
applied  
sciences

Article

Using Recognizable Fuzzy Analysis for Non-Destructive
Detection of Residual Stress in White Light Elements

Han-Jui Chang *, Zhong-Fa Mao, Zhi-Ming Su and Guang-Yi Zhang

����������
�������

Citation: Chang, H.-J.; Mao, Z.-F.;

Su, Z.-M.; Zhang, G.-Y.

Using Recognizable Fuzzy Analysis

for Non-Destructive Detection of

Residual Stress in White Light

Elements. Appl. Sci. 2021, 11, 1550.

https://doi.org/10.3390/

app11041550

Academic Editors:

Wen-Hsiang Hsieh,

Minvydas Ragulskis

and Jia-Shing Sheu

Received: 18 December 2020

Accepted: 1 February 2021

Published: 8 February 2021

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2021 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

Key Laboratory of Intelligent Manufacturing Technology, Shantou University, Ministry of Education 1,
Shantou 515063, China; zfmao@stu.edu.cn (Z.-F.M.); 19zmsu@stu.edu.cn (Z.-M.S.);
20gyzhang1@stu.edu.cn (G.-Y.Z.)
* Correspondence: changhj@stu.edu.cn

Featured Application: This paper uses a photoelastic stress compensation method for measure-
ment verification along with fuzzy theory to reorganize a set of processes that can be used to
evaluate the re-sidual stress of a product, whereby the use of corresponding theoretical formulas
can effec-tively quantify and measure the residual stress of the product.

Abstract: The phenomenon of residual stress in optical lens injection molding affects the quality of
optical devices, with the refractive errors that are caused by geometric errors being the most serious,
followed by the reduced accuracy and function of optical components; it is very important to ensure
that the lens geometry remains intact and that the refractive index is reduced. This paper uses a
photoelastic stress compensation method for measurement verification along with fuzzy theory to
reorganize a set of processes that can be used to evaluate the residual stress of a product, whereby
the use of corresponding theoretical formulas can effectively quantify and measure the residual
stress of the product. A mold flow simulation is used to analyze the molded optical components
and determine the feasibility of evaluating the quality of the lens. Through the measurement of the
refractive stress value of the optical components, the molding quality of the lens can be improved,
and its force distribution effects can be investigated. Geometric analysis and shear stress affect the
performance of optical components, and these errors may also cause irreparable problems during
secondary processing. Therefore, it is crucial to reduce the residual stress of optical components.
When the stress distribution is uniform and the internal melting pressure is reasonably configured,
the product’s shrinkage rate can be controlled; the method for determining the residual stress is the
core theme of this research.

Keywords: injection molding; recognizable performance; fuzzy analysis; optimize molding process;
white light components; residual stress; photoelastic

1. Introduction

Common optical components of optical lenses can be divided into two types:
optical glass and optical lenses. Process optimization is the key factor to accurately control
the quality of the injected polymer, such as the accuracy of the size and the material’s
mechanical properties. This research mainly discusses injection molding plastic processing
to form optical lenses. Injection molding is a one-time forming technology that is low cost,
high speed, has a stable yield, and high production efficiency. Since the optical plastic lens
forming does not require the secondary processes of polishing and grinding, the production
time is shortened, and the cost is reduced.

There is currently a growing demand for light guide plate backlight modules and
plastic optical lenses, which has indirectly driven many optical plastic parts manufacturers
who originally produced automobile and motorcycle lamp housings, lighting equipment,
or cosmetics to upgrade and meet these additional manufacturing requirements. In the field
of high-value precision optical products, due to the extremely high precision requirements

Appl. Sci. 2021, 11, 1550. https://doi.org/10.3390/app11041550 https://www.mdpi.com/journal/applsci

https://www.mdpi.com/journal/applsci
https://www.mdpi.com
https://doi.org/10.3390/app11041550
https://doi.org/10.3390/app11041550
https://doi.org/10.3390/app11041550
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3390/app11041550
https://www.mdpi.com/journal/applsci
https://www.mdpi.com/2076-3417/11/4/1550?type=check_update&version=2


Appl. Sci. 2021, 11, 1550 2 of 16

of the molds of optical products as well as the reproducibility of dimensions during mass
production, the stability of accuracy and yield is particularly important. The injection
of polymer material optical products has the same shrinkage and warpage deformation
problems as general injection molded components, with the additional issues of optical
refraction, including the relationships between the radius of curvature, the residual flow
stress, birefringence, mold temperature, injection temperature, and injection speed, all of
which must be improved to reach a better accuracy and yield. In addition to the accuracy
requirements of the process equipment itself, the key to the process method is accurately
controlling the parameters.

In the early days of injection molding technology, the mold was simply filled directly
with the injection material, but research has proved that the key to flow wavefront pro-
cessing injection quality accuracy is understanding the polymers’ material mechanical
properties. Therefore, the injection molding process needs to use high speed, high pressure,
and high temperature for molding, which causes stress to remain in the injection part,
which is called residual stress. When the stress is generated in the transparent optical
component, the phenomenon of birefringence occurs, which has the potential to cause
large errors between the final product and the optical design values. Therefore, a method
to effectively determine the residual birefringence in the injection molded part is the core
goal of this article.

2. Literature Review

Optical plastic lenses that are made of polymer materials have the advantages of low
material cost, light weight, high impact resistance, high impact and shatter resistance,
and a simple production process for rapid mass production, as aspheric lenses are easier
to produce. However, the disadvantages are that it is not easy to control the refractive
index as it changes with temperature, which leads to birefringence. Compared with
polymer materials, glass materials have a higher molding temperature and a high hardness,
so they consume more energy. The optical glass molding process requires cutting and
shape forming, and then multiple grinding and polishing processes. Consequently, if
polymer material residual stress and distribution effects can be effectively interpreted,
process defects can be improved through simulation and correcting machine parameters.
Therefore, this research attempts to find a way to interpret the residual stress in polymer
molding to determine the force distribution effects.

As early as 1995, Ajovalasit et al. [1] proposed a new full-field method for the auto-
matic analysis of isochromatic fringes in white light. This RGB photoelasticity method
eliminates the typical shortcomings of the classic white light photoelastic methods, which
requires subjective analysis of colors and requires experienced analysts to obtain and inter-
pret the results. In 1996, Chen et al. [2] used a digital photoelastic system to measure the
birefringence of injection molded parts, which combined digital image analysis technology
and a half-fringe photoelastic (HFP) method. The influences of processing conditions,
including melt temperature, mold temperature, filling time, and filling pressure, on bire-
fringence development in molded parts were investigated. It was found that temperature
and pressure are the two main factors that determine the development of birefringence
during the molding process. The frozen-in birefringence of molded parts decreases with the
increase in melting temperature, mold temperature, and injection speed. The birefringence
of the parts will also increase as the filling pressure increases, especially near the gate area.
In 1998, Yoneyama and Takashi [3] proposed a new two-dimensional photoelastic analysis
method for determining the fringe order and the main direction of birefringence from a
single image combined with elliptically polarized white light and color image processing.
After determining the fringe order, the main direction of birefringence is obtained by
solving a nonlinear equation. In this paper, the output light intensity equation was derived,
and the principle of the method was then described. In 1998, Ramesh and Mangal [4]
mentioned that photoelasticity is an engineering tool, and as end users, people want to
know which technology to choose for a particular application. In these terms, various
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technologies are reviewed, and the steps involved in each technology are briefly introduced
in this paper. This work also mentioned that color images need to be captured for fully
automated data collection, as well as emphasizing the future direction of digital photo
elasticity research. In 2001, Lu and Lau [5] conducted a statistical experimental study to
systematically analyze the influence of various process parameters on lens contour errors.
The process parameters studied included injection speed, holding pressure, and mold
temperature. As optical lenses require precise control of the surface profile, determination
of the processing conditions for lens molding is complicated. The purpose of this work
was to experimentally study the influence of molding conditions on the surface profile of
injection molded lenses. The contour error is related to the mold shrinkage rate and the
residual stress in the molded lens.

Before the year 2000, although there have been research studies in the field of op-
tics, it can be seen that most of them are based on traditional physical analysis, such as
the well-known two-dimensional photoelastic analysis method. However, there are few
specific research methodologies. In 2003, Chen and Gao [6] studied the influence of the
packing profiles on the quality of injection molded parts and how the correct settings of
the holding pressure are critical to injection molding quality. The effects of different types
of packing profiles on part weight, shrinkage, flash, thickness distribution, and uniformity
were studied; it was recommended to specifically improve these quality attributes through
the selection and determination of appropriate profile types. In 2006, Matthew et al. [7]
investigated how an optical bench test system can be configured to allow interactive optical
alignment during testing. To optimize performance, the design, analysis, the assembly
method, and the optical bench test results for a miniature plastic injection molded lens
used a fiber optic confocal reflectance microscope. Before integrating the five-lens plastic
objective into a confocal microscope for in vivo imaging of cells and tissue, it was tested
as a stand-alone optical system. In 2005, Ajovalasit and Petrucci [8] proposed the com-
bined use of RGB and phase stepping photoelasticity. This method has the following
characteristics: the maximum measurable order is greater than that of the RGB method,
and it has the ability to determine the total fringe order without unwrapping. In 2007,
Ajovalasit et al. [9] noted how the availability of image acquisition systems has led to the
development of monochromatic light and white light digital photoelasticity. White light,
in particular, is mainly used for the following methods: spectral content analysis, RGB
photoelasticity, and phase shifting photoelasticity. To reduce the influence of isochromatic
fringes, phase-shift photoelasticity in the color domain has been effectively used to de-
termine isoclinic parameters. A method for determining the order of the isochromatic
fringe was also proposed in this paper. In 2008, Tsai and Hsieh [10] conducted research
to improve the quality of injection molded lenses by implementing the define, measure,
analyze, improve and control (DMAIC) program based on the Six Sigma method. First,
the factors that are critical to quality (CTQ) are determined according to the customer’s
quality requirements, and then determination of the causal factors of the lens features
within the processing test window takes place. The analysis program uses the Taguchi
design-of-experiment (DOE) method to screen the relevant process parameters during the
injection process, which greatly improves the contour accuracy of the molded lens. In 2009,
Weng et al. [11] investigated how residual stress in microlens arrays is difficult to measure
and characterize. In this paper, the birefringence method was used to evaluate the residual
stress in the injection-molded microlens array, and the finite element simulation method
was used to predict their distribution. Comparable results were obtained from experiments
and simulations that found that mold temperature was the most important processing
parameter. The higher the mold temperature, the smaller the value of the maximum
residual stress. The birefringence method is suitable for measuring the residual stress in
micro-optical injection molded plastic devices.

Around 2000–2009, traditional physical analysis was also continued after another re-
lated specific research methodology had emerged, such as the Taguchi design-of-experiment
(DOE) method, as well as the analysis of the quality of injection molded lenses by im-
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plementing programs based on the Six Sigma method. However, there is still a long
way to go for the introduction of full automation and Industry 4.0 in the future. In 2009,
Weng et al. [12] mentioned that the optical quality of plastic lenses in microlens arrays is
extremely sensitive to the existence of residual stress. The distribution of residual stress
and birefringence of these microlens arrays was investigated in this paper and it was found
that the maximum residual stress always appears in the regions near the gate. In 2010,
Ajovalasit et al. [13] proposed a standard error function. Due to the discrete spectrum of
the light source, the filament lamp can find retardations up to about four fringe orders,
while the fluorescent lamp can determine higher fringe orders. In 2011, Ajovalasit et al. [14]
analyzed the residual stress in glass using a photoelastic method. This paper considers
the determination of membrane residual stress in a glass plate through automatic digital
photoelasticity (RGB photoelasticity) under white light. This method is used to analyze the
residual stress of tempered glass membranes. The proposed method can effectively replace
the white light-based manual methods that are currently provided by certain technical
standards. In 2014, Ajovalasit et al. [15] mentioned how the measurement of residual
stress is especially important in the glass industry. As glass is a photoelastic material, the
photoelastic method is usually used to analyze the residual stress in the glass. This paper
considers the use of a digital photoelastic method to measure the residual stress of glass
plates. These methods can effectively automate the manual methods currently specified in
certain standards.

In 2014, Guevara-Morales and Figueroa-López [16] reported that residual stress is
caused by flow and heat. Their paper focused on the processing parameters that have
the greatest influence on residual stress during the injection molding process, and found
that residual stress not only affects warpage, but also affects other material properties.
Residual stress acts internally at room temperature and has the same effect on the mate-
rial as externally applied stresses, resulting in product shrinkage and warpage. In 2015,
Jansen [17] noted that in the molding process, due to the thermal contraction during the cool-
ing process and the local pressure history during the solidification process, residual stress
is formed. This paper proposed a model that relates residual stress, product shrinkage, and
warpage to the temperature and pressure history during molding. Accurate excimer laser
layer removal measurements are needed to verify the predicted residual stress distributions.
In 2013, Pak et al. [18] studied an indentation method as a method to measure the resid-
ual stress in injection molded polymer samples because the destructive methods limit
the reuse of measured parts, and it is impossible to apply destructive methods to small
and complex parts. By comparing the results of the load-displacement curve with the
indentation depth, the residual stress distribution of the injection molded part could be
calculated. In 2014, Xie et al. [19] studied the influence of gate size on the cavity filling
pattern and residual stress of injection molded parts. A total of three rectangular gates
of different sizes were used, and experiments were conducted using a dynamic visual-
ization system. A flow visualization mold was specially designed and manufactured for
this research. A stress viewer was used to characterize the residual stress of the molded
samples, where it was found that an undersized gate size has many adverse effects on the
filling behavior and residual stress of molded parts; the larger the gate size, the faster the
filling speed of the cavity and the smaller the residual stress on the part. In 2013, Kale
and Ramesh [20] demonstrated the advantages of combining an advanced front-scanning
method with two-point color adaptation through two samples, one of which was obtained
by reflection photoelasticity and the other was a complex of simply connected stress-frozen
slices. In 2006, Erzurumlu and Ozcelik [21] investigated minimizing the warpage and sink
index according to the process parameters of plastic parts with different rib cross-section
types and used the Taguchi optimization method to adjust the rib layout angle setup.
In addition to the rib cross-section types and rib layout angle, process parameters such as
mold temperature, melt temperature, and packing pressure were also considered, and a
series of mold analyses were carried out to utilize warpage and sink index data. In 2019,
Wu et al. [22] provided a fuzzy comprehensive evaluation system for evaluating parts
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by using performance indicators as evaluation factors and determined the importance of
factors based on expert scoring methods. However, an analysis of the measurement results
revealed that it is more biased towards 3D printing, and so the ranking and evaluation of
effective performance indicators could not be evaluated in a broader sense.

Between 2009 and 2018, relevant specific research methods have begun to focus on
the data report of residual stress. This data report is a pre-work for the use of big data,
but such tedious and complex data seems to be unable to be used handily. The Industry
4.0 seems to be one step away, the main reason for which appears to be that no one has
proposed a set of recognizable performance evaluation (RPE) methods for these complex
big data, which means that it is unclear as to which district the corresponding data results
go to. This is an important indicator for obtaining big data key. In 2019, Wang et al. [23]
published the compelling finding that the modulus and hardness of each layer decreased
first and then increased as the injection speed increased under a higher melt tempera-
ture. Meanwhile, the opposite trend was observed at a lower melt temperature. In 2018,
Loaldi et al. [24], established a detailed uncertainty budget for the dimensional measure-
ments of the replicated Fresnel lenses, considering specifically peak-to-valley (PV) step
height and the pitch of the grooves. In 2019, Chung [25] found that, according to the simula-
tion results, the use of conformal cooling channels can reduce the surface temperature differ-
ence of the melt, ejection time, and warpage. Moreover, the optimal process parameters ob-
tained from the design of experiments improved the fringe pattern and eliminated the local
variation of birefringence. In 2020, Kim et al. [26] found that conventional injection methods
and injection processes like injection compression molding (ICM) are becoming more com-
plex and harsher with high-speed injection at high mold and melt temperatures, with these
approaches leading to a change in physical properties. In 2020, Ren et al. [27], introducing
optical injection, found that, under proper optical injection parameters, two sub-combs
originating from two orthogonal polarization components of the VCSEL(vertical-cavity
surface-emitting laser) can splice into a broadband total-OFC(optical frequency comb).
In 2020, Huang et al. [28] obtained results regarding optical-microscopy images and mold-
cavity pressure distributions which indicated that the weldline tensile strength and the
interface compatibility between fibers and melts at the weldline region during the molding
stage were higher in their use.

When summarizing the literature related to this research, the focus of various scholars
is the use of binarized residual stress images for the detection, and then optical delay
detection, or the use of image processing technology to estimate photoelastic fringe order
and phase angle. However, there is little interest in the determination of the injection
molding parameters in terms of advantages and disadvantages for the injection component
after the residual stress is generated. Only by constructing a widely accepted interpretation
benchmark can a basic improvement process be established. In 2018–2019, Chang [29,30]
obtained accurate reference data using the recognizable performance evaluation (RPE)
method and determined the corresponding number (σ-sigma) of the distribution of each
measurement region, so this paper attempts to introduce fuzzy theory to obtain excellent
research results, then calculate the attribution level of the measured item. By providing a
direct differentiation of the defuzzification attribution reduction interval to manage the
distribution yield of each frequency distribution, conflicts in test performance evaluation
that may occur in various fields can be resolved by directly evaluating the predicted
results. For quantifiable performance evaluation, this result further distinguishes the
landing interval.

3. Research Purpose and Moldflow Simulation Process

This paper focuses on the mass production of optical polymer white light material
products with a molding design that negates the need for major secondary processing.
The residual birefringence evaluation method can determine the residual stress increase
trend using the polarization measurement and the photoelastic measurement methods.
The stress force distribution on the transparent biaxial material can be directly observed,
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and the experimental simulation analysis is able to obtain the best manufacturing process,
in terms of the effect of the optical lens, by finding the most suitable measurement method
to investigate the influence of residual birefringence on the optical quality of the aspheric
lens. When the recognizable stress value of the product has been detected, and the results
of the photoelastic measurement of the residual birefringence in the optical component are
digitized, then the related big data can be obtained. This is of great significance in realizing
the intelligent transformation and application of the product in the manufacturing industry.

Polymer processing rheology is used to establish the mold flow simulation analysis
of basic heat transfer to create a physical and mathematical model of the flow and heat
transfer of the molten plastic in the mold. This model can simulate the change of the molten
plastic during the injection molding process, and observable temperature and pressure state
changes during this process can be used to solve issues such as the long period needed for
mold design in the past and the inability to conduct a comprehensive analysis of materials
and design schemes to find a better molding scheme (as shown in Figure 1). The use of
mold flow simulation analysis help designers, in the initial mold design, to understand the
influence of molding parameters on the structure and performance of plastic parts.
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Figure 1. Moldflow simulation process for white light components.

Mold flow simulation analysis provides a scientific basis for designing products,
including: 1. Molded product design—understanding the impact of product thickness,
gate location and quantity, and runner system design, on product quality. When providing
accurate data to designers, it is not necessary to rely solely on the designer’s experience
to find the best product design, which greatly reduces the design time. 2. Plastic mold
design—optimizing the mold size, gate position, gate number, gate type, runner size and
cooling system to simulate the trial conditions of various design methods, which has the
potential to reduce the number of mold repairs after the mold is opened, thus significantly
reducing the idle time required during mold repair, as well as improving mold quality.
3. Molding parameters—as the injection molding process is simulated, possible defects
in the molded product can be found, and parameters such as mold temperature, plastic
temperature, injection pressure, and holding pressure can be adjusted to determine the
best molding parameters, which improves product molding quality and reduces trial time.
Mold flow analysis technology is widely used to reduce the molding design cycle, improve
production efficiency, and ensure product quality, thereby reducing costs; predictions such
as filling, holding pressure, cooling, and warpage of the product can be carried out, and
the design method of the product and the influence of cooling time can be discussed.
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4. Research Methods

In terms of traditional performance evaluation, the experimental data that are usually
obtained have a vector and a data unit, but during the evaluation, the experimental data
often cannot be assigned or compared and verified by the vector or data unit, which is a
difficult threshold. Therefore, it is clearly indicated that the comparison of performance
verification cannot be based only on the evaluation data obtained; performance verification
must also be based on the evaluation data of quantifiable analysis technology (as shown
in Figure 2). This is because, if comparable quantifiable values were not obtained by the
experimental results, we would be comparing apples and oranges, and so could not derive
any meaning from heterogeneous data.
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The allowable error size and error compensation of optical parts in the manufacturing
process are standardized so that the quality assurance unit and the user can choose the
appropriate error level according to the best economic principle in achieving the required
assembly coordination or interchangeability range. In the RPE analysis and evaluation
method, there can be a more comprehensive and single-depth evaluation explanation, but
the application of fuzzy theory requires defuzzification of the actual intervals. The interval
can be directly compared with the analysis and evaluation, as shown in the following
table, and the corresponding frequency level is obtained: 1, sigma tolerance standard is
around 68.27%; 2, sigma tolerance standard is around 95.45%; 3, sigma tolerance standard
is around 99.73%; 4, sigma tolerance standard is around 99.99366%; 5, sigma tolerance
standard is around 99.99994%; and the tolerance standard is around 99.9999993% for
6 sigma. Among these frequency levels, the accuracy of 5 and 6 sigma is too high, and
the current basic sampling tolerance does not meet such high standards. Therefore, in this
paper, we can directly define values of 68.27% or less for 1 sigma (on the right side of the
red area) and they are given an effective score of 1; values in the range of 68.27–95.45%
are defined as 2 sigma (on the right side of the orange and yellow area) and are given an
effective score of 2; values in the range of 95.45~99.73% are defined as 3 sigma (on the right
side of the blue and green area) and are given an effective score of 3; values that are 99.73%
or higher are defined as 4 sigma (the left side of the blue area), and are given an effective
score of 4. The detailed information is shown in Table 1.

Fuzzy theory makes outstanding science and technology more precise; it can deter-
mine key points and also corrects disambiguation, making fuzzy phenomena a dead end
in scientific research. Fuzzy theory is inherently fuzzy, but the fuzzy phenomenon can
also completely capture relevant information. Fuzzy theory also humanizes the physical
quantitative definition interface, making the communication and relationship between
evaluations closer. You can better understand the language and direction of the instruction
objective, so as to obtain artificial intelligence—a more reasonable solution.

According to the use of fuzzy logic to solve issues, the three most common procedures
are as follows:
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(1) Obtain fuzzy rules.
(2) Attribute the function settings.
(3) Fuzzification.

Table 1. The SD, MSD, and S/N of white light components’ residual stress defects area.

Class Frequency σ-Sigma SD MSD S/N

0

0.000000–0.260000 371 1σ↓

396.011 2.58442 × 10−6 59.26158
0.260000–0.520000 743 1σ↓
0.520000–0.780000 1147 1σ↑
0.780000–1.040000 1413 2σ↑

1

1.040000–1.300000 1403 2σ↑

61.54825 4.93855 × 10−7 63.08696
1.300000–1.560000 1371 2σ↑
1.560000–1.820000 1402 2σ↑
1.820000–2.080000 1531 4σ↑

2

2.080000–2.340000 1675 4σ↑

110.4197 3.02933 × 10−7 65.23477
2.340000–2.600000 1779 4σ↑
2.600000–2.860000 1886 4σ↑
2.860000–3.120000 1968 4σ↑

3

3.120000–3.380000 2042 4σ↑

87.30693 2.23841 × 10−7 66.52262
3.380000–3.640000 2025 4σ↑
3.640000–3.900000 2228 4σ↑
3.900000–4.160000 2181 4σ↑

4

4.160000-4.420000 2273 4σ↑

191.7029 1.59073 × 10−7 68.05898
4.420000–4.680000 2451 4σ↑
4.680000–4.940000 2597 4σ↑
4.940000–5.200000 2795 4σ↑

5

5.200000–5.460000 2960 4σ↑

609.4106 8.14379 × 10−8 71.23038
5.460000–5.720000 3273 4σ↑
5.720000–5.980000 3767 4σ↑
5.980000–6.240000 4574 4σ↑

6

6.240000–6.500000 5510 4σ↑

532.3051 4.10281 × 10−8 74.029636.500000–6.760000 5290 4σ↑
6.760000–7.020000 4287 4σ↑

7

7.020000–7.280000 3279 4σ↑

316.198 1.36964 × 10−7 68.78586
7.280000–7.540000 2688 4σ↑
7.540000–7.800000 2574 4σ↑
7.800000–8.059999 2458 4σ↑

8

8.059999–8.320000 1963 4σ↑

357.9144 5.99464 × 10−7 62.97514
8.320000–8.580000 1469 4σ↑
8.580000–8.840000 1179 1σ↑
8.840000–9.099999 1023 1σ↑

9

9.099999–9.360000 901 1σ↓

136.7687 1.96758 × 10−6 57.55606
9.360000–9.620000 854 1σ↓
9.620000–9.879999 714 1σ↓
9.879999–10.139999 550 1σ↓
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Table 1. Cont.

Class Frequency σ-Sigma SD MSD S/N

10

10.139999–10.400000 368 1σ↓
25.57831

8.62284 × 10−6 50.71853
10.400000–10.660000 367 1σ↓
10.660000–10.920000 307 1σ↓
10.920000–11.179999 332 1σ↓

11

11.179999–11.440000 271 1σ↓

11.11306 1.42105 × 10−5 48.49763
11.440000–11.700000 278 1σ↓
11.700000–11.959999 267 1σ↓
11.959999–12.219999 248 1σ↓

12

12.219999–12.480000 219 1σ↓

27.18251 3.25286 × 10−5 45.1375612.480000–12.740000 164 1σ↓
12.740000–13.000000 159 1σ↓

13

13.000000–13.259999 190 1σ↓

17.49286 3.41216 × 10−5 44.81098
13.259999–13.520000 190 1σ↓
13.520000–13.780000 168 1σ↓
13.780000–14.039999 148 1σ↓

14

14.039999–14.299999 131 1σ↓

7.885905 6.94956 × 10−5 41.63774
14.299999–14.559999 123 1σ↓
14.559999–14.820000 120 1σ↓
14.820000–15.080000 109 1σ↓

15

15.080000–15.339999 82 1σ↓

7.516648 2.05102 × 10−4 37.02517
15.339999–15.599999 69 1σ↓
15.599999–15.860000 72 1σ↓
15.860000–16.119999 61 1σ↓

16

16.119999–16.379999 56 1σ↓

4.716991 3.5741 × 10−4 34.56708
16.379999–16.639999 49 1σ↓
16.639999–16.900000 60 1σ↓
16.900000–17.160000 49 1σ↓

17

17.160000–17.420000 45 1σ↓

5.931905 7.76464 × 10−4 31.42253
17.420000–17.680000 32 1σ↓
17.680000–17.939999 31 1σ↓
17.939999–18.199999 41 1σ↓

18

18.199999–18.459999 38 1σ↓

7.980445 1.880986 × 10−3 28.54648
18.459999–18.719999 29 1σ↓
18.719999–18.980000 24 1σ↓
18.980000–19.240000 16 1σ↓

19

19.240000–19.500000 9 1σ↓

2.054805 8.570728 ×
10−3 21.0871519.500000–19.759998 14 1σ↓

19.759998–20.019999 11 1σ↓

20

20.019999–20.279999 9 1σ↓

2.947457 0.011799572 20.21448
20.279999–20.539999 15 1σ↓
20.539999–20.799999 7 1σ↓
20.799999–21.059999 10 1σ↓
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Table 1. Cont.

Class Frequency σ-Sigma SD MSD S/N

21

21.059999–21.320000 6 1σ↓

1.785357 0.067602041 13.53387
21.320000–21.580000 3 1σ↓
21.580000–21.840000 3 1σ↓
21.840000–22.099998 7 1σ↓

22

22.099998–22.359999 4 1σ↓

2.861381 0.14371142 12.56778
22.359999–22.619999 9 1σ↓
22.619999–22.879999 2 1σ↓
22.879999–23.139999 2 1σ↓

23

23.139999–23.400000 1 1σ↓

0.216506 1.75 −1.15984
23.400000–23.660000 1 1σ↓
23.660000–23.919998 1 1σ↓
23.919998–24.179998 0.5 1σ↓

24

24.179998–24.439999 0.5 1σ↓

0.216506 3.25 −4.0824
24.439999–24.699999 0.5 1σ↓
24.699999–24.959999 0.5 1σ↓
24.959999–25.219999 1 1σ↓

25

25.219999–25.480000 0.5 1σ↓

0 4 −6.020625.480000–25.740000 0.5 1σ↓
25.740000–26.000000 0.5 1σ↓

The effectiveness of residual stress evaluation in this study is an example case study,
and: (A) Fuzzy rules can be obtained directly—the detailed information is related to
the frequency distribution. (B) Attribute the function settings: based on the sampling
restriction principle, the preset function relationship here is a Gaussian distribution, so the
preset is based on 1.0 degrees, and the distribution yield (the yield ratio) of each frequency
distribution is the horizontal coordinates, and can be used as in the following degree of
membership graph (as shown in Figure 3).
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(C) Defuzzification: There are many data on the frequency distribution, which cannot
be listed one by one. However, here we take the first dataset “1.300000–1.560000” of
frequency distribution—1371 randomly sampled below 500 mm—as an example, assuming
that the lower limit of each σ(Sigma) is σLL (Low Limit), the middle limit is σML (Middle
Limit), and the upper limit is σHL (High Limit), belonging to the attribution of 1σ, 2σ, 3,
and 4σ.
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1σ (Sigma): not in this range, the degree of attribution is 0
2σ(Sigma): (0/2σLL, 1/3σCL, 0/4σHL) = x−0

1371−(1σLL) = 1−0
(2σCL−1σLL) = x = 0.6362, so the

attribution is 0.6362.
3σ (Sigma): not in this range, the degree of attribution is 0.
4σ (Sigma): not in this range, the degree of attribution is 0.

The accuracy of the fuzzy value iteration solution depends on the quality of the fuzzy
approximator, and the quality of the fuzzy approximator depends on the discretization.
It is assumed that the discrete actions are fixed; therefore, our focus is on how to obtain a
more appropriate amount. Therefore, to obtain a good quality approximation system, such
prior knowledge can be obtained without actually calculating the optimal value function;
when prior knowledge is not available, it can be regarded as a reliable basic function.

5. Case Study

This case study investigates the scientific problem of mass-producing optical polymer
materials without secondary processability molding processes while reducing residual
stress through the construction of an evaluation process that can quantify the residual stress
value of the product. After the process control comparison is summarized, the statistical
process parameters are made, which are part of the IMM big data parameters and are
prepared in advance for AI Industry 4.0.

The residual stress defect areas of the optical components in this study are measured
by the optical WPA software (as shown in Figure 4). This study’s main optical element area
is determined through the area analysis of the residual stress defect area, displayed as the
red line-framed area in the bar chart (as shown in Figure 5). Through the area analysis, it
can be determined that the largest residual stress defect area in this main area has the value
is 25.1204 nm, with the minimum value of 0.0005 nm, and the average value of 5.7736 nm;
this data analysis is presented as an area chart table. As shown in Table 1, the optical
WPA software performs area analysis on the optical components to obtain the relationship
between the range and the frequency of the residual defect area. The range of the residual
stress defect area was divided into 26 areas from 0 to 25, and the Taguchi experimental
method was used to calculate the standard deviation (SD), the mean square deviation
(MSD), and the signal-to-noise (S/N) ratio corresponding to each area, as shown in Table 1
right side. Using the Taguchi method, only the size of the S/N ratio needs to be compared.
The larger the S/N ratio, the better the quality features of the optical components.

SD =

√
∑n

i=1(yi − y)2

n
(1)

MSD = y2 + SD2 =
1
n ∑n

i=1 y2
i (2)

S
N

= −10logMSD (3)

In the statistical coefficient of variation, the normalized conditional measures the
degree of dispersion of the probability distribution, which is defined as the ratio of the
SD to the average value and is generally only defined when the average value is not zero
and is generally is applicable when the average value is greater than zero. Because this
case study is mainly based on the frequency of optical parts, its numerical meaning is that
larger is best, and the coefficient of variation is also called the relative standard deviation
or unit risk, and the relevant y value (average number) in the formula cannot be zero.
Therefore, the following values should be defined by the value of the SD and calculated on
a proportional scale, not the average. Among them: yi represents the number of i quality
features; y is the average quality feature; and n is the number of the data section; the greater
the number of samples, the better. Under the existing samples, we assume that if Table 1 is
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used as the complete Gaussian distribution, we can infer SD = 1432, then we can record the
difference of σ-sigma separately for:

1σ-Sigma→977.84
2σ-Sigma→1367.14
3σ-Sigma→1428.44
4σ-Sigma→1438.43
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The complete process parameters of traditional injection molding include about 20
to 30 piston strokes, while larger systems can even reach more than 40 strokes, but not all
these parameters affect the main focus of product defect formation. If the molding defects
are distinguished based on the display principle, the key one to three influencing factors
are sufficient to represent an improvement plan for phased manufacturing. The S/N ratio
corresponding to the 0–25 zone (as shown in Figure 6) is obtained.

As shown in Table 1, the optical WPA software performs area analysis on the optical
components to obtain the relationship between the range and the frequency of the residual
stress defect area. The range of the residual stress defect area was divided into 26 areas
from 0 to 25, and the Taguchi experimental method was used to calculate the SD, the MSD,
and the S/N ratio for each corresponding area (shown in Figure 7). Using the Taguchi
method, only the size of the S/N ratio need to be compared. In this study, the larger the
S/N ratio, the better the quality features of the optical components.
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The residual stress defect area of the optical components in this study are measured
by the optical WPA software (as shown in Figure 4). This study’s main optical element area
is determined through the area analysis of the residual stress defect area, displayed as the
red line-framed area of the bar chart (as shown in Figure 5). Through the area analysis,
it can be determined that the largest residual stress defect area in this main area has the
value of 25.1204 nm, with the minimum value of 0.0005 nm, and the average value of
5.7736 nm. This data analysis is presented as an area chart table (as shown in Table 1).
In Figure 8, we can find that using both recognizable fuzzy theory analysis and integrated
process analysis, the evaluation process for quantifiable product residual stress values is
reliable. For example, as the curves outlined in the two figures indicate, the SD and the
optical element’s main area residual stress defect area have similar curves; their trends are
consistent, which also proves that our calculations and speculations are correct.
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In traditional statistical thinking, as long as you can determine the driving force
behind the SD and MSD, you can ascertain which one is more suitable. However, with
an actual physical fixed rate, each physical vector and physical unit are not exactly the
same, so the SD and MSD alone are not enough to effectively determine the advantages
and disadvantages of experimental quantification; for this reason, the S/N ratio calculation
method that can determine the large and small unit that correspond to different physical
vectors and physical units must be used to recognize complex big data database dependen-
cies. Assuming that the final result of the big data database is just a bunch of data, which
does not contain sigma recognizable tags, then fuzzy theory cannot be applied, and if it
cannot be applied, it will not have the so-called theoretical value.

6. Conclusions

Here, we used a photoelastic stress compensation method for measurement verifica-
tion along with fuzzy theory to reorganize a set of processes that can be used to evaluate
the residual stress of a product, whereby the use of corresponding theoretical formulas can
effectively quantify and measure the residual stress of the product.

A manufacturing forming process that lacks big data can be produced, but its con-
venience and immediacy are poor. Similarly, a manufacturing forming process that lacks
recognizable fuzzy analysis can also be produced, but its convenience and interpreta-
tion cannot be immediately effective. Therefore, the recognizable fuzzy theory analysis
and the integration processes that are established in this paper can effectively define the
recognizable distribution of parameters that need to be optimized without changing the
experimental structure of the molded product, which greatly defines the exact position
of all analysis intervals in the effective big data experimental data; it provides a recogniz-
able and reliable correction basis for subsequent mold maintenance or the re-adjustment
of parameters.
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Recognizable fuzzy theory analysis and integration processes realize an innovative
method to optimize the recognizable distribution of parameters. In the past, evaluation
relied on mold flow simulation analysis software and factory engineers to blindly adjust
machines, which had limited effect, but recognizable fuzzy theory analysis and integrated
process methods can provide designers with improvements to make changes in the areas of
optical materials or alternative geometric designs. Both recognizable fuzzy theory analysis
and the integrated process method can effectively quantify the configuration parameters
in injection molding to improve stability, and thereby improve the reliability and quality
output of injection molded products.
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