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Abstract: The quality of injection plastic molded parts relates to precise geometry, smooth surface. strength, dura-
bility, and other indicators that are associated with the mold, materials, injection process, and service environ-
ment. The warpage is one of main defects of injection products. which cost much time and materials. In order to
minimize warpage to ensure the precise shape of molded parts, it needs to combine design, service conditions,
process parameters, material properties, and other factors in the design and manufacturing. Finite element tools
and material database are used to analyze the occurrence of warpage, and analysis results contribute to the improve-
ment and optimization of injection molding process of typical parts. To find the optimal process parameters in the
solution space. experimental data are used to establish backpropagation (BP) network for predicting warpage of a
bearing stand based on analysis with Moldflow. With a proper transfer function and the BP network architecture,
results from the BP network method satisfiy the criteria of accuracy. The optimal solutions are searched in the BP

network by the genetic algorithm with the finding that the optimization method based on the BP network is effi-
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1 Introduction

CAE technology matures as the development
of CAD/CAM technology through integration and
automation. With extensive research on polymer
material, rheology, computational mechanics,
heat transfer, computer graphics, and other basic
algorithms and tools, engineers have established
mathematical and physical models of injection
molding process. Using the boundary element,
finite element, and finite difference methods, we
can simulate the filling, packing, and cooling in
injection molding, and then predict effects of the
mold structure and technical parameters on the
quality of injection molded parts, such as possible
defects and their locations, thus providing refer-
ence and guidelines for mold and plastic product

design. Among others, warpage is the deforma-
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tion of plastic parts, in the other words, the un-
desired shape of plastic molded parts deviating
from the shape of mold cavity as common defects
to be avoided. With the sophistication of plastic
industry, requirements of appearance and usabili-
ty have been the top concern. As one of impor-
tant indicators to measure the quality of plastic
products, warpage has received more and more
attention of mold designers and process engi-
neers.

There is an apparent nonlinear function rela-
tionship between injection molding process pa-
rameters and product quality indicators, and ex-
perimental method is one of the important ap-
proaches which are frequently used for this
study. Experimental methods are divided into
two categories including actual experiments and

numerical simulation. Usually experiments will
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need more time and cost, promoting engineers to
choose simulation experiment instead. Chen et
al™ used an orthogonal table to design simulation
experiment, and evaluated the surface quality of
products through the signal-to-noise (S/N) anal-
ysis of experimental results. They found that the
technical parameters, such as mold temperature,
injection time, injection speed. and velocity-pres-
sure (V/P) switch-over time had a great influence
on the surface quality of injection products.
Artificial intelligence is defined as a man-
made computer system performing logic calcula-
tion based on human intelligence without human
participation or intervention. Artificial intelli-
gence can imitate, extend, and expand human in-

1"} created a method

telligence. Kurtaran et a
combining artificial neural network with genetic
algorithm (GA), then he optimized process pa-
rameters to reduce the warpage of injection mold-
ing products. Ozcelik et al®! used Taguchi and
analysis of variance (ANOVA) methods to obtain
the process parameters having great impact on the
warpage, then used artificial neural network to
establish the functional relationship between
process parameters and buckling deformation, fi-
nally optimized process parameters by GA. Yen

' optimized the length and cross-section si-

et a
zes of flow channels by artificial neural network
to reduce the warpage deformation. Shie™ de-
fined process parameters as design variables and
optimized them by sequential quadratic program-
ming algorithm and artificial neural network,
finding that optimized results are better than that
of the experimental design. Oktem et al®™ com-
bined the artificial neural network with GA for
the optimization of surface roughness. Yarlagad-
da et al"™ used artificial neural network to opti-

mize the process parameters in the process of in-

jection molding. Kwak et al"® used artificial neu-
ral network to establish a functional relationship
between process parameters and quality indexes,
and optimized the process parameters. Wang et
al® used artificial neural network model to estab-
lish the functional relationship between process

pressures in injection molding, then completed

the optimization design of process parameters
based on the optimization of pressure.

In this paper, we study the combination of
numerical simulation with BP neural networks to
perform the optimization of injection molding
process. In order to find the optimal process pa-
rameters in the solution space, we use the experi-
mental data to establish the BP network for pre-
dicting warpage of a bearing stand based on warp-
age analysis with Moldflow. With a proper trans-
fer function and the BP network architecture, the
results from the BP network method satisfy the
criteria of accuracy. Finally we search the optimal
solutions in the BP network by GA with the find-
ing that the optimization method based on the BP

network has higher optimization rate.

2  Orthogonal Experimental Design

In order to optimize process parameters for
the warpage of a plastic component, we need to
study warpage under different combinations of in-
jection molding process parameters. Essentially,
this is a multi-factor optimization problem. Be-
cause the optimization is related to the influence
of multiple factors and the number of factors is
large, simulating all combinations of factors will
cost a lot of time, and it is not practical to com-
plete all simulations through computing. In order
to reduce test times and shorten the optimization
process, appropriate arrangement of variable
combinations is suggested.

As shown in Fig. 1, a bearing stand is chosen
as the plastic injection molded part of this study.
The plastic part is a plate-type one, and warpage

is the most important indicator of quality. Exces-

~ _*ﬂ—\ 7”" (':
|

Fig. 1 Plastic bearing stand
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sive warpage of plastic parts usually lead to as-
sembly problems and stress concentration in cer-
tain locations which can cause earlier failure.
Width, length, and thickness of the plastic bear-
ing stand are 200, 300 and 2. 5 mm, respectively.
It is made of ABS PA-747 with material proper-
ties given in Table 1.

Table 1 Material properties

Property PerforrrTanc.e
characterization
Melting density/(g * cm™*) 0.984 3

Solid density/(g « ecm ) 1.03
Ejecting temperature/°C 215
Maximum shear stress/MPa 30
Heat distortion temperature/°C 96
Melting flow index/(ml « (10 min) ") 13

Young's modulus/GPa 2. 46

Poisson’s ratio 0.38

The objective is to generalize the relationship
between key process parameters, such as mold
temperature, melt temperature, packing time and
packing pressure, and the warpage of plastic
bearing stand, so we can set proper ranges of
these process parameters. The mold temperature
(T,oas factor A) range is 30—90 °C. The melting
temperature (T, ., factor B) range is 200—280
°C. The packing time (PT, factor C) range is 2—
14 s. The packing pressure (PP, factor D) range
is 30—70 MPa. We set five levels for each
process parameter, as listed in Table 2.

In order to carry out the warpage optimiza-
tion of the plastic bearing stand, we must choose
the appropriate characteristic sizes to express the
deformation degree of the plastic part. As shown
in Fig. 2, we place the bearing stand on a horizon-
tal workbench with A& as the maximum horizontal
distance between the surface of the plastic bearing
stand and the horizontal worktable, and A is cho-
sen as the warpage indicator. Engineers have used
the warpage indicator for the warpage optimiza-
tion of the plastic parts. The CAE software
Moldflow is used to perform the simulation
work. The warpage result by Moldflow is also
listed in Table 2.

Table 2 Result of orthogonal experimental design

No. Tuwoa/°C Twa/°C PT/s PP/MPa Warpage/mm

1 30 200 2 30 2.269
2 30 220 5 40 1.559
3 30 240 8 50 1.212
4 30 260 11 60 1.097
5 30 280 14 70 0.985
6 45 200 5 50 1. 416
7 45 220 8 60 1.232
8 45 240 11 70 1.071
9 45 260 14 30 1. 338
10 45 280 2 40 1. 930
11 60 200 8 70 1.182
12 60 220 11 30 1.527
13 60 240 14 40 1. 181
14 60 260 2 50 2.835
15 60 280 5 60 2.029
16 75 200 11 40 1. 300
17 75 220 14 50 1.217
18 75 240 2 60 2.620
19 75 260 5 70 2.348
20 75 280 8 30 1. 169
21 90 200 14 60 1. 139
22 90 220 2 70 2.264
23 90 240 5 30 1.472
24 90 260 8 40 1.258
25 90 280 11 50 1. 097

)

Fig.2 Selected warpage indicator

Range analysis is used to process the warpage
data from simulation. We can obtain the warpage
mean of each factor level and then use Fig. 3 to
obtain mean values of the change of each factor.
In Fig. 3, we can see that PT is the most impor-
tant parameter on warpage and it is followed by
Trolas Taer» and PP, respectively.

As the mold temperature rises, the warpage
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Fig. 3 Range analysis of orthogonal experiments
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will become larger. Low mold surface tempera-
ture is more suitable for the injection molding of
the bearing stand. As a result, we must take
measures to reduce the temperature of the mold,
such as reducing the temperature of cooling liquid
or using efficient cooling system. As the melt
temperature rises the warpage will become lower.
Higher melt temperature can alleviate the warp-
age problem of the bearing stand. The influence
of the holding pressure on warpage is complicat-
ed, and the change of the warpage is not signifi-

cant in the packing pressure range.

3 Optimization of Injection Molding
Process Based on CAE Analysis
and BP Network

BP neural network is widely used neural net-
work model and can represent complex nonlinear
relationship. The BP neural network includes the
input layer, the hidden layer, and the output lay-
er. There are a lot of data transmission in the BP
network structure with weights and threshold
values of each layer as key elements to establish
input-output mapping relation in the BP network.
The effect of BP network is divided into two pha-
ses, namely the learning phase and working
phase.

In the learning phase, the input layer re-
ceives data from an external source, and trans-
mits to neurons in the middle layer. The hidden
layer is a data processing layer which is responsi-
ble for the transformation of data, and the hidden
layer can be a structure of single or multiple com-
ponents. The last hidden layer sends the data to
output layer after processing, and then the result
will be seen as output. The learning process is
completed with the cycle. Then BP system com-
pares the actual output and the expected output to
obtain the output error, and the error is fed back
to previous layer. The weights and threshold val-
ues of each layer are adjusted by using the gradi-
ent descending algorithm to minimize the output
error. The above process is performed repeatedly

to force the quadratic sum of errors satisfy the

convergence requirements.

After the weights and the threshold of each
layer are fixed, the BP network moves into the
working phase. The BP network can use the fixed
weights to solve practical problems. The main
task of the working phase is to obtain a reliable
output value from the input value according to the
specific BP model.

Since actual factors are often different varia-
bles with dimensions, it is not convenient to
process the input data for the hidden layer. The
problem seriously affects the convergence speed
of training process. In order to deal with the
problem, we need to normalize the input data be-
fore the start of training process of the BP net-
work.

The BP architecture established in this paper
is known as 4-5-1 type. The maximum number of
the iteration is set to be 1 000, while the target of
the error is set to be 107°. A new transfer func-
tion is used as the transfer function in the hidden

layer with definition

1 1 1
S(x) :g(l e O1GHD + 14 e Ol +
1
T e )

The orthogonal experiment obtains 25 sets of
data of warpage, among which 18 sets are used as
training samples, and 7 sets as the validation
samples. We use Matlab programs to build and
train the BP network. The training result is
shown in Fig. 4 and the test result is shown in
Fig. 5.

From Fig. 4, it is learnt that the BP network
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Fig. 4 Training results of BP network
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Fig. 5 Test results of BP network

fits the training sample points well. The predic-
ted results by the BP network are coincident with
test sample points. In Fig. 5, the maximum error
is 0. 02 mm, shown an error rate about 1. 8.
The prediction of the BP network satisfies the re-
quirements.

The objective is aimed at the smallest warp-
age. As aresult, we need to use GA to search the
minimum warpage in the BP network. The calcu-
lation process of GA is shown as Fig. 6. When the
mold surface temperature is 33. 3 °C, the melting
temperature is 270, 8 °C, the holding time is 10. 8
s, the holding pressure for 54 MPa, and the value

of the warpage reaches the minimum.
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Fig. 6 Computing process of GA

A verification test is used to check the accu-
racy of analytical results from actual engineering
experiments. In other words, the verification test
can validate the effectiveness of the optimization
method based on the BP network. After obtaining
the combination of optimal parameters from GA,
we use them with Moldflow to simulate the injec-

tion process. The warpage by the optimal param-

eters based on the BP network is 0. 953 3 mm.
The result is shown in Fig. 7. The warpage result
from the original process is 1. 453 mm, implying
a reduction rate of 34. 6% with the optimization

based on the BP network.
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Fig. 7 Warpage result by optimal parameters based

on BP network

4 Conclusions

With an extension of computer analysis of in-
jection molding products, the warpage quality of
injection molding products is simulated and meas-
ured. In order to get high quality products, we
try to use various methods to optimize the process
parameters and mold structure.

The data obtained by orthogonal test method
are used to build a BP network which can express
the relationship between the process parameters
and the quality. By choosing appropriate transfer
function, we set up the network structure whose
capability of prediction meets the process needs.
Then we use GA to search optimal solutions in
the parameter space. Finally warpage result from
the optimization method based on the BP network
shows a significant improvement in the warpage
of the plastic bearing stand.

The analytical example is based on the ther-
moplastic injection molding. Other injection
molding process can be optimized by the BP net-
work with the same principle and method.

We can also expand the choice of objective of
optimization for other quality indicators and pro-
ducts. By combining multi-objective evaluation
method on the quality of plastic parts, we can
complete the multi-objective optimization of injec-

tion molding based on CAE and the BP network.
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This is an ongoing project in collaboration
with industry on the computational approaches in
the improvement of plastic injection process and
quality. We intend to implement the optimal
process scheme in the actual production to even-
tually build a digital process of the mold design
and plastic injection. Of course, it will also have
impact on the part design and eventual perform-

ance of products as a plan for technological-capa-

bility building in manufacturing sector.
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