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Abstract: Quality control is considered a critical aspect of plastic materials in the injection molding
process. Two types of deformations occur during the injection molding process, namely, volumetric
shrinkage and warpage. This study aims to optimize the warpage of the polyethylene terephthalate
preform (PET) used for the packing of carbonated drinks. PET warpage results in an uneven
distribution of material over the wall surface of the preform and causes variation in wall thickness.
During the filling operation of carbonated drinks, the preforms are subjected to high pressure at the
points where the wall thickness is at a minimum, which induces a high-stress concentration. Under
high pressure, the preforms are ruptured at the points where the warpage is at a maximum (stress
concentration area), causing wastage of the beverage as well as the preform. In this study, the Taguchi
method and analysis of variance (ANOVA) are used to determine the most significant parameters
to induce warpage during the molding process. Then, we optimize the process parameters in order
to reduce warpage through a numerical approach using SolidWorks Plastics. The result shows that
the ambient temperature and melting temperature are the most critical parameters that contribute
to the warpage, yielding 42.115% and 41.278%, respectively. Among the 6 parameters considered
for this study, the pressure holding time contributes a minimum of 0.5961% to the yielding of the
warpage. Overall, by optimizing the process parameters, warpage of the PET preform is minimized
by 7.7202%, which helps to reduce wastage of the carbonated drink as well as the rejection rate of the
preform during the filling operation. In a nutshell, the quality of the preform is improved.

Keywords: PET preform; warpage; Taguchi method; SolidWorks Plastics; Minitab; process parameter
optimization

1. Introduction

The plastics sector has greatly developed in recent years and provided viable alterna-
tives to conventional materials, including glass, paper, metal, and ceramic. Since plastic
materials are lightweight and chemically stable, they are employed to make useable items.
During the last decade, global plastic demand has increased drastically from 204 million
tons to 300 million tons annually [1,2]. Because they can be readily molded into a wide
range of forms and sizes, plastic materials have a wide range of uses, particularly for pack-
aging consumer goods, drinks, and other liquid goods, including oil, detergents, shampoo,
and juices [3]. The studies in published literature show that injection molding technology
is an economical and effective way to produce plastic commodities involving complex
profiles [4]. The injection molding process includes three distinct stages: the filling, cooling,
and ejection stages. In the first stage, the plastic melt is injected into the mold cavity at
a predefined injection temperature. In the second stage, molten material is cooled and
solidified to the desired shape of the mold cavity. In the final stage, the solidified part is
ejected from the mold cavity [5,6]. Various techniques, including case-based reasoning and
simulation, design of experiments (DOE), and online trial and error methods, are used
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to optimize the injection molding process [7]. These methods can be used to fabricate
high-quality products with excellent aesthetic features.

The injection molding process parameters were traditionally optimized by the plastics
sector using an online trial and error technique, but this method showed drawbacks of
being exceedingly time-consuming, unreliable, and expensive [8,9]. Due to access to pow-
erful computational tools, the plastic industry has moved away from the time-consuming
traditional hit-and-trial approaches to the modern computational based solutions. Instead,
computer-aided simulation analysis techniques optimize the injection molding process
using simulation software such as C-MOLD, Moldex3D, and Moldflow [8]. The computer-
based simulated approaches not only help to reduce the execution time, they also provide
more interpretive results in the form of weld lines, air traps, stress concentration, cooling
time, filling time of the mold cavity, and volumetric shrinkage as well as warpage [9].
The results also provide in-depth insight into the three stages of the injection molding
process: filling, packing and cooling, and ejection. Analyzing the various results obtained
from the simulation such as flow pattern, variation in velocity, and pressure contours in
the form of visuals and numerical data provide an interpretation of the optimum process
conditions [10].

Ozcelik et al. interfaced ANOVA, artificial neural network, and a genetic algorithm
to optimize the warpage in the injection molding process. The minimum value for the
warpage is identified with the help of a genetic algorithm whose results are validated with
the experimental data [11]. This study introduced an effective use of a genetic algorithm to
optimize the warpage. Yuehua Gao and Xicheng Wang conducted a study and proposed
a kriging model for optimizing warpage in the injection molding process. The proposed
method’s results show that it could effectively decrease the warpage deformations and that
the injection time has an essential influence on the warpage in the chosen range [12]. Michal
Stanek et al. optimized the injection molding process by identifying the ideal conditions for
the process and observed the dimensions, shapes, and properties of the product in order to
investigate the optimal injection pressure, packing pressure, and flow velocity by using the
Moldflow Plastics Xpert (MPX) system and presented its usage for optimizing the injection
molding process [13].

Rahman et al. investigated the hollow and solid structures of the window frame by
employing Moldflow software. The comparative analysis showed that the hollow window
frame design is more advantageous in terms of less material utilization and low operation
cost in the production process [14]. Sin et al. conducted a study investigating the process
conditions for polyvinyl alcohol (PVOH) by varying the starch polymer composition in the
base material. In the study, two materials were analyzed by changing the ratio of the starch
polymer, namely, PV55 and PV46. It was revealed that the volumetric shrinkage for the
PV55 was higher than the PV46 material, while the pressure holding time for both materials
was the same [15]. Oliaei et al. conducted research using the Autodesk Moldflow simulation
to optimize the warpage and volumetric shrinkage in three diverse types of self-prepared
biodegradable polymers, namely, polylactic acid, polylactic acid thermoplastic starch, and
polylactic acid-thermoplastic polyurethane. Their research analyzed five different process
parameters: melting temperature, mold temperature, packing time, packing pressure, and
cooling temperature. They used the Taguchi L27 array to analyze the interactive behavior
of the process conditions. They observed that polylactic acid-thermoplastic polyurethane
demonstrates s high resistance to warpage and shrinkage [8]. Hakimian and Sulong used
‘Taguchi’s design for three different thermoplastic materials to investigate the warpage
volumetric shrinkage of the small micro gears in the injection molding process by analyzing
various process parameters. Their study revealed that packing pressure, injection pressure,
cooling temperature, packing time, melting temperature, and mold temperature signifi-
cantly affect the shrinkage and warpage for all tested materials [16]. Kamaruddin applied
the Taguchi method to plastic tray manufacturing through the injection molding process
composed of 75% polypropylene and 25% polyethylene to increase the quality of the output
product. The results showed that lower melting temperature, lower holding time, and
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higher cooling time contribute to the best quality of the product [17]. The literature review
shows that the warpage can be minimized by optimizing the injection molding process
parameters but the Solid Works Plastics is not explored yet for the optimization of the
injection molding process. The current study explores a new method for the optimization
of the injection molding process parameters. Under the current study, the material used for
the injection molding process is polyethylene terephthalate (PET).

PET is a thermoplastic polymer resin that belongs to the polyester family. PET is a
polymerized compound (C10H804) [18,19] that exists in amorphous crystalline forms. PET
has a wide range of applications; it is commonly used for clothing, producing packaging
for food and beverages, and synthesis of engineering resins by combining them with glass
fiber [20,21].

According to Sulyman et al., polyethylene terephthalate makes up 18% of the global
polymers. A total of 60% of PET production is used in synthetic fibers and packing
bottles [2]. According to the study, the opacity of PET depends on the size of its particles;
when the particles are less than 500 nanometers, PET seems transparent, but when the
particles are more significant than micrometers, PET appears opaque [22,23]. The most
advantageous feature of PET is its ease of recycling and reuse (its resin identification code is
1) [24]. Compared with other packing materials such as paper, glass, and other resins, PET is
the third most used polymer and is preferred by the food and packaging industries because
it is hygienic, strong, and lightweight. It also has relatively good chemical, physical, and
mechanical properties. [25,26]. PET is also a strong, stiff, colorless, semicrystalline polymer
material that is ideal for use in the beverage sector. It is also lightweight, highly recyclable,
safe for contact with food, and has gas barrier features [27]. In terms of chemical properties,
it is resistant to oils, fats, weak acids, and alkaline solutions and sustains high energy
radiations usually greater than 100 kJ/kg [28,29]. In terms of mechanical properties, PET
demonstrates a higher tensile strength than ordinary polymers, and its toughness increases
with the orientation of the crystals [30]. According to the Food and Drug Authority (FDA),
PET is a non-toxic substance that has no hazardous effects on the food products being
packaged in it. It is widely used in the food and beverage packing sector due to the FDA’s
clearance of its safety for food goods [31].

The current study is focused on identifying the optimal process parameters for the
injection molding process to optimize warpage with a new approach of Using Solid Works
Plastics, the Taguchi method, and ANOVA to develop a solution to a real industrial problem.
Under this study, 28 g of PET preform from the ECOPACK Limited Company is observed
both experimentally and numerically to investigate the ideal process parameters in order
to achieve good product quality and mitigate the wastage of beverage and the preform
itself due to rupturing during the filling stage of the process. Warpage is responsible for
the uneven distribution of wall thickness and induces stress concentration areas at the
points where the wall thickness is smaller than 1.495 mm (65% of the wall thickness). Thus,
warpage is responsible for the bursting phenomenon that can occur during the filling stage,
which in turn results in wastage of the beverage and rejection of the preform. The aim of
this study is to mitigate the rejection rate of the preform, reduce the wastage of the beverage,
and provide another approach for the optimization of the injection molding process. Based
on an extensive literature review, SolidWorks Plastic has not yet been explored for process
parameter optimization of the injection molding process. Thus, this study deals with the
description of Solid Works Plastic and its usage in the optimization of the injection molding
process to contribute to optimizing the process parameters of the plastic industry.

2. Methodology

Warpage refers to the non-homogenous distribution of the plastic material on the
wall of the molded part. Where the warpage occurs at a maximum, the wall thickness
at that specific point is at a minimum. At the filling stage of the PET perform, the low
wall thickness induces high-stress concentration areas, and a rupture of the preform could
occur when these areas are subjected to high pressures during the filling stage. Although
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it is difficult to manufacture warpage-free molded components, it can be reduced by
investigating the ideal process parameters.

2.1. Procedure

First, the dimensions of the 28 g preform are identified by using the Vernier caliper and
screw gauge. In addition, the wall thickness at various points is measured accordingly to
investigate the warpage in the molded part. The observed dimensions and wall thickness
are compared with the standard dimensions of the PET preform. The observation shows
that the maximum warpage of the molded part ranges from 1.4089-1.45309 mm at different
points. SolidWorks 2016 Premium Package was employed to construct a three-dimensional
(3D) model of the preform. From the process sheet provided by the ECOPACK Limited
Company, (Hattar Industrial Estate, District Swabi, Khyber Pakhtunkhwa, Pakistan) the
six most important parameters are selected that have a high impact on the warpage as
discussed in the literature section. Based on these six parameters, the possible design of
experiments (DOE) that are 3% = 729 is calculated at three different levels. By employing
and setting the Taguchi array, the possible array setting for such a condition is an L27
array that easily accommodates six different parameters at three different levels and could
appropriately predict the nature of the process and the importance of each parameter in
the process. To set up the L27 Taguchi array, a powerful statistical tool, Minitab 19, is used
with six factors at three different levels, as instructed by the process sheet obtained from
the ECOPACK Limited Company, with 27 runs. SolidWorks Plastic Aid-In is utilized for
numerical analysis of all 27 DOE's to predict the corresponding value of each experiment.
Each simulation for a specific DOE predicted the warpage value. Later, ANOVA is con-
ducted to rank the parameters based on their importance in the process. The ANOVA
analysis provided a clear image of the process and indicated that the major contributing
factors for the warpage are ambient temperature and melting temperature and ranked all
the remaining parameters based on their contribution. Moreover, a response optimizer is
used to optimize the process parameters in order to mitigate the warpage in the process.
Finally, regression analysis is carried out to predict the numerical model for the optimized
warpage analysis. The schematic diagram for the current study is presented in Figure 1.
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Figure 1. Procedure and Methodology Adopted for the Study.



Processes 2023, 11, 414 50f17

2.2. Modeling of PET Preform

The preform used by the ECOPACK Limited company has a weight 28 g and a volume
of 17.01 cm3. The standard dimensions to achieve the exact weight and volume of the
preform are shown in Figure 2a,b. The length of the preform is 100.6 mm, with an outer
diameter of 24.81 mm, while the wall thickness is 2.47 mm.
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Figure 2. (a) Standard dimensions of the 28 g preform; (b) minor details of the magnified region.

2.3. Three-Dimensional Modeling

Based on the standard dimensions to achieve the exact model, a three-dimensional
model in Solid Works is created as shown in Figure 3. The volume of the 3D model is
17.01 cm® and the weight of the preform is estimated by the software as 28 g. The material
is set to PET Generic in the SolidWorks material library in order to define the material
properties for the simulation, such as viscosity, density, thermal conductivity, Poisson’s
ratio, thermal expansion coefficient, elastic modulus, and maximum shear stress. As the
viscosity and density are not constant due to continuous temperature changes during
the process (from injection to the cooling phase), all the relevant values of viscosity and
density at different temperatures are defined accordingly. The properties of the PET Generic
material are provided in Table 1.

Figure 3. Three-dimensional CAD Model for 28 g preform.

2.4. Selection of Injection Molding Parameters at Three Levels

It can be seen from the PET material properties in Table 1 that the minimum temper-
ature required to melt the PET is 265 °C, while the maximum temperature at which the
PET completely melts is 290 °C. Similarly, in the process sheet, the melting temperature
is taken at three different stages such as 280 °C, 285 °C, and 290 °C. The feasible space
for the molding parameters is defined for all the remaining 5 parameters where the mold
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temperature ranges from 275-285 °C, injection pressure varies from 15.5-16.5 MPa, pressure
holding time varies from 1.55-1.65 s, cooling time ranges from 1.5 to 2.5 s, and ambient
temperature ranges from 25-30 °C. All the six parameters are taken at three different stages
(minimum value, middle value, and maximum value of the range) for the PET material to
observe its effect on the injection molding process. The parameters selected for the analysis
and their levels are provided in Table 2.

Table 1. Properties of the PET Generic Material used for 3D Model Simulation.

S. No. Property Value
1 Melting temperature 270 °C
2 Maximum melting temperature 290 °C
3 Minimum melting temperature 265 °C
4 Specific heat 2700 J/(Kg-K)
5 Thermal expansion coefficient 3.45 x 1010
6 Poisson’s ratio 04
7 Maximum shear rate 50,000 1/s
Table 2. Parameters and their levels.

S.No Parameter Unit Level 1 Level 2 Level 3
1 Melting temperature °C 280 285 290
2 Mold temperature °C 275 280 285
3 Injection pressure MPa 15.5 16.0 16.5
4 Pressure holding time Seconds 1.55 1.60 1.65
5 Cooling time Seconds 1.5 2.0 2.5
6 Ambient temperature °C 25 30 35

The Taguchi method uses the level of data as shown in Table 2 and plots an orthogonal
array of the possible outcome. In this study, since the parameters are six in number and are
taken at three different levels, the total number of the possible experiments’ combination
is 3% = 729 and the possible orthogonal array to accurately predict the effect of each
parameter is the L27 array. The L27 orthogonal Taguchi array employed gave the most
important combination of the six parameters in 27 experiment designs. Instead of running
729 combinations of experiments both numerically and experimentally, the Taguchi method
reduced it to 27 possible experiments in order to predict the effect of each parameter on
the warpage.

2.5. Simulations

An appropriate mesh size was adopted to mesh the preform. A tetrahedral mesh
element is applied to the three-dimensional model of the preform. After the successful
generation of the mesh, it was checked to ensure it was waterproof and had no bad
elements in order to obtain accurate results. The mesh independence test is carried out
before the simulations, as shown in Figure 4. The result illustrates that for grid numbers
above 0.42118 million, the warpage remains constant, which is why the grid number of
0.42118 million elements was considered for this study. Therefore, the element size for
all the simulations is kept at 0.42118 million. The total number of elements recorded is
421m180 elements.

The maximum aspect ratio is kept at less than 1. The mesh of the imported CAD
model is established by ensuring that the model is closed and airtight without any holes or
surface disengagement. In defining the boundary conditions, the mold wall temperature
is considered the value of the mold temperature in each design of the experiment. The
injection point is set at the bottom of the preform to ensure the continuous flow of the
melted plastic into the cavity during the simulation. As there are no vents or air pockets
in the cavity, the vents setting is not considered in this study. The wall thickness is set
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to 2.47 mm in all the designed experiments. The process parameters for each simulation
are selected according to each experiment design in the Taguchi array, and the warpage
value is predicted against each set of experiments. For the L27 Taguchi array, a total of
27 simulations were conducted. The mesh quality is presented in Figure 5.
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Figure 4. Mesh independence Test.

Figure 5. Mesh Generated for the 28 g Preform.

2.6. Optimization

The designs of the experiments in the Taguchi array are analyzed by using signal-to-
noise ratio (5/N) and ANOVA. The criterion for the signal-to-noise ratio (5/N) was set to
smaller is better because the study aims to minimize the warpage. Based on the results of
the S/N ratio and ANOVA, optimum process parameters for better accuracy are obtained
and then verified experimentally. The simulated response value of warpage against each
design of experiment in the Taguchi array is plotted accordingly as provided in Table 3.
Later on, the regression model is developed to obtain the compensation factor for any set
of process parameters.
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Table 3. Taguchi Array for Warpage Calculation.

Serial Melting Temp Mold Temp Injection Pressure Pressure Holding Cooling Time Ambient Warpage
Number (@] (@) (MPa) Time (s) (s) Temp (°C) (mm)
1 280 275 15.5 1.55 15 25 1.4003
2 280 275 15.5 1.55 2.0 30 1.3723
3 280 275 15.5 1.55 25 35 1.3452
4 280 280 16.0 1.60 15 25 1.3452
5 280 280 16.0 1.60 2.0 30 1.3811
6 280 280 16.0 1.60 2.5 35 1.3530
7 280 285 16.5 1.65 1.5 25 1.4143
8 280 285 16.5 1.65 2.0 30 1.3862
9 280 285 16.5 1.65 2.5 35 1.3592
10 285 275 16.0 1.65 15 30 1.3909
11 285 275 16.0 1.65 2.0 35 1.3638
12 285 275 16.0 1.65 25 25 1.4190
13 285 280 16.5 1.55 15 30 1.4004
14 285 280 16.5 1.55 2.0 35 1.3723
15 285 280 16.5 1.55 2.5 25 1.4275
16 285 285 15.5 1.60 1.5 30 1.4082
17 285 285 15.5 1.60 2.0 35 1.3811
18 285 285 15.5 1.60 2.5 25 1.4363
19 290 275 16.5 1.60 15 35 1.3879
20 290 275 16.5 1.60 2.0 25 1.4431
21 290 275 16.5 1.60 25 30 1.4159
22 290 280 15.5 1.65 15 35 1.3909
23 290 280 15.5 1.65 2.0 25 1.4461
24 290 280 15.5 1.65 25 30 1.4189
25 290 285 16.0 1.55 1.5 35 1.4004
26 290 285 16.0 1.55 2.0 25 1.4556
27 290 285 16.0 1.55 25 30 1.4275

3. Results and Discussions

In this study, the warpage in 28 g PET preform is optimized by ranking the process
parameters based on their significance in the injection molding process using a statistical
and numerical approach. The signal-to-noise ratio shows the ranking of each parameter,
while the variance analysis calculates the actual percent contribution of each parameter
in the process. Moreover, regression analysis is used to quantify an empirical model for
the process to obtain the desired value of warpage for specific process parameters without
going through tedious tasks of simulations and experimentations.

3.1. Signal-to-Noise Ratio (S/N)

The signal-to-noise ratio is used to investigate the sensitivity of the quality charac-
teristic observed in a controlled manner. In the Taguchi array, the “signal” represents the
desired effect for the output response (warpage), while the term “noise” represents the
signal disturbance for the output response which shows the effects on the outcome by
the external factors. The objective of any set of experiments is to identify the possible
signal-to-noise ratio for the warpage. The aim of the study is to identify the possible value
for the S/N ratio so that the signal is stronger than the random effects of the noise factors,
in other words to obtain the minimum variance. To define the S/N ratio there are three
types of quality characteristics, i.e., the lower the better, the higher the better, and the
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nominal the better. Since in this study the purpose is to minimize the warpage, the quality
characteristic selected for the response of warpage is “the lower the better”. The S/N table
ranking all the process parameters based on their level of inducing warpage is provided
in Table 4. The ranking of the signal-to-noise ratio shows that ambient temperature is
the most significant process parameter that contributes a maximum to induce warpage at
the production facility followed by melting temperature, the mold temperature, injection
pressure, and cooling time. Moreover, the S/N ratio shows that the pressure holding
time has the lowest impact on the warpage creation of the PET preform. The delta in the
response table shows the average value for a specific factor based on the difference between
the highest and lowest values.

Table 4. Response table for S/N ratio.

Level Mold Injection Pressure Cooling Time Ambient
Temperature Temperature Pressure Holding Time Temperature
1 —2.878 —2.920 —2.921 —2.879 —3.049
2 —2.876 —2.876 —2.887 —2.921 —2.923
3 —2.968 —2.926 —2914 —2.922 —2.750
Delta 0.092 0.050 0.034 0.042 0.298
Rank 3 4 6 5 1

The S/N value can be calculated by using Equation (1), while the value of the mean
square deviation (MSD) is calculated by Equation (2), where y denotes the value of the
induced warpage. The value of n symbolizes the total number of experiments [8].

% ratio = —10log MSD @
1& 5
MSD = — Y yi ()
i=1

The ranking of each process condition is shown by a Pareto chart in Figure 6. The
results of the Pareto chart and the signal-to-noise ratio in Table 4 agree with each other
in terms of the ranking of the parameters. Moreover, the main effects plot for the signal-
to-noise ratio based on the criterion that smaller is better is shown in Figure 7. The main
effects plot determines the relative impact of a variety of inputs on the output of the
warpage. In the analysis of variance, the main effects plot shows the mean outcome for each
independent variable’s value, combining the effects of the other variables. The values in
Figure 7 that are above the mean level of —2.90 are of importance to mitigate the warpage.
Thus, it identifies each parameter at a specific level to achieve the optimum results for the
warpage. The main effect plot shows picking a parameter at a specific level to achieve
the minimum warpage goal in the process. The main effect plot chart determines the best
possible combination of the process parameters at such levels to minimize the warpage.
The best possible combination from the main effect plot to minimize the warpage is melting
temperature, mold temperature, injection pressure, pressure holding time, cooling time,
and ambient temperature at 280 °C, 275 °C, 15.5 MPa, 1.65 s, 1.5 s, and 35 °C, respectively.
The trend of each parameter and its effect on the warpage is explained in Section 3.4 of
the article.

3.2. Regression Analysis

For this study, the empirical relation to estimate the warpage is established in terms
of process parameters. By placing the desired values of the melting temperature, mold
temperature, injection pressure, pressure holding time, cooling time, and ambient temper-
ature in the established linear regression empirical equation, it yields the corresponding
value of the induced warpage without running complex and tedious tasks of simulations or
experimentations. The results of this empirical model equation are approximate. Since the
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p-value is a statistical test that determines the probability of extreme results of the statistical
hypothesis, it shows whether or not there is statistically significant relationship between
each predictor variable and the response variable (warpage). The most important values
in a regression table are the regression coefficients and their corresponding p values. The
regression table is shown in Table 5. It can be seen from the regression table that when
the p value for a process condition ranges from 0 to 0.05, the process condition contributes
higher to the yielding of warpage. The closer the p-value is to zero the more important the
factor for the output response (warpage) is. The injection molding process showed that
the p-value for the ambient and melting temperature are near zero. This shows that both
factors affect the warpage, as tabulated in Table 5. The p-value for the mold temperature is
less than 0.005 and lies at 0.023, which means that the mold temperature also affects the
warpage. The p-value for the injection pressure, pressure holding time and cooling time are
far greater than 0.05 so it has slight impact on the output warpage.

Pareto Chart of the Standardized Effects
(response is Warpage (mm), « = 0.05)

Predictor Name

Melting Temperature
Mould Temperature
Injection Pressure
Pressure Holding Time
Cooling Time
Ambient Temperature

MmO NO>D

o 1 2 3 & 5 6 7 8 9
Standardized Effect

Figure 6. Pareto Chart for Effects of Process Parameters on Warpage.
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Figure 7. Main effect plot for S/N ratio.
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Warpage (mm) = —0.229 + 0.004772 (Melting Temperature) + 0.001449 (Mold Temperature)
+ 0.00083 (Injection Pressure) — 0.0136 (Pressure Holding Time)
+ 0.00711 (Cooling Time) — 0.004818 (Ambient Temperature)

Table 5. Coefficient Table for Regression Analysis.

Term Coeff SE Coeff T-Value p-Value VIF
Constant —0.229 0.270 —0.85 0.406
melting temperature 0.004772 0.000586 8.14 0.000 1.00
Mold temperature 0.001449 0.000586 2.47 0.023 1.00
Injection pressure 0.00083 0.00586 0.14 0.888 1.00
Pressure holding time —0.0136 0.0586 -0.23 0.819 1.00
Cooling time 0.00711 0.00586 121 0.239 1.00
Ambient temperature —0.004818 0.000586 —8.22 0.000 1.00

3.3. Analysis of Variance (ANOVA)

The ANOVA in this study is used to identify parameters that significantly affect the
quality characteristics of the injection-molded preform. In addition, the contribution of
each factor in inducing warpage is also identified. The variance analysis data as presented
in Table 6 show the pooled ANOVA results. The F-ratios were obtained at a 95% confidence
level. In the variance analysis method, the ratio of the adjusted SS value of each factor to
the total sum of the adjusted SS value gives the percent contribution of each factor. Based
on the ANOVA results from Table 6, the percent contribution of each factor is obtained
and presented in Table 7. It can be seen from Table 7 that the most significant factor is
the ambient temperature, which contributes 41.278% to the yielding of warpage while the
melting temperature is the second most important factor that contributes almost 42.116% to
the yielding of warpage. The percent contribution of mold temperature is 5.1628%, while
that of injection pressure, cooling time, and pressure holding time is 1.3258%, 1.1976%, and
0.59678%, respectively. It can be seen from the analysis that the pressure holding time has
the least effect on the yielding of warpage. Based on the analysis of variance, the percent
contribution of each factor is given in Table 7.

Table 6. Variance analysis.

Source DF Adj SS Adj MS F-Value p-Value

Regression 6 0.021877 0.003646 23.60 0.000
Melting temperature 1 0.010306 0.010248 66.33 0.000
Mold temperature 1 0.001289 0.000945 6.11 0.023
Injection pressure 1 0.000331 0.000003 0.05 0.888
Pressure holding time 1 0.000149 0.000008 0.02 0.819
Cooling time 1 0.000299 0.000228 1.47 0.239
Ambient temperature 1 0.010515 0.010445 67.60 0.000

Error 20 0.002077 0.000155

Total 26 0.024967

Table 7. Percent contribution of each process condition.

Factor Contribution
Melting temperature 0.010306 41.278%
Mold temperature 0.001289 5.1628%
Injection pressure 0.000331 1.3258%
Pressure holding time 0.000149 0.59678%
Cooling time 0.000299 1.1976%
Ambient temperature 0.010515 42.116%
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Furthermore, according to the statistical analysis of Minitab, the F-distribution statistic
value is F = 3.37 at a confidence level of 95%. By referring to the variance analysis table
it can be seen that for the ambient temperature the [Fgtatistic = 67.60 > 3.37] and melting
temperature whose [Fgatigtic = 66.33 > 3.37] shows that both the factors are significant to
the warpage defect. Similarly, the mold temperature, whose [Fgatistic = 6.11> 3.37] which
is slightly higher than the F-distribution factor compared with the ambient temperature
and melting temperature, has a slight impact on the warpage defect. For the cooling time,
the [Fgtatistic = 1.47 < 3.37] has no impact on the warpage defect in the process. Moreover,
for the injection pressure, the [Fgatistic = 0.05 < 3.37] has a low impact on the warpage.
In the variance table the lowest value for the F-distribution is the pressure holding time
[Fstatistic = 0.02 < 3.37], which means that the pressure holding time in this study has the
lowest impact on the warpage defect.

Table 7 shows the percent contribution of each factor; ambient temperature contributes
the most to the warpage while the pressure holding time contributes the least to the
warpage defect.

3.4. Warpage Optimization

Since the goal set for the warpage optimization is based on the signal-to-noise ratio
being set to the smaller the better, this means that the smallest value of warpage is the most
optimal. For warpage optimization, the response optimizer of the Taguchi design is used to
minimize the warpage in the PET preform. The target value for the warpage minimization is
set at 1.3452. The response optimizer solution produced encouraging results. The optimizer
solution shows that if the process conditions are the same as predicted by the optimizer,
then the warpage can significantly reduce from the practical value of 1.4556 mm (to almost
1.33803 mm) as shown in Table 8. This denotes an almost 7.7202% reduction in warpage.
When preforms are put under high pressure, the rate at which bottling firms reject them
may be decreased by reducing warpage because the reduction in warpage helps in the
reduction in the stress concentration points. This also results in less material waste at the
production plant. The optimized solution for the warpage reduction is given in Table 8 at a
confidence level of 95%. The graphical representation of the optimized solution is given in
Figure 8.

Table 8. Optimized solution for warpage.

. Melting Mold Injection Pressure . . Ambient
Solution . . Cooling Time
Temperature Temperature Pressure Holding Time Temperature
1 275 15.5 1.65 15 35
. W, i
Solution arpage (mm) Cor.npo.51't ¢
Desirability
1 1.33803 1
Optimal Melting Mould Te Injectio Pressure Cooling Ambient
- 1.000 High 290.0 285.0 16.50 1.650 2.50 35.0
< Cur 1280.0) 1275.0] 115.50) 11.650) 11.50] 135.0]
Low 280.0 2750 1550 1.550 1.50 250
Warpage '/
Minimum
y = 1.3380 )
d=10000 ||/ o —

Figure 8. Graphical representation of the optimized solution.
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From Figure 8 it can be seen that as we increase the ambient temperature from 25
to 35 °C, the warpage decreases with the increase in ambient temperature. This is why
the optimizer selected the upper level of ambient temperature for the minimization of
warpage, i.e., 35 °C, as shown in Table 8. The trend for the melting temperature is in a
reverse order because as the melting temperature increases the warpage increases, but
as the melting temperature decreases the warpage decreases. This is why the optimizer
chose the lower-level value of 280 °C in order to reduce the warpage. Similarly, the trend
for the mold temperature is also in the reverse order; as the mold temperature decreases,
the warpage defect decreases in the molded part. To obtain the minimum warpage, the
ambient temperature should be further increased while the melting temperature and the
mold temperature should be further reduced. The standardized residual plot for all the
experiments conducted numerically is presented in Figure 9.
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Figure 9. Standard Residual Plot for Numerical Simulations.

3.5. Simulation Contours

The contours of the warpage and in-mold residual stress displacement are presented
in Figure 10. Figure 10a contour shows the total average warpage induced in the x, y, and
z-direction. While Figure 10b shows the in-mold residual stress displacement.

The material properties of the PET Generic material used to execute the simulation and
obtain the optimum results are presented in Figures 11a and 11b, respectively. Figure 11a
shows a graph of the viscosity versus the shear rate, while Figure 11b shows a graph of the
specific volume vs. temperature curves for the PET Generic material.

3.6. Validation of the Results

For all the designs of experiments listed in Table 3, the simulation results were vali-
dated with the experimental results. Both the results show close agreement with each other
with almost a slight deviation, as shown in Figure 12. The red dots show the experimental
value against each experiment while the black dots show the simulated result for each
experiment as shown in Table 3 of the orthogonal Taguchi array.
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Figure 10. (a) Warpage contours of PET preform. (b) In-mold residual stress displacement.
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4. Conclusions

In this study, warpage optimization was conducted by optimizing the process pa-
rameters through statistical, numerical, and experimental-based approaches using the
Taguchi method and the SolidWorks Plastics add-in. The results indicate that the ambient
temperature is the most critical parameter and is ranked at the first level, followed by the
melting temperature, compared with the other four parameters. Overall, the combined
percent contribution of the ambient temperature and the melting temperature is almost
83.38%. The results show that the pressure holding time contributes the least to devel-
oping warpage. The results indicate that the warpage is reduced by almost 7.72% from
1.4556 mm to 1.33803 mm. In future, another study could be conducted to optimize the
volumetric shrinkage of the preforms which could further lower the induction of the stress
concentration areas and reduce the rejection rate of the preforms further.

The main conclusions of this study include:

1.  Ambient temperature is the most significant parameter in terms of warpage. The per-
cent contribution of the ambient temperature to the warpage is approximately 42.116%.

2. The melting temperature is the second most significant parameter contributing to the
warpage, almost 41.278%.

3. The mold temperature and injection pressure contribute to the yielding of warpage at
5.16% and 1.32%, respectively.

4. The results show that the cooling time has less impact on the warpage and contributes
only 1.19%. The pressure holding time has negligible impact on the warpage, and it
contributes only 0.59% to the yielding of the warpage.

5. The warpage of PET preform can drop by almost 7.7202% if optimized process param-
eters are followed. The warpage, under such conditions, can be limited to 1.33803 mm.
This means the proposed simulation technique and the Taguchi method can be used
efficiently to reduce the warpage in the injection molding processes.

6. Warpage optimization decreases the waste of PET material in the production facility
and the rejection rate of the PET preform in the bottling industry at higher pressures.
The rejection rate of PET can be lowered by 4% if the suggested parameters are used.

7. Volumetric shrinkage is another decisive parameter that could help mitigate the
rejection rate of the preforms in the packing industry. It could be investigated in
future study.
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