the predictive management of the equipment and
avoids the influence of the bad state of equipment on product quality. At the same time, the
existing research also provides research ideas for the analysis of equipment operation data.

In smart factories, the improvement of data collection and analysis methods pro-
vides a data basis for quality prediction [8-10]. The historical data generated in product
manufacturing processes have been used to build models of the relationship between
manufacturing process data and product quality [11,12]. The advantages of product quality
diagnosis and prediction models have been demonstrated for the applications of various
industrial processes. At present, the prediction of quality is mainly based on the Statistical
Process Control (SPC) [13-15] or artificial intelligence algorithms [16-19]. In the context
of the rapid development of machine learning, the use of learning algorithms to predict
quality has produced many research results [20-22]. These artificial intelligence methods
include the artificial neural network [23-25], support vector machine (SVM) [26], fuzzy
logic [27], etc. Some studies [1] have proposed that the real-time data of current production
time will be further converted into historical data with production. Quality process con-
trol knowledge would be obtained from massive historical data through big data mining
analysis. Zhao et al. [9] proposed a residual prediction method for quality improvement
and demonstrated the practical usefulness of the proposed method through a case study
about the coating process of purifier carrier. Cao et al. [11] presented a hybrid improved
back propagation neural network/differential evolution (IBPNN/DE) approach to conduct
the continuous optimization decision making of process parameters in high-speed gear
hobbing. Limited by the effectiveness of the algorithms, manufacturing process quality
control research has focused on prediction, prevention or after-the-fact compensation [28].

However, these studies do not address changes in product quality during product
processing (i.e., processes in which real-world equipment specifically changes the measured
values of quality characteristics) and have not yet realized the real-time prediction of
product quality status based on during the processing.

Quality characteristic fluctuation [29,30] refers to the phenomenon that the same
quality characteristic value of different products processed by the same batch of manu-
facturing resources was uneven. In the smart factory, the operation quality of equipment
has a direct impact on product quality characteristics [31], and the fluctuation of equip-
ment operation status is an important reason for the fluctuation of quality characteristic
value [32]. Wang Ce [32] pointed out in the research that there was a strong correlation
between the statistical value of equipment operation parameters and the state of prod-
uct quality characteristics. Monitoring equipment operation was an important means to
meet the quality requirements of the product production process and improve the product
qualification rate [33].

Based on the existing research and the theory of quality characteristic fluctuation [30],
to realize the real-time prediction of product quality status during product processing, the
paper studies the relationship between the fluctuation of quality characteristics and the
fluctuation of equipment operating parameters during product processing, SVM was used
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to convert the prediction of product quality characteristics into the classification process of
equipment parameter data, and the real-time prediction of product quality in the process
of product processing was realized.

2. Related Theory
2.1. Correlation Study of Quality Characteristic Data and Equipment Data

Product processing is a process by which manufacturing resources change a certain
quality characteristic of a product in some way. It is the key stage in the formation of product
quality characteristics. In smart plants, product processing equipment is automated and
intelligent. Processing equipment exerts a combined effect on product quality characteristics
based on changes in their parameters. These processing equipment property parameters are
interrelated and influence each other and determine the quality of the product’s processing
process [34]. Taking the machining process as an example, these parameters include
equipment type, material, life, switch status, etc. In this paper, the parameters of the
processing equipment that change the product quality characteristics were called equipment
process parameters, and the data that abstractly express the equipment process parameters
are called equipment process data.

In the smart factory, the development of data collection technology and the inter-
connection of equipment have improved the efficiency and types of data collection [8,35].
To facilitate the application of equipment process parameters, this paper divides them
into static process data, direct dynamic process data and indirect dynamic process data
according to the influence of the equipment process parameters on the quality character-
istics of the product to be processed. Among them, static equipment process data refers
to equipment process data types that generally do not change during product processing,
such as operator name, equipment power-on status, etc. The direct dynamic process data
refers to the equipment process data that change dynamically during product processing,
and the numerical change directly reflects the product quality characteristics, such as alarm
information, tool coordinates, etc. Indirect dynamic process data refers to equipment
process data that change dynamically during the processing process, and its changes do
not directly reflect the state of product quality characteristics. Table 1 presents an example
equipment process data classification result.

Table 1. Classification results of equipment process data.

Type of Equipment Process Data Equipment Process Parameters

static process data

Operator’s technical level, name, gender, age, etc.; equipment type, power-on status,
tool number, life, workpiece count, etc.

direct dynamic process data tool coordinate location, fault, etc.

indirect dynamic process data spindle power, spindle current, spindle speed, feed rate, etc.

Fluctuations in equipment process data have a serious impact on the formation of
product quality characteristic fluctuations. Among these three kinds of data, the uncertainty
of the direct and indirect dynamic equipment process data was the source of the fluctuation
of the equipment process data in the related product processing. Then, the impact of direct
dynamic equipment process data on product quality status was more obvious, and the
product quality status can be judged by the difference in numbers or status between actual
data and planning data. The unobservability of the influence of indirect dynamic equipment
process data on the fluctuation of product quality characteristics makes it impossible to
judge product quality through its changes, and its dynamic fluctuation was a key factor in
the formation of product quality state data fluctuations. Product processing quality can be
predicted in real-time through the analysis of indirect dynamic equipment process data.
Therefore, the indirect dynamic equipment process data was the focus of this paper. For
the convenience of expression, the equipment process data mentioned in the remainder of
the paper refers to the indirect dynamic equipment process data.
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Based on the collection of equipment process data, the paper abstracts the process as a
data processing unit, as shown in Figure 1.

Xig X

»| Data Processing Uniti |
M DATA Data processing and conversion

Figure 1. The data processing unit.

In the data processing unit, M_DATA was the resource process data received by the
data processing unit; x;_1 was the product quality status data before being processed by
the data processing unit; x; was the output product quality status data processed by the
data processing unit.

From the perspective of task execution, process i was the process in which a quality
characteristic of a product was changed from state x;_; to x; by a series of processing methods.

From the perspective of quality characteristics, the current quality characteristic x; was
the result of the current process equipment treating the quality characteristic x; 1 in the
current environment.

From the perspective of quality data, the process of changing the quality characteristic
was the process that converts input data into output data through its processing mechanism.
The quality characteristic x; was the result of processing the quality characteristic x;_; by
the data processing unit i based on the incoming parameters.

If the input and output of quality characteristic processing activities of the processing
process were abstracted into equipment process data, the processing activity of the qual-
ity characteristic in the processing process was essentially a process of data acquisition,
transmission and processing to get the result.

As the machining process continued, the manufacturing data were collected one by
one according to a fixed frequency. Set the parameter type of the collected equipment
process data as k. Equipment process data collected at each time were expressed in the
form of an array, as shown in Formula (1):

M_data = (mq, my, ..., my) 1)

In Formula (1), M_data was an array formed by the equipment process data collected
at a certain time, m; was the ith parameter of M_data.

Over time, more and more equipment process data were acquired in the process. As
the process continued, more and more equipment process data were collected, and the
matrix of equipment process data was formed, as shown in Formula (2).

myp mpr ... mjl
mip Moy ... Tl’ljz
mip Moz ... m]'3
M_data = . 2)
mip, Mpy ... mjo

Equipment process data was a key factor in the formation of the quality characteristic
fluctuation of the product to be processed. The paper divides the fluctuation of a quality
characteristic PQC;, into three types: low-level fluctuation, medium-level fluctuation and
high-level fluctuation according to its degree of fluctuation.
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After a certain processing process, the fluctuation degree of the quality characteristic
PQC; belongs to a certain type, and the probability was P(PQC;_var), then P(PQCy_var)
was related to the equipment process data in terms of data and principal, as shown
in Formula (3). Set the last time of processing quality data acquisition in processing i
was n. If there was a random moment o in the acquisition process, then Formula (3)
was obtained.

PPQCy var; ~ f(M_ data) (3)
mi; mp; ... Mj
min me N (%)
me mp3 ... M3
P(PQCk_vari) ~ f : 4
Meg  Meo ... Myy
Mypy Mzy ... My

The above formula expresses the mapping relationship between quality status data
and processing equipment data, measuring equipment data and environment data in
processing process quality data processing unit i. Based on this mapping relationship, the
possibility of qualified quality characteristics after this processing process can be judged
through the analysis of processing process parameters.

2.2. Feature Selection of Prediction Process Parameters

In the process of product processing, equipment process data have a decisive impact on
the final measured value of product quality characteristics. However, due to the existence of
deviation and disturbance, the measured value of product quality characteristics and quality
resource characteristic parameters fluctuate, which leads to the fact that the measured
value of product quality characteristics does not completely correspond to the equipment
operating parameters. Under the same processing environment of equipment parameters,
the measured values of the same quality characteristic of multiple parts were not exactly
the same.

Further, in the actual processing process of products, due to the noise of the on-site
environment, different working habits of operators and different equipment working
conditions, the amount of equipment quality data was also different for the processing time
of the same quality characteristics of different parts of the same product. This brings great
difficulties to the analysis of the correlation between equipment process data and quality
characteristic measurements.

Therefore, in the process of correlation analysis between equipment process data and
quality characteristic fluctuation data, it was necessary to preprocess the equipment process
data and use its statistical characteristics for analysis. In the process of quality data analysis,
its statistical characteristics mainly include concentration trend, dispersion degree and
distribution form, as shown in Figure 2.

In the process of quality data preprocessing, to achieve a unified and standardized
description of different processing processes with the same quality habit, the paper selects
three indicators: numerical average (x), standard deviation (o) and skewness (Sk) to express
the quality data [32], and records the same kind of quality data formed by the processing
process of quality resources on quality characteristics as {x, o, Sk}.

Based on the previous analysis of the paper, the degree of fluctuation of the measured
value of product quality characteristics was strongly related to the equipment process data
of the processing process, as shown in Formula (5).

P(PQCy var) ~ f(M data) (5)
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Mode
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Figure 2. Statistical characteristics of the quality data.

Formula (6) was obtained by replacing the equipment process data with its statistical
characteristics, taking the spindle speed and feed rate of the machine tool as an example.

P(PQCkW) Nf(Sk{Y,O', Sk},Pk{f,O', Sk},) (6)

where Sy and F, respectively, represent the spindle speed and feed speed of the machine
tool when processing the kth product.

In the process of processing, the transitivity of product quality leads to the transitivity
of this relationship. There was also a correlation between the statistics of equipment process
data at any time in the processing process and the measured value of product quality
characteristics. We set ko as a random moment during the processing of the kth product,
then Formula (7) was obtained.

P(PQCrovar) ~ f(Sko{T, o, Sk}, Fo{%, 0, Sk}, ...) )

3. Methods
3.1. Quality Data Collection

The processing process of the quality characteristic with a diameter of 10 mm in a part
was selected as an example to introduce the method described in this paper.

Some studies [32,36] have pointed out that the equipment process data obtained
from the processing equipment, including spindle power (P), spindle current (I), spindle
speed (S) and feed speed (F), were related to the changes of product quality characteristics
in the processing process. These data were used in the research. The study used these data
and collected them at a frequency of 10 Hz. The data form is shown in Table 2.
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Table 2. Equipment parameters collected during product processing.

Measurement of the

. . P I S F
Part Quality Characteristic KW) (A) (t/min) (mm/min)
(mm)

7.34 19.21 2030.00 1015.00
7.25 18.86 2013.00 1006.00
7.25 19.07 1991.00 995.00

partl 10.00 7.32 19.25 2053.00 1026.00
7.3 19.32 2070.00 1035.00
7.29 19.19 2029.00 1014.00
7.17 19.07 2012.00 1006.00
7.29 19.07 2053.00 1006.00

part2 10.10 7.29 19.07 2012.00 1035.00

Part ...

3.2. Data Processing

With the process of product processing, to ensure the training speed and prediction
accuracy of the product quality control model, the paper preprocesses the equipment param-
eters and quality characteristics, calculates the numerical average (X), standard deviation (¢)
and skewness (5k) of various data, and combines the quality characteristics measurement
values associated with them. The statistical characteristic value of the equipment process
data was expressed in the form of “type + statistical method”. For example, Pxy represents
the numerical average of the spindle power in the equipment process parameters generated
when machining the kth part. The process is shown in Figure 3.

- | emee—————
|

I "
0 Po1 Psk: Sx: Foi - fluctuation:| Po1 Pskt Sx1 Foi
0 Po2 Psk: Sz For - fluctuationz|Po2 Pskz Sxz2 Foi «
1 Pos Psks Sxs Fo: « Classify fluctuations\Pos Psks Sxs Fo: «
1 S —
1| Po: Psks Sxs Fos « fluctuations\Pos Pskz Sxs Fos «
0 Pos Psks SXs Fo « ﬂuctum‘imz‘,:Pas Psks Sxs Fou «
| . |

——d

Calculate the
fluctuation of

Converter quality
value: characteristics
Snfn i pn
521f21 121 pa1 e L I B hl
S31f31 131 ps1 e :
S41 firis par ‘ valuei| Po1 Pski S¥: For «
Sslfsl is1 ps1 ] Conversion to 'UHILIEJ:PUZ Psk: Sx2 Foi -
| statistical | — values|Pos Psks 5%s Foo L
$52 foisa ps2 . o valuest Pos Psks SX4 Fos -
—{ characteristics values Pas Psks 5% Fou .
L] |
S54 [54154 p54 ____JI
P —
S55f55 i55 p55

Figure 3. Acquisition and processing of sample data.

3.2.1. Data Processing of Equipment Parameters

Extract the equipment parameter information collected in the process of product pro-
cessing, preprocess it and calculate the statistical characteristics of equipment parameters.
The quality data obtained are shown in Table 3.
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Table 3. Statistical characteristics of processing equipment parameters.
Measurement of

the - - - -

Quality Px Po Psk Ix Io Isk Sx So Ssk Fx Fo Fsk

Characteristic

10.00 7.30 0.01 —-040 19.21 0.03 —0.40 2030.10 511 —0.07 1015.05 2.55 —0.07
10.10 7.25 0.01 -0.32  19.07 0.02 —0.32 2013.55 492 —0.35 1006.77 2.46 —0.35
10.20 7.17 0.03 —-034 18.86 0.08 —0.34 1991.82 6.26 —0.48 995.91 3.13 —0.48
9.90 7.32 0.02 —046  19.25 0.05 —0.46 2053.73 6.51 1.09 1026.86 3.26 1.09
9.70 7.34 0.02 0.15 19.32 0.05 0.15 2070.27 13.06 0.04 1035.14 6.53 0.04
10.20 7.29 0.02 —-1.26  19.19 0.05 -1.26 2029.18 5.67 -0.07 1014.59 2.83 -0.07
10.00 7.25 0.01 —-022  19.07 0.02 -0.22 2012.90 4.70 —0.28 1006.45 2.35 —0.28

3.2.2. Processing the Measured Values of Product Quality Characteristics

After obtaining the statistical characteristics of the parameter values of the prod-
uct processing equipment, the measured values of the product quality characteristic
were processed.

Firstly, the normal distribution expression of quality data was fitted based on historical
empirical quality characteristic measurement data.

Secondly, according to the difference between the actual measured value and the
design value, the measured values of the product quality characteristic were divided into
three states: “state 0”7, “state 1” and “state —1”. Where measured values that differ from the
design value within 20 were set to state “0”; measured values that differ from the design
value between 20 and 30 were set to state “1”; and the remaining measured values were
set to state “—1".

The division method is shown in Table 4.

Table 4. Division method of the measured values of the product quality characteristic.

State of Measured Value The Division Method
1 state 0 measured values that differ from the design value within 2¢
2 state 1 measured values that differ from the design value between 20 and 3¢
3 state —1 measured values that differ by more than 20 from the design value
The division results are shown in Figure 4.
A
state —1|state 1|  state 0 state 0 state 1| state -1

>

9

=

9]

=}

o

9]

&

=

a,

=

<

»n

-30 30

20 0 o
Differ from the design value

Figure 4. Status distribution of measured values of the quality characteristic.
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3.2.3. Model Training Data Preparation

It was assumed that there were relevant quality data of N products in the historical
experience quality data. Take out the labeled quality characteristic measurement data to
form an n X 1 matrix as the output of model training, and the rest as the input of model
training. The input data and the output data were associated with a data processing unit ID.

3.3. Analysis of the Processing Process Quality Prediction Model

Based on the above analysis, it can be seen that the real-time prediction of product
quality state in the processing process was essentially a classification process. To realize the
construction of the real-time prediction model of the product processing process quality
state, based on the above data, the SVM algorithm was used to analyze the correlation
between equipment process data and product quality state fluctuation. SVMs were one of
the most powerful and robust classification and regression algorithms in multiple fields
of application [37]. SVM was first proposed in 1964. It was a supervised learning data
classification algorithm, which has a good classification effect on massive high-dimensional
data. Using the “SVM” function in the machine learning algorithm toolkit “sklearn”,
this paper takes SVM as the core algorithm of the classification prediction model to com-
plete the training of the real-time prediction model of the quality state of the product
processing process.

In the process of model training, the precision and recall of the prediction results were
used as the evaluation criteria of model training results. Among them, precision refers to
the proportion of data that belongs to a certain category among all predicted data; recall
rate refers to the proportion of all data belonging to a certain category that was predicted
to be this category.

The model was trained with historical experience data. In the historical empirical
data, there were 4792 data samples in “state 07, 221 data samples in “state 2” and 16 data
samples in “state 3”. The training results are shown in Table 5.

Table 5. Product quality characteristics predict model performance.

Quality Characteristic State Precision Recall Support
state 0 98% 83% 4792
state 1 28% 90% 221
state —1 23% 76% 16

In the training set, the recall rates predicted by various types of data were 0.83, 0.90
and 0.76, respectively. The precision of the model for data of type state 0 was 0.98, and
the accuracy for data of type “state 1” and “state—1"” was low, which were 0.28 and 0.23,
respectively. To deeply understand the prediction performance of the model, the prediction
results of the model were further explored. The distribution of the prediction results of
various types of training data is shown in Figure 5.

Through in-depth analysis of the training results, the main reason for the low accuracy
rate of the model for the state “1” and the state “2” type data was its low proportion. The
prediction error rates for state “1” and state “2” type data were 0.1 and 0.23, respectively.

In the application of the prediction model, the paper divides the error prediction
into two types: type I error and type II error. Among them, the type I error refers to the
positive sample data giving negative results, which will increase people’s involvement in
the processing process; the type II error refers to the negative sample data giving positive
prediction results, which will weaken the effect of the model to reduce the probability of
quality problems. The probability of type I and type II errors is shown in Table 6.
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Figure 5. The distribution of prediction results of various types.

Table 6. Probability of type I and type II errors.

Type Number of Mispredictions Probability
type I error 43 0.86%
type Il error 4 0.08%

Based on Table 6, the probability of identifying normal processing as exception pro-
cessing was acceptable, and it identified exceptions well. The prediction results of the
model can be used as a reference for its feedback information.

3.4. Model Application

In the process of product processing, the quality prediction model receives, processes
and classifies the equipment process data to complete the real-time prediction of product
quality characteristic fluctuation. With the progress of product processing, the paper
visualized the predicted results of the model in the form of flow, and the predicted results
flow of the fluctuation of quality characteristic was obtained, as shown in Figure 6.

state -1
30

state 1
20

state 0

P
o

- f
e

Differ from the design value

state 1

- '
state —1
¢
Time t0 1 12 3 t4 t5 t6 t7 t8 t9
@ good predictionresults (O close to warning @ warning results

Figure 6. The application of prediction model.
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Based on Figure 6, the processing capacity of an instantaneous equipment parameter
in the product processing process was called the instantaneous capacity of the processing
process in this paper.

The instantaneous capacity of processing process: the ability of each equipment process
parameter to affect the product quality characteristic without causing quality problems at a
certain time when the equipment processes the product.

In the predicted results flow, each predicted result was displayed as a prediction point.
With the progress of the processing process, the prediction points were constantly updated
based on the real-time equipment process data. When the position of the prediction point
was in the “state 0” area, the instantaneous capacity of processing process of this time was
strong. When the position of the prediction point was in the “state 1” area, the instantaneous
capacity of processing process of this time was medium; When the position of the prediction
point was in the “state —1” area, the instantaneous capacity of processing process of this
time was weak.

The instantaneous capability of processing process was a measure of whether the
production process can continue. In the process of product processing, the rationality of
equipment process parameters can be judged based on the instantaneous capability of
processing process. When the instantaneous capacity of processing process was “weak”:
firstly, the prediction calculation results should be fed back to the processing equipment
to stop the product processing process; secondly, obtain the real-time quality status of the
product through suitable measurement methods (on-machine measurement, coordinate
measuring, laser scanning, etc.); finally, based on the real-time quality status, a processing
program for continuing the process of processing the product was formed, and the product
continued to be processed.

Based on the real-time analysis of the instantaneous capacity of processing process,
the preventive quality management of the processing process was realized through the
above methods, which can reduce the probability of product quality problems and reduce
the processing cost of products.

As a basis for future research, the research results can be applied to the adjustment of pro-
cessing parameters in order to further reduce the probability of quality problems occurring.

4. Conclusions

This paper discusses the relationship between the dynamic changes in equipment
parameters and the fluctuation of product quality characteristics during product processing.
A prediction mechanism for product quality status during processing was constructed.
According to the difference between the actual measured value and the design value,
the measured values of the product quality characteristic were divided into three states:
“state 07, “state 1” and “state —1”. The SVM was used to classify the statistical values of
equipment parameters in product processing to realize the dynamic prediction of product
quality. The probability of identifying positive sample data as negative results and negative
sample data as positive results was 0.86% and 0.08%, respectively. It was acceptable in
practice. This prediction mechanism could be applied in quality management to promote
the real-time improvement of product quality. This study could provide suggestions
for equipment parameter adjustment during product processing. It could also play an
important role in the construction of smart factory or digital twin. The contribution of this
study lies in the following aspects.

Considering practicality, there are still some issues worth further discussion. For
example, in this study, only the dynamic data collected from the processing equipment
were used in the prediction of the quality characteristic state in the product processing
process. The role of dynamic data collected from the other manufacturing resources in
the formation of product quality characteristics was not studied. In future research, this
should be improved. Furthermore, as the product manufacturing process proceeds, more
and more empirical data were accumulated. While the prediction model of the product
quality characteristic state became more and more accurate, the prediction speed also
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decreases. In future research, how to balance the accuracy and speed of the results should
be a worthwhile study. Further research is needed.
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