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ABSTRACT

In recent years, the demand for plastic products has increased, and along with the deepening of academics,
mass production, weight reduction, and high precision are progressing. In the fields of design development
and production technology, there are many issues related to quality assurance such as molding defects and
product strength. In particular, in the resin molding process, there is a high degree of freedom in product
shape and mold structure, and it is an important issue to create quality functions that apply analysis of
complex multidimensional information. In this study, the important factors of the resin molding process
related to the optimization of resin strength are extracted by applying the multivariate analysis method and
robust parameter design. As a result of verification of the proposed method, it is clarified that uniformization
of the resin filling density in the mold is extremely important for stabilizing the resin strength.
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1. INTRODUCTION

In recent years, in order to contribute to environmental conservation and the construction of a
sustainable society, the automobile industry is developing eco-cars such as hybrid vehicles and
EVs (electric vehicles). At the same time, there is a great need for vehicle body weight reduction
technology to improve fuel efficiency. On the other hand, it is necessary to improve market
competitiveness at the same time, so the realization of weight reduction and cost reduction is an
issue. As a trump card for weight reduction, resin materials are being developed for application to
various parts. The density of iron is about 7.8g/cm?, while that of polypropylene (PP) which is a
typical resin material is about 0.9 to 1.2g/cm?. The density is quite low, and expectations for weight
reduction by material replacement are increasing [1].

The following is an example of weight reduction using a resin material. As an example,
resinification of steel pulleys for automobiles is being actively carried out. A pulley is a mechanical
element component used for transmitting the rotation of an engine to a belt, positioning the belt
and adjusting tension. The resin pulley is insert-molded with a metal bearing, and most of the
materials are thermosetting resins such as phenol resin that improve heat resistance and oil
resistance.
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As shown in Figure 1, especially European automobile manufacturers are promoting the use of
resin for power steering pulleys and idler pulleys. The resinification rate of the transmission pulley
used for the drive transmission parts around the engine has reached about 30%. However, for
automobile manufacturers in Japan, the resinification rate of pulleys is as low as 5 to 6%, which is
an important issue in promoting technology for reducing the weight of materials. Resinification is
the replacement of steel parts with resin, and the purpose is to reduce weight and cost. The resin
pulleys currently in practical use cannot be said to have sufficient characteristics as a substitute for
steel pulleys in terms of strength and dimensional stability [2].

Section 2 of this paper outlines the injection molding process. In Section 3, we apply multivariate
analysis to extract key elements of the resin molding process related to resin strength optimization.
Section 4 focuses on the control function of the resin filling density in the mold (input / output
relationship of molten energy related to the resin flow) from the analysis results of Section 3. Based
on the original strength of materials mechanics, we propose a robust parameter design with the
ideal function of stabilizing the resin filling density. [3-7].
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Figure 1. Resin status of automobile pulleys.

2. OUTLINE OF RESIN INJECTION MOLDING PROCESS

There are several types of resin molding methods depending on the purpose, but in this research,
we approach the optimization of the injection molding process suitable for the mass production
method of resin pulleys. The injection molding method is a method of obtaining a molded product
by injecting a heated and melted material into a mold and cooling and solidifying the material. It
is suitable for mass production of products with complicated shapes and is a major field of molding
processing. As shown in Figure 2, injection molding is one of the molding methods using a mold.
This is a processing method in which a material such as synthetic resin (plastic) is heated, melted,
sent to a mold, and then cooled to form a target part. As shown in Figure 3, the injection molding
machine is mainly composed of three parts: (1) injection device, (2) mold clamping device, and
(3) mold.

Through this process, continuous production becomes possible [8]. The injection molding machine
is divided into a mold clamping unit and an injection unit [9]. In practice, it is often the case that a
plurality of molded products are manufactured at the same time by a single injection molding, so
it is important that the molten material uniformly flows into all parts. Injection molding is a
processing technique suitable for mass production. However, in order to produce a highly accurate
molded product, it is necessary to extract various processing parameter conditions such as resin
material selection accuracy, mold processing accuracy, and temperature and speed at which the
material is injected.
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Figure 2. Main structure and model of injection molding.

(1) mjection device (2) mold clamping device (3) mold

A:motor B: Injection mechanism C: screw  D; hopper
E: heater  F: Plasticization mechanism G: cylinder

H: Tie bar  I: Molding mechanism J: Projection mechanism

Figure 3. Injection molding machine. The injection molding process is roughly divided into 6 steps: D
mold clamping, @ injection, @ pressure retention, @ cooling, ® mold opening,
® product removal.

3. CORRELATION VERIFICATION OF RESIN FILLING DENSITY BY
MULTIVARIATE ANALYSIS

In this study, we apply a multivariate analysis method to the correlation between the resin filling
density obtained in the experiment and the estimated it. From the correlation results, we verify the
validity of the filling density and the effectiveness of the important factors that affect the resin
filling characteristics. In the correlation analysis, the "T method" which is a quality engineering
method that can estimate the output value from multivariate data is adopted.

The T method is one of the multivariate analysis methods, and is a mathematical method that
estimates one objective variable (output value) from multiple item variables (continuous variables)
in the same way as multiple regression analysis. Comprehensive estimation of the correlation is
possible from the relationship between each item and the output value. Furthermore, in the
effectiveness analysis of important factors that affect the resin filling characteristics, the "MT
system (hereinafter referred to as MTS") is adopted. MTS is a general term for a group of
multivariate analysis methods that combine quality engineering and theory based on statistical
mathematics, and is widely applied in the fields of science and technology such as pattern
recognition, prediction / estimation, and inspection. A feature of MTS is that it can evaluate
important factors related to prediction and estimation and process multidimensional information
[10]. Since MTS includes the MT method based on statistical mathematics and its own feature
extraction technology, it is a system that emphasizes practical use rather than simply multivariate
data analysis theory. Figure 4 shows an overview of the MTS components [11].
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(a) Mathematical pattern recognition: MT method, RT method

Both MT / RT methods are methods for pattern recognition. As a common point, the normal group
is used as a reference (unit space), and the difference in pattern from that is calculated as the
distance. A large distance indicates that it is far from the reference pattern. The difference is that
the MT method has the highest pattern recognition accuracy and may be regarded as one of Al
(Artificial Intelligence) [12].

(b) Mathematical prediction / estimation: T method, T-MSR

Similar to multiple regression analysis, the T method is a means for predicting and estimating
output values (objective variables) from multivariate data (explanatory variables). It has the
advantage that there is no instability or impossibility of calculation when the number of samples
is small and the multi-collinearity problem, which is a weak point of multiple regression analysis.
T-MSR is a calculation method developed from the T method, and is known to obtain better
prediction accuracy than other mathematics in many cases.

(a) Feature value extraction
In pattern recognition for waveforms and images, the success or failure of feature extraction

technique determines. MTS includes feature extraction technique called "variation value" and
"abundance value" from these patterns [13].

RT-Method MT-Method

Figure 4. Method components of MTS.

(a) Pattern recognition

(b) Prediction / estimation

(c) Feature extraction

3.1. Computation Formula for the T Method

The T Method defines the Unit Space where the output value is in the medium position and
homogeneous (densely populated). The computation procedure of the T Method is explained below
[14].

3.1.1. Definition of the Unit Space and Computation of the Average of Relevant Items and
Outputs

Let’s suppose that, as shown in Table 1, n number of data have been obtained for the Unit Space.

All the items of the data must be in same dimension as image density or must be no dimension

data. From the n number of samples in the Unit Space, we find average values iy, iz, --- , % and

average output value y = M, for all items. Accordingly, the average values work out as follows:

1 .
fj:_(xlf+x21'+‘”+xnjjU: 1.2, k) O

n
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1
y=My=—(n+yz+-+¥) (2)
n

Table 1 also shows these average values. One of the average values obtained from the n members
of the Unit Space is the center of the Unit Space.

Table 1. Data for the Unit Space and averages values of the items and outputs.

Item/variable
Data No. 1 2 k Output value
1 Xn X2 X1k b4
2 X21 X22 Xok y2
! Xa1 Xn2 Xak ¥n
Average x X, Xy V=M,

3.1.2. Definition of Signal Data

All data items marked I, left unselected for the Unit Space are treated as Signal data. Signal data is
shown in Table 2. “Signal data” refers to all data used for finding the proportional coefficient 8
and SN ratio 1, which will be discussed in Section 3.1.4.

Table 2. Signal data.

Item/variable
Data No. 1 2 k Output value
1 X1 X12 X1k Y1
2 .\"3] X':: x:k )":
! ' 1} !
l Xy Xj2 X Vi

3.1.3. Normalization of Signal Data
Signal Data is normalized using the average values of items and the output values of samples in
the Unit Space. Normalization is performed by subtracting the average value x; of item j in the
Unit Space from value x;; of item j of the i-th Signal Data.

Xj=xij— % (i=12,,Lj=12:,k) (3)

Likewise, normalization is performed by subtracting average value M, of the output from the Unit
Space from output value y;’ of the i-th Signal Data.

Ml‘:yi’—Mo (i:1,2,"',l) (4)

Normalized Signal data is shown in Table 3.
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Table 3. Normalized Signal data.

Itemyvariable
Data No. 1 2 k Output value
1 X Xi2 . Xik M;
2 Xa1 Xz2 Xox M:
l XH th ves Xlk M,

3.1.4. Computation of Proportional Coefficient § and SN Ratio n (in Duplicate Ratio) for all
Items

We will next compute proportional coefficient § and SN ratio n for all items. How the computation
is performed is explained with item 1 as an example:

Proportional coefficient;

Mi1X114+M2X21+ -+ + MiX11
B1= 5)

SN ratio;

XSps—Vs ,
e ver) (when Sgy > V,4)

7}1 = Ve (6)
0 (whenSg; <V,)
Where:
Effective divider;
r=Mi2+ M2+ --- + M} (7)
Total variation;
Sr1= X112+ X212+ -+ X2 (f =1) @)
Variation of Proportional term;
(M1X11+M2X21 + +-- + M1X11)2
Spr= =1 €)]
T
Error variation;
Se1=8t1—Sp (f=1—-1) (10)
Error variance;
Se1
Vel - (11)
-1
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From item 2 up to item k, we will likewise find proportional coefficient g and SN ratio n. This
operation yields the results that are shown in Table 4.

Table 4. Proportional coefficient Band SN ratio n, item by item.

Item/variable
B, n 1 2 k
Proportional j3 B1 B2 B x
SN ratio 7 71 7 2 1 x

3.1.5. Computation, Signal by Signal, of Integrated Estimate Value M~of Output

An item-by-item estimated value is found for each piece of Signal Data using the proportional
coefficient B and SN ratio n, item by item. The estimated value of the output of item 1 for the i-th
Signal Data is:

H J1J[II:'J.

1= 5 12
"= (12)

An estimation is likewise made of item 2 through item [ for the i-th Signal Data. And finally an
integration of the result is performed by weighting it with 11, 12, --+, n«, which is the estimated
measure of precision of each item. Thus, the integrated estimate value M; of the output of the i-th
Signal Data becomes:

m x%+n: x%+---+nk x%
M, = 1 2 E o(i=12-.0) (13)
Mmtn+--+m
Table 5 shows the real values (measured values) of the Signal Data M1, M,, ---, M; and the

integrated estimate Values My, My, -+, M.

Table 5. Measured values and integrated estimate values of signal data.

Measured Integrated
Data No. value estimate value
1 M, "M,
2 M, "M,

3.1.6. Computation of Integrated Estimate SN Ratio

The Integrated Estimate SN Ratio is computed using the following equation based on Table 5.
Integrated Estimate SN Ratio;
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1
—(S5z — V.
= 101log ,.(g_e)- (db)
e
Where:
Linear equation;
L=MM, + M,M, + -+ M; M,
Effective divider;

r=M7+ M+ -+ M?
Total variation;
Se=M+M; > +-+M" (f=1)

Variation of proportional term;

-
-

Sg = T(f =1)
Error variation;
Se=S5Sr—Sz (f=1-1)

Error variance;

Ver =

-1

3.2. Computation Formula for the MT Method

Unit Space ,_,,

= S K
-~ Short distance —Normal

Long distance —Abnormal -@

| Cause diagnostics l

Figure 5. Conceptual drawing of the MT method.

(14)

(15)

(16)

(17)

(18)

(19)

(20)

This section describes the computation formula for the MT method. In the MT method, a reference
data group is configured as a unit space (reference data), and the degree of deviation from the unit
space is calculated by an evaluation index called Mahalanobis Distance (hereinafter referred to as
MD). This is a method for discriminant analysis of whether or not the target data (also called
unknown data) belongs to the unit space (normal / abnormal). MD was invented by Indian
statistician Dr. Mahalanobis. This is the result of converting multivariate information, in which
multiple variables are intricately intertwined, into a single piece of information called distance.

MD is a multidimensional distance that also considers correlation, and can be said to be a type of
distance computational method. As shown in Figure 5, if the MD is small, it can be determined
that the pattern is short distance to the unit space (normal), and if the MD is large, it can be
determined that the pattern is long distance from the unit space (abnormal).
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3.2.1. Unit Data and Normalization

In the MT method, variables with different units are mixed, so it is necessary to normalize the data.
Let us suppose that, as Unit Data, k variables and n samples have been acquired, as given in Table
6. The Table also shows the average value and standard deviation of each variable. We will
compute the normalized value X for each variable as follows:

Xij' — Xj
Xo=__  (i=12-,mj=12,k) (21)

0j

The normalized data is repeated in Table 7. The average value of each variable after normalization
is 0, and its standard deviation is 1. Note that the standard deviation o in the MT method is found
by the following computation formula in which all of the data form the population. Through this
step, the average value of the MD of the Unit Data will be 1 (one).

Generally, in the computation of standard deviation, the symbol "c" is used as the symbol of the

population standard deviation, but in this paper, it is intentionally used as the symbol of the
standard deviation obtained from the data.

’E[:x,- — )2
o= |/ —— (22)

Table 6. Unit data.

Variable
Sample No. 1 2 k
1 Xqq X2 Xk
2 X4 X2 Xk
N X1 Xn2 Xk
Average e % i
Standard
. Oy G2 O
deviation
Table 7. Normalized data.
Variable
F.;.i'l.ll'l[ll(‘ Nl). 1 2 ana k
1 X X Xk
2 Hn X Ko
fn My X . My,
Average 0 0 4]
Standard
o 1 1 1
desdation



Mechanical Engineering: An International Journal (MEIJ) Vol. 08, No. 1/2/3/4, November 2021

3.2.2. Computations of Correlation Matrices and Inverse Matrices

As concerns the k varieties of variables in Table 7, we will calculate the correlation matrix R. A
correlation matrix is a k X k square matrix.

1 - 1y
R=|: =~ I (23)
e 1
Where:
Y(Xps X Xy .
. :w (p=1,--.,n) (24)

Next, we calculate the inverse matrix R~! of correlation matrix R, and call it matrix 4.

Oy v Qg
A=R'1=[5 ) =I (25)
Qg o Opg
3.2.3. MD Computation
Target data (unknown data) is represented as follows:
y:(}’Lyz,“';}’k) (26)
This data is normalized into ¥ in accordance with the equation given above (21):
Y=(V,Y2 -, Y 27)
Whereupon the MD is found through:
. YAYT v _
D*=——=)"% ay¥¥/k (28)
i=1j=1

With the MT Method, note that the MD obtained is given in a squared value, D2. Unless otherwise
noted, the expression in the form of a squared value will be used throughout the rest of this paper.

3.3. Measured / Estimated Value Correlation Verification of Resin Filling Density

In this section, we analyze the correlation between the measured and estimated value of the resin
filling density obtained in the experiment by applying the T method. From the analysis results, we
will verify the effectiveness of the important factors that affect the resin filling characteristics by
applying the MT method.

3.3.1. Correlation Analysis by T Method
Table 8 shows the level allocation table of the item variables related to the acquisition of the
measured / estimated values of the resin filling density. Table 9 shows the experimental design

table of the item variables for the resin filling density which is the objective variable (output value)
based on Table 8.

10
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Table 8. Item variable level allocation table.

e R Gate Mold Resin Measwemens Retewfion Screw Bush Mold Irgection

width fetnperanire femperalire level pressure speed tetperanue type pressure

Item symbol At B(C) [ D) E(Mpa) F(rpan) GUC) H{-) KMpa)
Level | 03 165 96 103 35 490 165 | '
Level 2 0.8 175 102 105 45 510 185 2 s
Level 3 - IS5 108 107 55 530 205 - 12

Table 9. Design of experiments.

Item varinbles

Experiment No A B C D E F G H |

I 0% 165 9% 103 5 190 165 | 1

2 05 |85 96 103 15 490 165 ] 4

as 165 06 103 35 190 165 | S

'} 0% 1658 9% 103 s 190 165 2 8

0s 165 9% 103 s 190 165 1 12

6 0s 165 D) 103 35 190 165 2 12

Ut X .

Space

53 0.5 175 102 105 S5 530 165 I 12

54 0s |75 102 105 55 530 165 2 12

44 0% 175 108 107 35 190 I18§ | |

6 04 174 108 107 15 190 185 2 i

57 0s 175 108 107 35 190 185 | ]

58 0s 175 108 107 35 490 185 8

9 04 174 108 107 38 190 185 | 12

60 0% 175 108 107 15 190 185 2 12
Sigenl
Data

105 08 |85 108 105 th] 510 205 | 8

106 0x 185 108 104 15 s10 208 2 L

107 08 185 108 1058 35 510 205 | 12

108 0% 185 108 105 35 510 205 3 12

The item variables in the estimation of the output value are 9 items follows, A: Gate width (mm),
B: Mold temperature (°C), C: Resin temperature (°C), D: Measurement level (mm), E: Retention
pressure (MPa), F: Screw speed (rpm), G: Bush temperature (°C), H: Mold type (-), I: Injection
pressure (MPa). Experiment No.1 to 54 are set as unit space, and experiment No. 55 to 108 are set
as signal data. Table 10 shows the actual measured value of the filling density and the calculation
results of the estimated value by the T method, and Figure 7 shows the correlation distribution.
Table 11 shows the calculation results of various coefficients that evaluate the correlation between
the measured / estimated value of the filling density. From the calculation results of the correlation
coefficient (= 0.913) and the coefficient of determination (= 0.834), a high correlation can be
confirmed in the measured / estimated value of the filling density.

In the T method, it is possible to make a comprehensive estimate from the relationship between
each item and the output value, and analyze the contribution to the estimated value for each item.
The contribution of each item is the result of evaluation by the integrated estimate SN ratio (signal-
to-noise ratio: db). The SN ratio is expressed by the ratio of the signal amount S and the noise N,
and is calculated by the signal (active component of the input energy) / noise (harmful component

11
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that did not work effectively as an output). The degree of contribution of the item is evaluated by
how bad (low) the SN ratio of the comprehensive estimation is. Therefore, we use a two-level
orthogonal array based on statistical empirical rules. By using an orthogonal array, the reliability
of the estimated value can be improved by comparing which item is important for the estimation
accuracy and how much it is by the integrated estimate SN ratio [14].

Table 12 shows the calculation process of the integrated estimate SN ratio in the calculation of the
estimated filling density. Table 13 shows the diagnostic results of the contribution to the estimated
value for each item extracted when calculating the filling density. In the estimation of filling
density, Figure 7shows the ratio of contributions calculated from the SN ratio difference between
valid items and ineffective items, and Figure 8 shows the factor effect diagram.

Table 10. Analysis results of measured / Estimated value of the filling density.

measwred vahe estunated valie

EXP. No  density (Kg/ur') density (kp/m’)
1 0.755% 0.749
2 0.771 0.768
3 0.771 0.795
1 0.786 0.801
12 0.790 0.803
13 0.761 0776
24 0.785 0.787
25 0,781 0.778
85 0.748 0.7558
108 0.845 0875

[y = 1.0831x - 0.0197
R'» 08344

estimated value

measured value

Figure 6. Correlation distribution of measured / estimated value of the filling density.
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Table 11. Calculation results of correlation coefficient of measured / estimated value.

ftem No

1 v

] 3

"

Desnnty
[em s ymbol A B ( D E F G H I (keg'm’)
Average vake 0.65 175 02 103 15 510 I85 15 L] 0501
Standard deviation 0.15 8.20 192 164 8§20 16.41 16.41 0.50 328 0.029
Regression coefficen 328E.03 -389E.13 30EOS | B9E0S 3SYE.13  960E.-08 396E-06 SSIEAM 17003 -
Conelation coeMcient 0913
Coelcient of de te nuination 0.834
Table 12. Calculation process of the integrated estimate SN ratio.
Iem No 1 2 3 i 6 7 § 9
_ Bemsymbol = A 2B ¢ D E F G H 01
Varintion of groportionsd 1enn S, 0.13 5.46 5116 193 38.08 26.60 $28.38 082 11489
Error vanaioa S, 245 806121 246584 27007 1457858 2717340 3174129 27.84 1483.77
Emor vanance V, 0.02 7951 244 267 1434 269.04 31427 0.28 14.69
Proportional coefficient 118 «7.72 2433 459 <2040 17.05 7578 300 67.34
SN mho n 46.22 -10.18 1331 -3.08 .08 -9.85 T3 2176 29773
Iisegated estimate SN mtio 26,4 (db)
Table 13. Contribution of items in calculation of estimated the filling density.
; hem No | 2 ) 1 6 7 % )
Fewn syl A B ( D F L 1 I
Level | 22 40 21 8% 219 258 20.89 20.7% 20407 2153 2560
Level 2 20.10 20 66 2054 2192 2161 207 2142 2097 16.90
Coutribaricn (db) 130 117 L4 S B2 .72 £.91 £ .35 0.%6 870
1000
2603
%" 800
fo) 2408 -+
L
8 500 ﬁ
g > 2%
: g A5 g \ \ / / / o \
2 8t 2003 -+
(=} =
T R (%]
: l o 1803
z El
v Lo l . . —. -
)7 o 1608
20 134 1i2lage ke lefalefade falafaleifa ]z
A £ ¢ (4] F . F a 3] x_ A 5 . o} € F 3 H 1
Toms | (| (j | (3 | Gnmd |(MBe)| i) | oy | (=) |(MRw) Items () ("2) (_%] Corred | (P | G [_Cm & loupa)
} 3 & 2 i 1 2 2y | 1 2 3 4 5 6 7 8 9 | )

Figure 7. Contribution to the estimated

Figure 8. Factor effect diagram of items. filling density.

From the analysis results in Table 13 and Figures 7 and 8, the items that have a strong influence
on the estimation of packing density are A: Gate width (mm), B: Mold temperature (°¢, C: Resin
temperature (°¢, and H : Mold type (-), I: Injection pressure (MPa). In particular, I: Injection
pressure (MPa) accounts for 50% of the total contribution, so it can be inferred that it is an
important item to consider in order to obtain a stable filling density.

3.3.2. Effectiveness Analysis of Important Factors by MT Method

Based on the results of the correlation analysis between the measured value and the estimated value

of the resin filling density by the T method in the previous section, in this section, we clarify the
effectiveness of important factors that affect the resin filling characteristics by applying the MT

13
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method. Table 14 shows the calculation results of the standard deviation and correlation matrix in
the unit space of experiment No.1 to 54 of the item variables (9 items) related to the acquisition of
the resin filling density. Table 15 and Figure 9 show the MD calculation results based on the unit
space information in Table 14. For the number of unit data is 54, normal data is 54, gray data is 0,
and abnormal data is 0. From this calculation result, it can be judged that the level value of the
item variable set to obtain the filling density is appropriate as the unit space (hormal region). The
basis for this judgment is that the MD threshold value is set to 4 based on statistical empirical rules
in the quality engineering (MD average value = 0.89 <4) [15].

Table 14. Calculation results of item variable standard deviation and correlation matrix.

Item No 1 2 3 1 S 6 7 8 Y
1 1.00 -0.16 0.03 0.13 0.03 0.27 0.14 0.00 0.00
2 .16 1.00 -0.40 -0.21 0.40 0.00 018 0.00 0.00
3 0,03 -0.40 1.00 034 0.08 035 0.13 0.00 0.00
Rl 0.13 -0.21 034 1.00 0.81 0.18 0.02 0.00 0.00
5 0.03 0.40 0.08 0.81 1.00 017 0.13 0.00 0.00
6 .27 0.00 035 0.18 0.17 1.00 0.31 0.00 0.00
7 0.14 018 -0.13 0.02 0.13 031 1.00 0.00 0.00
8 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00 0.00
9 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00
Average value 063 16833 10067 10478 4722 51000 18722 150 8.00
_Standard deviation  0.15 471 471 147 186 16.33 1750 0.50 327

Table 15. Calculation results of unit space MD.

No. MD MD Frequency
1 0.94 <03 6
2 0.94 <1 3
3 0.77 <1.3 16 E
3 0.77 <2 0 H
5 0.94 <2.5 0 £
6 0.94 <3 0 l
7 0.47 <35 0
8 0.47 <4 0 l 5
9 031 <45 0 : ' Yom T ¥
10 031 <5 0
1 0.47 <55 0 Figure 9. Unit space MD.
12 0.47 <6 0
13 0.99
14 0.99
15 083 MD average
16 0.83 0.89<4.0

17 0.99 Normal data )
18 0.99 54

Gray data

(1]
Abnormal data
s y (1]
52 097
53 1.14
‘J |]" mA 23l oC 2D E &F 0G 8N »)

Figure 10. Effectiveness ratio of item variable.

Table 16. Calculation results of effectiveness ratio of item variable that affect resin filling characteristics.

14



Mechanical Engineering: An International Journal (MEIJ) Vol. 08, No. 1/2/3/4, November 2021

Item No., 2 3 4 5 6 7 8 9
Item symbol u c D E I ¢
“E lluu\ eness 14 16 0 14 0 14 20

ratio (%)

Tables 16 and Figure 10 show the analysis results regarding the effectiveness of the item variables
(9 items) that affect the resin filling characteristics from the MD calculation results based on the
unit space information. From the analysis results regarding effectiveness, as in "Section 3.3.1
Correlation analysis results by the T method", item No. 9: Injection pressure (MPa) and No. 1:
Gate width (mm) are required to obtain a stable filling density. It can be judged that the item has a
high effectiveness ratio (No. 9 = 20%, No. 1 = 18%) to be considered.

4. ANALYSIS OF RESIN FILLING CHARACTERISTICS BY ROBUST
PARAMETER DESIGN

In this chapter, we will clarify the level value of the optimum processing conditions that affect the
uniformity of the resin filling density for the purpose of stabilizing the resin strength in the injection
molding process. As an analysis method, we focus on the input / output relationship of resin molten
energy and apply the functional evaluation method "Robust Parameter Design".

4.1. Overview of Robust Parameter Design

Robust Parameter Design (hereinafter referred to as RPD) is a technical methodology for
improving quality systematized by its founder, Dr. Genichi Taguchi, for half a century. This is a
method of reducing variations in the characteristics and functions of products and systems by
designing control factors so that they are robust against noise factors such as usage environment
conditions. RPD is a development philosophy that focuses on improving the reliability of products
and systems. The purpose of improving reliability is to avoid being affected by factors that may
adversely affect the reliability of the product.

As shown in Figure 11, the RPD approach requires four factors (signal factor, response factor,
noise factor, and control factor) to be considered in the design process. The basic idea of RPD is
to attenuate the effects of noise factors by finding effective control and noise factor interactions in
the design. This is an economical and effective way to reduce variability simply by changing the
level of control factors.

Robustness is a concept used in a wide range of fields such as computer programming, statistics,
economics, biology, and information engineering, in addition to design and manufacturing.
Robustness means ensuring "robust stability" in the performance of systems and products and
improving reliability. In the RPD experiment, the noise factor intentionally causes variation in the
combination of system parameters selected as the control factor, and the robustness is improved
by optimizing the level of the strong control factor that can counter the variation.
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Figure 11. Conceptual diagram of RPD.

Figure 12. Pulley sectional view.
4.2.Functional Evaluation Method and Ideal Function Setting

The ideal function of many system technologies is that the output changes linearly with respect to
the input. The total output characteristic value (total work) of the system must be proportional to
energy or work. Especially in the injection molding process, there are melting energy required to
obtain resin strength and dimensional accuracy, and loss energy that affects productivity. In the
RPD, a “Functional evaluation method” that defines the functionality based on energy conversion
and quickly evaluates its stability is important. In this research, we focus on the fact that the ideal
function that represents the input-output relationship has a linear relationship with energy
conversion. Figure 12 shows a cross-sectional view of the molded resin pulley component. The
quality issue is that cracks occur in the R part indicated by the red circle due to insufficient
mechanical strength and stress concentration. In this example, regarding the optimization of resin
strength, the relational expression between the allowable stress of the resin material and the
material density is newly defined as follows based on material mechanics considerations.

Allowable stress: o

—M—K (29)
o=-=K-p :

M: Moment of force  : Section modulus K: Proportional factor p: Resin filling density

The physical quantity in Eq. (29) is regarded as constant for the dimension and shape [L] and the
processing time [T], and is replaced with a unit of dimension. Since the moment of force M =
[ML2T-2] and the section modulus Z = [L3],

[Me?r 2

It can be defined as 0 = = l_ [L2T-2][ML?] =K - p.

The allowable stress, which is an index of resin strength, is determined by the section modulus and
the moment of force. Therefore, if the dimension and shape of the material and the processing time
are constant, as shown in Eq. (29), it is the linear proportional (linear equation) to the allowable
stress ¢ and the material density p with a proportional constant K. It can be defined as a
relationship. Based on this definition, it can be estimated that stabilizing the degree of variation in
the resin filling density p is highly effective in optimizing the resin strength. To optimize the resin
strength, the ideal function shown in Figure 13 is set from the function of controlling the resin
filling density in the mold (input/output relationship of melting energy related to resin filling
characteristics) and the material mechanical definition. The main purpose of applying the
"Functional evaluation method" is to extract parameter levels that make the fusion energy
parameter and the stable function of the filling density closer to the ideal state and reduce variations
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and fluctuations. The difference from the ideal state can be considered as some kind of energy loss.
In other words, the function of injection molding is consumed other than the intended output, and
as a result, the stability of the filling density is affected. The effectiveness of the ideal function, in
which the input is used as the parameter (control factor) of the molding processing conditions
related to the melting energy during resin flow and the resin filling density as the output is the
characteristic value is verified.

CUTPUT (V)

Stabilization of resin Alling deosity (lnear) Table 17 Data form.
¥ = BM{Fluctuation value ) 2
e SO Input signal M
0w [ m [ s |- ] w

[
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[
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Charactenstic

Emergy loss | . X "de X
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«

INPLITOM)
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Figure 13. Relations of ideal function state.

4.3. Energetic SN ratio

The conventional SN ratio which is used in parameter design and represents the scale of variation
may change depending on the size (range) of the input signal and the number of data, and the
technician should keep this in mind when acquiring data. There is a problem of having to analyze.
The idea of the SN ratio is to evaluate the variation and non-linearity from the ideal functional
state (y = M) by considering it as poor functional stability. The "Energetic SN ratio" adopted in
this study is a new SN ratio announced in June 2008 by a research member of the Kansai Quality
Engineering Society which is a certified regional study group of the Quality Engineering Society
in japan [16]. Since all technologies involve the conversion and transfer of energy, an energy
perspective is important in technological development and evaluation of their technical levels.
Energetic SN ratio is a technical quality evaluation measure (measurement) based on how various
energies are used. Technical quality means that more energy input to the system can be stably used
for the purpose (output) forever. In the ideal functional state of injection molding, energy is
decomposed into effective components (Sg) and harmful components (Sw), and the energetic SN
ratio is calculated by the ratio of these. In the calculation of the energetic SN ratio, it can be
expressed in decibel value as 10 times the common logarithm like the conventional type SN ratio.
The basic calculation formula of the energetic SN ratio ng is shown below. As shown in Table 17,
it is assumed that the output y;; at the noise factor level i(i = 1,2, , n) and the signal factor level
j(G=1,2,,k) is obtained.

(a) Total variation component St

This is the sum of the squares of nk pieces of data y; and shows the variation from y = 0

Sy = Z":i}',-}-z (30)

i=1j=1

(b) Average slope size Bwo
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For some dynamic characteristics of the input signal, the slope of the noise factor N: level gu: is
obtained by considering the effective component as the average slope.

g YicaMpyy; Ly
Ni — . RS
TE M7 7
Where:
r: Effective divisor. Ly;: Linear format

LY

e ZM)-: (32)

j=1
k

Ly = Z M,y; (33)

j=1

(31)

The sum of squares of the signal which is the denominator of g in Eq. (31) is called the effective
divisor r, and the sum of product of the numerator signal and output is called the linear form L.
From the slope Bn: for each noise factor level, the average slope Bno is given by the following
equation

P: ﬁl s
Bro === — (34)

(c) Awverage slope fluctuation (active ingredient) Sg

k k
Sg=n Z(ﬁno‘wj): =NPuo" Z(MJ’): = nrfyo” (35)
j=1 J=1

The variation of the average slope is expressed as the sum of squares of the size y = BxoM.
(d) Harmful component Sy

The harmful component represents the variation of the difference between each data and the
proportional equation of the average slope, and is obtained by subtracting the effective
component from the total variation component.

n

Sy = Z Z()':’j = ﬁNoMj): =5r—5g (36)

i=1j=1

(e) Energetic SN ratio nE

Ne = 1mug(5 5_’?53) = 1plog @—f’) [db] (37)

4.4. Level Table and Determination of VVarious Factors

In this section, the optimization of the processing conditions is verified by "dynamic characteristics
evaluation™ with the objective function of stabilizing the fusion energy parameter and the filling
density in injection molding. The dynamic characteristic is a characteristic that examines the output
by changing the input, and is a method of evaluating the condition that minimizes the two-
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dimensional variation of the input and the output in the combination of various factors. In this
section, the optimization of the processing conditions is verified by "dynamic characteristics
evaluation™ with the objective function of stabilizing the fusion energy parameter and the filling
density in injection molding. The dynamic characteristic is a characteristic that examines the output
by changing the input, and is a method of evaluating the condition that minimizes the two-
dimensional variation of the input and the output in the combination of various factors.

Table 18. Control factors. Table 19. Noise factors.
! > ol factor eV evel 2 3 3 T .:
Symbol Control factor Level 1 Level Level Noise fictor N1 N2

A Gate width (mm) 0.5 0.8

B Mold temperature (‘C) 165 175 185 Moldtype No.1Die No.2Die

C Resin temperature ("C) 96 102 108

D Measurement level (mm) 103 105 107 Table 20 SIgn&' faCtOFS

E Retention pressure (Mpa) 35 45 55

: TR " >

F Screw speed (rpm) 490 510 530 . Sgnal factor M1 M2 M3
G Bush temperature (°C) 165 185 205 Injection presswge 10 30 12.0
H Virtual factor el e2 e3 (Mpa)

4.5. Analysis of Factorial Effects

Figure 14 shows the SN ratio and sensitivity for each control factor in a factorial effect diagram.
The vertical axes in the upper and lower figures represent the SN ratio, respectively, and the
horizontal axes represent the factor level. The significance of this diagram is to extract factors that
have a large SN ratio that spreads vertically and have a small effect on output sensitivity, and it
can be judged that their level is highly significant in stabilizing the resin filling characteristics. In
the dynamic characteristic evaluation, it is desirable that the value of the SN ratio is linearly large,
and the optimal conditions are determined based on a comprehensive evaluation comparing the SN
ratio and sensitivity factor effect diagrams.

SN ratio
aa - {'QZ r'l - .
B () g N / ‘m (am\ () LN ) —&— SN rado
2 L B () / N ee® - WS
# o \/ ) .,, | - ™ Process
- 3 Average
@

Fattor vl

Figure 14. Factor effect diagram of the SN ratio.
4.6. Evaluation of Reproducibility by Confirmation Experiment

The purpose of the confirmation experiment is to confirm whether the output is stable even when
the time, place, and environment change compared to the orthogonal table experiment. Table 21
shows the reproducibility evaluation results in the confirmation experiment. In the RPD, if the
reproducibility of gain is within the range of 70% to 130%, or the gain difference is within + 3db,
it can be judged that there is reproducibility. In this experimental results, the reproducibility of the
gain is 93% and the gain difference is 0.03 db. Furthermore, the stability improvement rate of the
filling density against the BM condition is 20% and the energy loss is reduced by 36%, indicating
that the extracted optimal conditions are properly selected and the set ideal functional state is
approached. Figure 15 is a graph comparing the input and output variations and the linear
relationship between the optimal condition and the BM condition in the verification experiment. It
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shows the change in output (filling density) with respect to input (injection pressure), and it is clear
that the optimal condition has a stable linear proportional relationship with less variation than the
BM condition.

Table 21. Reproducibility of confirmation experiment.

SN riatio [db] Santasy [d]

Estanate 1 Confrnwied Reproduc iy Fatmted  Confested Reguoducilalty
AM condeon 26 7.85 IS -21.51 212 1%
Optzsal comlsam LT LI LI 2100 i AN
Claw 3% as 065 124%
Repeoducidty rvie
93% 1 M0% Tom 124%
withen * 3( — —
L
o =Yl .12 =id
" 1} _— —
o] et Reproducibe
Cnergy boss 4% 1155 (Tames) Redictem
Dty stabiin 0% L4 (Tanes) Inprovenwem
e BM condition SN ratio Optimum condition SN ratio
= 705 (a)  OB3 B21 ()
T o Yaat luncton | godl urcrien
)-, 082 | o = e
— |-
Z 03 | . ,ﬁ/ — 081 ~=Averag
-y § o Non Lirear |tadie)
= o M ooz N1
- 018 e — |
- Large vat it 0 [R—
ol | * N2
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Figure 15. Input / Output linearity verification.
5. CONCLUSION

In this study, we focused on the function of controlling the resin filling density in the mold
(input/output relationship of melting energy related to resin flow) in optimizing resin strength.
From the new definition of resin strength based on material mechanical considerations, we applied
a functional evaluation method that has the ideal function of stabilizing the resin filling density. It
was clarified that the uniform resin filling density in the mold, which is a management function, is
extremely important for stabilizing the resin strength. As a result of research, we achieved 50%
reduction in in-process defect rate due to abolition of 100% inspection and defective molding of
resin pulleys (cracking/cracking of thin part) by improving process capability of resin filling
density which is the current productivity index. Furthermore, it was verified that the application of
the functional evaluation method, which has the ideal function of stabilizing the resin filling
density, brings great knowledge in the optimization of the injection molding process. It has been
clarified that the shape change due to the shrinkage rate of the resin in the mold is determined by
the dimensional accuracy of the mold and the molded product, and is always in a linear
proportional relationship.

As a future research topics, based on the results of this research, a new ideal function will be set
for the relationship between the melt energy associated with the resin flow and the resin shrinkage
rate in the mold. For the analysis of the strength of resin parts, we plan to apply the multivariate
analysis method and RPD to further optimize the strength and dimensional accuracy of resin parts.
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