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Abstract: In this paper, a five-part study on the molding quality of box-type thin-walled injection molded parts

with volume shrinkage and warpage deformation was conducted. In the first part, the molding parameters: filling

time, plastic temperature, mold temperature (C), holding time (D), maximum holding pressure (E), and cooling

time (F) were selected, and a six-factor, five-level L25 (56) orthogonal experimental design (OED) was designed.

Then, the optimal combination of molding parameters was optimized by using gray correlation (GC) theory

analysis. In the second part, the six molding parameters from the first part were further optimized based on the Box

Behnken Design (BBD) response surface method (RSM) and BP neural network (BPNN) training, and the results

showed that the fitted regression model after BPNN training had a smaller prediction error. In the third part, the

regression models fitted with BBD and BPNN-BBD are further optimized globally. The optimization search

method uses the NSGA-II genetic optimization algorithm. And comparing the above four optimization methods

found that BPNN-BBD-NSGA-II prediction error < BPNN-BBD prediction error < BBD-NSGA-II prediction error

< BBD prediction error. The fourth part is based on the inverse-deformation design (IDD) theory. The

NX/Moldex3D global optimization platform is created to finally almost completely eliminate warpage deformation

of box-type thin-walled injection molded parts. In the last part, a trial mold verification analysis was performed,

and the molding quality data was obtained by using optical scanning instruments, and the GOM software was used

to compare and analyze the deviation values of each appearance surface and the flatness values.

Key words: Molding quality; Parameter optimization; Response surface method; BP neural network; NSGA-II;

Inverse-deformation design.



1 Introduction

Due to lightweight, Plastic injection molding (PIM) as a polymer material processing method is a widely used

in automotive parts [1]. It has the advantages of fast production speed, high economic efficiency and high precision,

and the ability to produce complex items by injection molding, which plays an important role in the plastics

industry[2]. A complete molding cycle of PIM generally has four steps: filling, holding, cooling, demoulding[3].

During the filling process the granular or powdered plastic is heated and melted from the barrel of the injection

molding machine table and plasticized into a viscous fluid melt. The melt is injected at high pressure into the mold

cavity by the injection molding machine screw or plunger through the nozzle at a high flow rate. After a certain

time of holding pressure and cooling, the shape presented by the mold cavity can be maintained. Finally, the mold

is opened for demolding of the plastic part to obtain the molded part. During the molding cycle of PIM, the quality

of the molded part is influenced by molding parameters[4], mold design[5], product design[6], and material[7], as

summarized in Fig.1. Among them, the former two factors, namely, molding parameters and mold design are the

most important to to improve the quality of molded parts.Therefore, the optimization of molding parameter and

mold design has become the research focus in industry and academia. But the whole PIM process we can not see

the internal changes with our eyes, just like a black box. Therefore, Through the computer aided engineering (CAE)

analysis is a good way to predict the product defects in the actual injection molding process, such as short shot,

suture, dent and warpage deformation, so as to open the black box in the PIM process[8].

Fig.1 Fish bone diagram of main factors affecting molding quality

PIM process has the characteristics of multiple inputs[9], multiple outputs[10], strong coupling and

nonlinearity[11]. The research on modeling PIM process by computer is the focus of research in recent years[12].



In order to improve the dimensional accuracy of injection molding products, it is necessary to study the influence of

PIM parameters on the product size and optimize the design[13]. In the research of the influence of molding

parameters on the quality indicators of injection molded products: Minjie Wang et al.[14]provided a numerical

dynamic injection molding technology based on finite element method (FEM). The numerical simulation method

introduces vibration force into traditional injection molding process. The dynamic parameters of pressure response

are analyzed in detail. In the warpage optimization work, the structure of three different forming materials is

selected for comparison. The sequence optimization method based on Gaussian process is used to minimize the

final warpage of each product. Huang et al.[15]developed a scientific parameter optimization and adjustment

method by using the molding parameter setting data provided by the machine, and analyzed and explained the

contour of injection speed, injection pressure, cavity pressure and injection screw position. The main parameters of

each stage were determined respectively, including injection speed/pressure, speed-pressure switching point, filling

pressure and time in the filling stage. The parameter curve obtained through parameter optimization can be used for

continuous mass production and process monitoring. Ageyeva T et al.[16]provided a comprehensive overview of

the in-mold process monitoring tools and methods proposed for injection molding process control in the context of

Industry 4.0 research. Established process monitoring techniques, direct temperature and pressure measurements

with standard sensors and newly developed sensors, as well as techniques for measuring indirect process

parameters such as viscosity, warpage deformation or volume shrinkage are reviewed. Dong et al.[17]proposed a

self-learning parameter optimization method, the Iterative Gradient Approximation Adaptive Optimization (IGAO)

method, which uses batch information and does not require optimization models to be built through a large number

of experiments. Zhao et al.[18]summarized the recent research progress of experimental design and four advanced

methods (artificial neural network, genetic algorithm, RSM, and Kriging model) in optimizing molding parameters

to minimize warpage deformation and volume shrinkage. By analyzing the research results of literature[13-18], it is

not difficult to find that, in order to improve the quality of injection products, advanced machine learning methods

to optimize the molding process parameters and the development of automatic monitoring equipment to monitor the

pressure, temperature and other parameters in the mold are the focus of research.

Moreover, the design of mold cavities is a very complex task[19],and the final acquisition of traditional mold

cavities is usually based on the "trial and error" method of mold cavity design, which is time-consuming and

laborious[20]. Wang, GL et al.[21]by analyzing the thermal response of the molding system, the effects of

heating/cooling media, heating/cooling channel layout and structure, and mold structure on heating/cooling

efficiency and temperature uniformity were investigated. Based on this, the design of the hot liquid heating rapid



heat cycle molding (RHCM) mold was optimized. In recent years, with the development of 3D printing

technology[22], more and more special-shaped waterway designs are applied in injection molds to improve cooling

efficiency and molding quality. Chu, HY et al.[23]provided a decision model for structural parameters of injection

mold pouring system was established for 200 ~ 1300 mm flat plastic parts. The experimental results of mold flow

analysis show that the structural parameters of pouring system obtained by this method meet the design

requirements and can effectively shorten the design period of injection mold structure.

Sometimes in order to improve the molding accuracy of injection molded parts, the design of mold cavities

must consider the design of compensation for warpage deformation of parts[24-25]. Zwicke, F et al.[26]based on

the problem of mold cavity design in injection molding application, an antishape design method of thermal

elastomer was introduced. Taking the known equilibrium shape as input, the problems in the process of thermal

expansion or contraction and nonlinear elastic deformation are analyzed, and the corresponding initial shape of the

object is determined. Specifically, the numerical calculation of the part injection molding process is carried out with

the help of CAE software[27]. The CAE analysis software mainly includes Moldex3D[28], Moldflow[29], etc.

Through the CAE software analysis can quickly view the analysis results[30], find out the mold design defects so

as to timely modify/compensate the mold design. For example, warping deformation is the main factor affecting the

forming quality. We can first use CAE software to analyze the results of warping deformation analysis to

compensate the mold cavity design, so as to greatly reduce or even eliminate the warping deformation defect[31].

In order to reduce the volume shrinkage and warpage deformation of the box-type thin-walled injection

molding parts, different optimization algorithms are used to optimize the parameter combination for the important

plastic injection molding parameters. Boundary layer mesh (BLM)[32]3D solid meshes are adopted to improve the

accuracy of the analysis. Due to the large number of combinations between molding parameters[33], the analysis

process was first conducted using an OED[34]. In order to satisfy both the minimum volume shrinkage and the

minimum warpage deformation, the data from the OED are analyzed based on the GC theory to find the best

combination of parameters[35]. The optimal parameter combination obtained by GC theory is input into Moldex3D

Studio 2021 for simulation verification analysis and comparison. Then we designed the combination of molding

parameters based on BBD[36] in Minitab 2021 software, and input the combination of molding parameters into

Moldex3D Studio 2021 for simulation analysis to obtain the volume shrinkage and warpage deformation data. Data

one is obtained by using the BPNN[37]training toolbox of Matlab software to optimize the training and then the

optimal combination of molding parameters is obtained by RSM optimization analysis in Minitab 2021 software.

One is to perform RSM optimization analysis directly in Minitab 2021 software to get the best combination of



molding parameters. The best combination of the two sets of molding parameters was then input into Moldex3D

Studio 2021 for simulation and verification analysis. In order to achieve the optimal combination of molding

parameters globally under different parameter settings, the Elitist Non-Dominated Sorting Genetic Algorithm

(NSGA-II)[38]is used for the dual objectives of volume shrinkage and warpage deformation. Input the optimal

combination of molding parameters optimized by NSGA-II into Moldex3D Studio 2021 to obtain the analysis

results, and compare and verify the error between the genetic algorithm analysis and the simulation. Based on the

above elaboration, the above scholars mainly optimize the molding parameters alone or optimize the mold design

alone to improve the injection mold molding technology, which provides us with many academic references to

continue our in-depth research.

In this paper, draws on the research ideas of many scholars to combine both optimized molding parameters

and IDD to improve the quality of box-type thin-walled molded parts. Finally, a test mold verification comparison

analysis is also performed. Comparing the analysis results under the optimal molding parameters obtained by the

above optimization methods. Based on the IDD theory to give the compensation design of the mold cavity rebound

amount. The injection molded products were obtained by test mold, and the data were analyzed by optical 3D

scanner from GOM[39], Germany. The analysis results were compared with Moldex3D simulation analysis results

and with the original CAD model to meet the design requirements. The specific analysis process of this paper is

shown in Fig.2.

Fig.2 The whole analysis flow of this paper

2 Control equation of PIM, material and model



2.1 Control equation of PIM

Polymer plastics are non-Newtonian fluids and there is no rheological equation that accurately reflects the

flow nature of non-Newtonian plastic melts. Moldex3D software applies the Cross-exponential viscosity model,

which can represent the correlation of temperature, shear rate and pressure based on viscosity. The viscosity model

can be expressed as the following equation[40]:

n-1
0

0

1 















(1)

 
 










c

c

TTA
TTAD

2

1
10 exp

(2)

Where is viscosity；  is shear rate；T is temperature； n is power-law index； PDDTc  32 , where P is

pressure. 21321322
~~ AADDDnPDAA ，，，，，，，   is data fit coefficient. ，1.0n ，g/(cm.sec)1107.21  eD

，KD 15.4172  ，03 D ，99.231 A ，KA 6.51~
2 

2/0617.9 cmdyneeP 

Injection molding simulation technology mainly uses the basic theories of polymer materials science, rheology,

heat transfer, computational mechanics and computer graphics to establish mathematical and physical models of the

injection molding process and construct effective numerical calculation methods to realize the simulation analysis

of the molding process[41]. The CAE analysis of the PIM process is mainly described by the equations of energy

conservation, momentum conservation and mass conservation. Due to the complexity of analytical solutions,

numerical simulations are often used to complete approximate solutions. The mathematical model of the PIM

molding cycle before demolding, filling, holding and cooling is as follows[42].

(1) Filling

Plastic melt filling process can be considered as a viscous incompressible non-isothermal flow and heat

transfer process, using the basic equation of viscous incompressible fluid description. The continuity equation is:

  0
t



  

(3)

Where  is density,  is velocity.

The equation of motion is:
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In the formulaF


is the physical force,  is the deviatoric stress tensor, P is the pressure.

The energy equation is:
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Where PC is the specific heat capacity, k is the thermal conductivity, s is the internal heat generated, T is

the temperature.

The constitutive equation is:

    2 (6)

Where  is the strain rate tensor and  is the partial stress tensor. Once the above mathematical model is

established, the flow simulation can be performed by numerical methods. Usually a hybrid finite element

method/finite difference method (FEM/FDM) is used. The flow simulation uses a generalized Hele-Shaw model for

non-Newtonian fluids at non-isothermal temperatures to simulate the injection filling process； the momentum

conservation equation and energy conservation equation are solved by a coupled finite element/finite difference

algorithm to obtain the pressure, temperature, and velocity fields；the melt flow front is followed by a controlled

volume method. Through flow simulation, information such as temperature, pressure, speed and clamping force in

the cavity can be obtained, which can help to design the gating system, optimize the injection molding parameters,

find possible molding defects and propose corresponding countermeasures.

(2) Holding

After filling, in order to make up for the volume shrinkage caused by the cooling process of the melt, it is

necessary to make the screw continue to move forward slowly to replenish the material with a certain pressure. This

process is called pressure holding.
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In the formula wu 、、 is the flow velocity in the direction zyx 、、 ,  is the density, PC is the specific

heat capacity, k is the thermal conductivity, P is the pressure, T is the temperature,  is the shear viscosity,  is

the shear rate.

(3) Cooling



The cooling process of the injection mold refers to the stage from the end of the pressure holding to the

ejection of the product from the mold. The actual cooling process is very complicated, and its mathematical model

is given on the assumption that the plastic part is in complete contact with the mold wall. The control equation of

heat conduction in the cooling process is as follows:

t
TTTT

P 










































 c

zzyyxx zyx 
(8)

The initial conditions of formula (8) are as follows:
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In the formula zyx  ，， is the thermal conductivity in the direction zyx 、、 , T is the temperature, q is the

heat flow,  is the heat transfer coefficient, t is the time, V is the space domain of the mold heat transfer body,

bqt SSS ,, is the boundary surface for the given boundary conditions.

2.2 Material

The material used in this experiment is polycarbonate (PC) supplied by SABIC Corporation (GE), USA, and

the material type is LEXAN121R. The solid density of this material is 1.2 g/cm3, tensile modulus is 2350 MPa, and

Poisson's ratio is 0.4. Detailed parameters are shown in Table 1. The viscosity and pressure-volume-temperature

(P-V-T) curves of this material are available in the software Moldex3D, as shown in Fig.3 (a) and (b) .

Table 1 The material properties of PC polymer

Commercial product name SABIC (GE) LEXAN121R

Solid density ( g/cm3 ) 1.2

Material structure Amorphous

Melt Volume Rate ( cm³/10 min ) 21

Thermal Conductivity ( W/m℃ ) 0.2

Tensile Modulus, 1 mm/min ( MPa ) 2350

Mold Shrinkage on Tensile Bar, flow ( % ) 0.5 ~ 0.7

Hardness, H358/30 ( MPa ) 95

Poisson ratio 0.4

Ejection temperature ( ℃ ) 147

Curing temperature ( ℃ ) 164



(a) Viscosity (b) P-V-T

Fig.3 Viscosity and P-V-T curves

2.3 Model information

The size of the product is as shown in the Fig.4, length×width×height =300 mm×98 mm×57 mm. The plastic

parts were numerically simulated using the Moldex3D Studio 2021 version software of CoreTech Syst Moldex3D

Co Ltd. Fig.5 shows the finite element analysis model, including product model, runner design and waterway

design.The mesh division adopts BLM, the mesh size is set to 5 mm, the total number of mesh elements of the final

plastic part is 148781, and the total number of flow channel mesh elements is 62900. According to Fig.6 (a) shows

that the minimum value of the model wall thickness is 1.3208 mm and the average value is 3.4535 mm. Fig.6 (b)

gives the flow length of the plastic from the start of the gate to the end of the flow using the particle tracking

technique, where the maximum flow length is 372.5679 mm. Because product thickness and flow length both affect

flow capacity, product design is usually checked for good design by the value of “Flow length ratio”[43], which is

defined as equation (9). So based on the data given in Fig.6, we can calculate the maximum “Flow length ratio” to

be approximately 108. This is clearly out of the range of the optimal flow length ratio of the PC material, which

means that the flow at the end of the filling is poor.

108
4535.3
5679.372

products plastic of  thicknessAverage
end filling  toflow gate from plastic of distance Filling/ tL (9)

Fig. 4 Model design dimensions



Fig.5 Finite element analysis model (Moldex3D)

(a) Model thickness analysis (b) Plastic Particle Tracking

Fig.6 Model thickness analysis and plastic particle tracking analysis

3 OED and GC

3.1 OED

CAE simulations were performed on the plastic parts to determine the preliminary molding parameter settings.

The scope was based on the material processing recommendations for the selected PC, and the preliminary

injection molding process parameters were set. Since filling time, plastic temperature, mold temperature, holding

time, maximum holding pressure, and cooling time are the most important factors affecting the volume shrinkage

and warpage deformation of plastic parts, these six factors are selected as test factors, respectively A, B, C, D, E , F

instead. Refer to Moldex3D Studio 2021 software's recommended injection molding values for PC materials, set

the filling time (A) to 1.5 ~ 3.5 s, the plastic temperature (B) to be 280 ~ 310 ℃, the mold temperature (C) to be 70

~ 94 ℃, and the holding time to be (D) is 13 ~ 17 s, the maximum holding pressure (E) is 145 ~ 165 MPa, and the

cooling time (F) is 18 ~ 26 s. Without considering the interaction between the six factors, and according to the



value range of the 6 main factors, five level factors were evenly selected respectively. Table 2 shows the

combination of factors and levels in the experiment.

Table 2 Factors and levels of the test

Levels
Factors

A /s B /℃ C /℃ D /s E /MPa F/s

1 1.5 280 70 13 145 18

2 2 287.5 76 14 150 20

3 2.5 295 82 15 155 22

4 3 302.5 88 16 160 24

5 3.5 310 94 17 165 26

OED is an efficient and fast experimental design method. In this paper, we study the effects of five levels of

six molding parameters on the optimization objectives, so we use the L25 (56) orthogonal table design test analyzed

by the expert group of Moldex3D Studio 2021 software to select the volume shrinkage (R1) and warpage

deformation (R2) as the minimum expected values. Select "C+F+P+C+W", i.e.

"Cooling+Filling+Pressure+Cooling+Warping" analysis sequence, the test scheme and simulation results are shown

in Table 3.

Table 3 Combination of orthogonal test parameters and test results

Number A /s B /℃ C/℃ D /s E /MPa F/s R1/% R2/㎜

1# 1.5 280 70 13 145 18 2.5771 1.0415

2# 1.5 287.5 76 14 150 20 2.2375 1.1264

3# 1.5 295 82 15 155 22 2.3175 1.2311

4# 1.5 302.5 88 16 160 24 2.2948 1.3361

5# 1.5 310 94 17 165 26 2.2846 1.4411

6# 2 280 76 15 160 26 2.1899 1.0714

7# 2 287.5 82 16 165 18 2.3043 1.2416

8# 2 295 88 17 145 20 2.3339 1.1108

9# 2 302.5 94 13 150 22 2.2758 1.2597



10# 2 310 70 14 155 24 2.3273 1.3449

11# 2.5 280 82 17 150 24 2.2653 0.9400

12# 2.5 287.5 88 13 155 26 2.2261 1.0834

13# 2.5 295 94 14 160 18 2.3175 1.2597

14# 2.5 302.5 70 15 165 20 2.2698 1.3709

15# 2.5 310 76 16 145 22 2.3263 1.2031

16# 3 280 88 14 165 22 2.2176 1.0609

17# 3 287.5 94 15 145 24 2.2541 0.9510

18# 3 295 70 16 150 26 2.2526 1.0551

19# 3 302.5 76 17 155 18 2.2490 1.2190

20# 3 310 82 13 160 20 2.2778 1.3810

21# 3.5 280 94 16 155 20 2.2295 0.9521

22# 3.5 287.5 70 17 160 22 2.1932 1.0651

23# 3.5 295 76 13 168 24 2.2807 1.1971

24# 3.5 302.5 82 14 145 26 2.2908 1.0662

25# 3.5 310 88 15 150 18 2.2601 1.2221

The above data were processed to find the average values of the quality response of the five levels for volume

shrinkage and warpage deformation under the six molding parameters, respectively. Due to the small targets set in

the OED, the optimal combination of parameters affecting volume shrinkage and warpage deformation can be

obtained from Fig.7 (a) and (b) respectively. The volume shrinkage was minimized for the molding parameter

combination A5B2C2D5E5F5, and the warpage deformation was minimized for the molding parameter

combination A5B1C5D5E1F5. Though the OED can make the sample points uniformly distributed throughout the

test space for single-objective optimization. However, the sample points are not continuous and there is no test

scheme that minimizes all objectives simultaneously.



Fig.7 (a) Quality response: Volume shrinkage

Fig.7 (b) Quality response: Warpage deformation

3.2 GC analysis

Signal-to-noise (S/N) is an indicator to measure the robustness of the output characteristics. There are three

types of S/N ratios, namely, the expected S/N, the expected small S/N, and the expected large S/N.

Assuming that the output characteristic index iy is a random variable with mathematical expectation.

 and 2 variance, the S/N can be expressed as:

2
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N
(10)

The larger the N value, the more stable the output characteristics. In practical applications, the S/N is generally

converted into dB values. According to the different optimization objectives, the look-ahead S/N ( TN ) can be

expressed as three types of calculations: look-ahead small, look-ahead large, and look-ahead.
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The look-ahead large S/N ( LN ) can be expressed as:
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The look-ahead small S/N ( SN ) can be expressed as:
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In actual production, since the volume shrinkage and warpage deformation are as small as possible, the S/N of

the two indicators can be calculated according to equation (13), respectively, and the results are shown in Table 4.

Considering the different magnitudes of the original variables and the large differences in values, which may have a

large impact on the model accuracy. The original data series are processed to eliminate the magnitudes and generate

a comparative data series.

The data processing equation for the look-ahead characteristics is:
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The data processing equation for the look-ahead large characteristics is:
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The data processing equation for the look-ahead small characteristics is:
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Where  kX i
 is the processed data series,   kX i

o is the original data series, mi ，，，  21 is the total number of

trials, n is the number of repetitions of each group of trials, in this paper 25m , 1n ,
  kX i
omax is the

maximum value of the original data column,   kX i
omin is the minimum value of the original data column,  o

iX is

the target value of the lookout characteristics. Using the formula (16) can be calculated to compare the data series

(as shown in Table 4), and the larger the value, the better the performance index.

Based on the processed data series, the formula for calculating the GC coefficient is shown in equation (17).
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is the reference sequence.

 kio is the deviation sequence； is the resolution coefficient,  10， ,  usually 0.5. According to formula

(17), the GC coefficient can be calculated. Since the correlation coefficient is the correlation degree value of the

reference sequence under each level combination, it is relatively scattered and cannot be compared as a whole, so

the average value is taken, and the GC degree-calculation is as follows formula (18) is shown. The GC coefficient

and GC degree are shown in Table 4. It can be seen from Table 4 that 01 minmax  ， .

     mikXkX
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k
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Table 4 GC analysis results

Numbe

r

N/S / SN Data processing sequence/  kX i
 GC coefficient

GC degree
R1 R2 R1 R2 R1 R2

1# -8.2227 -0.3528 1.0000 0.2399 0.3333 0.6758 0.5046

2# -6.9951 -1.0336 0.1320 0.4233 0.7912 0.5415 0.6663

3# -7.3002 -1.8057 0.3477 0.6314 0.5898 0.4419 0.5159

4# -7.2150 -2.5170 0.2875 0.8230 0.6349 0.3779 0.5064

5# -7.1762 -3.1736 0.2600 1.0000 0.6579 0.3333 0.4956

6# -6.8084 -0.5990 0.0000 0.3062 1.0000 0.6202 0.8101

7# -7.2506 -1.8794 0.3126 0.6512 0.6153 0.4343 0.5248

8# -7.3616 -0.9124 0.3912 0.3907 0.5611 0.5614 0.5612

9# -7.1426 -2.0051 0.2363 0.6851 0.6790 0.4219 0.5505

10# -7.3371 -2.5739 0.3738 0.8384 0.5722 0.3736 0.4729

11# -7.1023 0.5373 0.2078 0.0000 0.7064 1.0000 0.8532

12# -6.9510 -0.6961 0.1008 0.3324 0.8322 0.6007 0.7164

13# -7.3003 -2.0055 0.3478 0.6852 0.5898 0.4219 0.5058

14# -7.1198 -2.7402 0.2201 0.8832 0.6943 0.3615 0.5279

15# -7.3333 -1.6060 0.3711 0.5776 0.5740 0.4640 0.5190

16# -6.9175 -0.5134 0.0771 0.2831 0.8663 0.6385 0.7524



17# -7.0594 0.4366 0.1775 0.0271 0.7380 0.9485 0.8433

18# -7.0538 -0.4655 0.1735 0.2702 0.7424 0.6492 0.6958

19# -7.0397 -1.7203 0.1635 0.6084 0.7535 0.4511 0.6023

20# -7.1503 -2.8036 0.2417 0.9003 0.6741 0.3571 0.5156

21# -6.9641 0.4263 0.1101 0.0299 0.8196 0.9436 0.8816

22# -6.8217 -0.5477 0.0094 0.2924 0.9816 0.6310 0.8063

23# -7.1614 -1.5625 0.2496 0.5659 0.6670 0.4691 0.5681

24# -7.1999 -0.5571 0.2768 0.2949 0.6437 0.6290 0.6363

25# -7.0825 -1.7421 0.1938 0.6142 0.7207 0.4487 0.5847

Fig.8 The average correlation of each variable to the objective function

The greater the GC between warpage deformation and volume shrinkage, the better the quality of the product.

Fig.8 shows the average correlation degree of each variable to the objective function. Through statistical analysis,

the range of GC degree corresponding to different molding parameters is calculated as follows: filling time (A) was

0.1576, plastic temperature (B) was 0.2428, mold temperature (C) was 0.0538, holding time (D) was 0.0927,

maximum holding pressure (E) was 0.0963, cooling time (F) was 0.1265. From this, we can obtain the influence of

each factor in the following order: plastic temperature > filling time > cooling time > maximum holding pressure >

holding time > mold temperature. In summary, the optimal combination of molding parameters was

A5B1C5D5E2F5: filling time (A) 3.5 s, plastic temperature (B) 280 ℃, mold temperature (C) 94 ℃, holding time

(D) 17 s, maximum holding pressure (E) 150 MPa, and cooling time (F) 26 s. The obtained optimal combination of

molding parameters is input into Moldex3D Studio 2021 for simulation verification. Fig.9 shows the minimum

volume shrinkage and the minimum warpage deformation at the level of orthogonal experiment, and Fig.10 shows



the volume shrinkage and total warpage deformation corresponding to the optimal combination of parameters

obtained from the GC analysis of this plastic part. From the analysis results, the maximum volume shrinkage rate

and the maximum displacement of warpage deformation are 2.1821% and 0.9003 mm respectively, which are

0.36% and 4.22% lower than the best results obtained from OED.

(a) Volume shrinkage (b) Warpage deformation

Fig.9 Minimum volume shrinkage and minimum warpage deformation at OED level

(a) Volume shrinkage (b) Warpage deformation

Fig. 10 Optimization results of GC analysis

4 Progressive regression analysis

4.1 BBD RSM

4.1.1 BBD

According to the analysis in Section 3.1 and 3.2 above, the six molding parameters selected by the OED are

very important for the molding quality of the box-shaped injection molded products analyzed in this paper.

However, the OED has its own limitations. In the experimental space, only intermittent points can be selected for



optimization, and a functional expression between the experimental factors and the response values in the entire

area cannot be given. Therefore, this paper uses BBD RSM for optimal modeling, which is suitable for nonlinear

conditions, multi-factor multilevel experiments, and the number of trials is generally 15 ~ 62, which is less than the

number of trials required for central composite experiments (CCD) when the number of factors is the same[44].

Table 5 shows the design variables and the corresponding selections. Moldex3D Studio 2021 is used to analyze the

value ranges one by one, and the RSM is established according to the simulation results of the mold flow, which

provides a reference for the subsequent BPNN training and NSGA-II global optimization. The results of the

analysis are in Table 6.

Table 5 Parameter value range

Variables Up limit Lower limit

Filling time (A) 1.5 s 3.5 s

Plastic temperature (B) 280 ℃ 310 ℃

Mold temperature (C) 70 ℃ 94 ℃

Holding time (D) 13 s 17 s

Maximum holding pressure (E) 145 MPa 165 MPa

Cooling time (F) 18 s 26 s

Table 6 Test plan and numerical simulation results

Program A/s B/℃ C/℃ D/s E/MPa F/s R1/% R2/mm

1# 2.5 280 94 15 165 22 2.2192 1.0875

2# 2.5 295 94 17 155 18 2.2917 1.2580

3# 2.5 310 82 15 165 18 2.3099 1.4540

4# 3.5 295 70 15 155 26 2.2717 1.0771

5# 1.5 310 82 13 155 22 2.2890 1.3795

6# 1.5 280 82 17 155 22 2.2393 1.0645

7# 3.5 295 82 13 145 22 2.2890 1.0245

8# 2.5 310 82 15 165 26 2.3364 1.4105

9# 2.5 295 82 15 155 22 2.2371 1.1737

10# 2.5 295 70 13 155 18 2.2822 1.2291



11# 2.5 310 82 15 145 18 2.4549 1.2570

12# 2.5 280 94 15 145 22 2.2340 0.9672

13# 2.5 295 82 15 155 22 2.2371 1.1737

14# 2.5 280 82 15 145 26 2.2010 0.9006

15# 3.5 295 82 13 165 22 2.2429 1.2146

16# 1.5 295 82 17 165 22 2.2679 1.3268

17# 2.5 295 94 13 155 26 2.2088 1.1760

18# 2.5 295 82 15 155 22 2.2371 1.1737

19# 3.5 310 82 17 155 22 2.2763 1.2220

20# 2.5 295 70 17 155 18 2.2822 1.1822

21# 2.5 295 70 13 155 26 2.2091 1.1761

22# 1.5 295 82 13 145 22 2.2586 1.1656

23# 1.5 295 70 15 155 18 2.2599 1.2488

24# 3.5 295 82 17 145 22 2.2890 0.9903

25# 3.5 295 70 15 155 18 2.2236 1.1174

26# 1.5 295 94 15 155 26 2.2288 1.2273

27# 2.5 295 82 15 155 22 2.2371 1.1737

28# 1.5 280 82 13 155 22 2.2393 1.0801

29# 2.5 310 94 15 145 22 2.3260 1.2192

30# 2.5 310 82 15 145 26 2.3359 1.2021

31# 1.5 310 82 17 155 22 2.2890 1.3327

32# 1.5 295 82 17 145 22 2.2586 1.1292

33# 2.5 310 70 15 145 22 2.3264 1.2196

34# 2.5 280 82 15 145 18 2.2516 0.9473

35# 2.5 280 82 15 165 18 2.1957 1.1151

36# 2.5 280 70 15 145 22 2.2152 0.9187

37# 3.5 295 94 15 155 26 2.2715 1.0758

38# 3.5 280 82 17 155 22 2.2475 0.9436

39# 2.5 295 70 17 155 26 2.2091 1.1486



40# 2.5 295 82 15 155 22 2.2847 1.2197

41# 1.5 295 70 15 155 26 2.2295 1.2261

42# 2.5 295 94 17 155 26 2.2088 1.1484

43# 2.5 310 70 15 165 22 2.3358 1.4229

44# 3.5 280 82 13 155 22 2.2475 0.9558

45# 2.5 295 82 15 155 22 2.2371 1.1737

46# 3.5 295 82 17 165 22 2.2429 1.1924

47# 3.5 310 82 13 155 22 2.2763 1.2714

48# 2.5 280 70 15 165 22 2.2195 1.0879

49# 3.5 295 94 15 155 18 2.2233 1.1165

50# 2.5 295 94 13 155 18 2.2819 1.2286

51# 2.5 310 94 15 165 22 2.3355 1.4230

52# 1.5 295 82 13 165 22 2.2679 1.3558

53# 1.5 295 94 15 155 18 2.2597 1.2496

54# 2.5 280 82 15 165 26 2.2462 1.0708

4.1.2 ANOVA of Volume shrinkage and Warpage deformation (BBD)

Analysis of variance (ANOVA) can determine the effect of each design variable on the response target during

the experiment. The results of ANOVA for volumetric shrinkage and warpage deformation are shown in Tables 7

and Tables 8. According to the significance evaluation criteria, it can be seen that the P value of the mathematical

model in Table 7 is 0, which is much less than 0.0001. This indicates that the response of the regression model to

the (volume shrinkage) effect is highly significant. In addition, as can be seen from Table 7, the correction

coefficient R-sp of the model is 0.9998 and the correlation coefficient R-sp of the model is 0.9999, indicating that

the true value of the response surface model fits well with the predicted value with a small error. The P value of the

mathematical model in Table 8 is 0, which is much less than 0.0001, indicating that the response of the regression

model to the (warpage deformation) effect is very significant. In addition, as can be seen from Table 8, the

correction coefficient R-sp of the model is 0.9841 and the correlation coefficient R-sp of the model is 0.9922,

indicating that the true value of the response surface model fits well with the predicted value with a small error.



Table 7 ANOVA volume shrinkage (BBD)

Factor Degrees of freedom Adj SS Adj MS F value P value

Regression 27 276.512 10.2412 10412.82 0.000

Filling time (A) 1 0.001 0.0010 1.00 0.325

Plastic temperature (B) 1 0.000 0.0003 0.31 0.585

Mold temperature (C) 1 0.002 0.0021 2.09 0.160

Holding time (D) 1 0.001 0.0009 0.95 0.339

Maximum holding pressure (E) 1 0.001 0.0007 0.67 0.422

Cooling time (F) 1 0.000 0.0004 0.41 0.526

AA 1 0.000 0.0001 0.12 0.729

BB 1 0.001 0.0009 0.87 0.359

CC 1 0.001 0.0013 1.35 0.255

DD 1 0.000 0.0002 0.25 0.623

EE 1 0.003 0.0025 2.55 0.122

FF 1 0.000 0.0002 0.23 0.637

AB 1 0.000 0.0004 0.43 0.518

AC 1 0.000 0.0000 0.00 0.954

AD 1 0.000 0.0000 0.00 0.961

AE 1 0.002 0.0019 1.95 0.174

AF 1 0.003 0.0029 2.98 0.096

BC 1 0.001 0.0005 0.54 0.468

BD 1 0.000 0.0003 0.32 0.576

BE 1 0.003 0.0031 3.17 0.086

BF 1 0.002 0.0021 2.16 0.153

CD 1 0.000 0.0000 0.01 0.938

CE 1 0.000 0.0004 0.38 0.542

CF 1 0.000 0.0000 0.03 0.859

DE 1 0.000 0.0002 0.19 0.664

DF 1 0.000 0.0001 0.07 0.794

EF 1 0.006 0.0061 6.24 0.019

Error 27 0.027 0.0010

Loss of quasi 22 0.025 0.0011 2.97 0.115

Pure error 5 0.002 0.0004

Total 54 276.539

Correlation coefficient R-sp=0.9999; Correction coefficient R-sp =0.9998

Table 8 ANOVA of warpage deformation (BBD)

Factor Degrees of freedom Adj SS Adj MS F value P value



Regression 27 0.902217 0.033415 122.48 0.000

Filling time (A) 1 0.000009 0.000009 0.03 0.859

Plastic temperature (B) 1 0.002843 0.002843 10.42 0.003

Mold temperature (C) 1 0.000242 0.000242 0.89 0.355

Holding time (D) 1 0.000026 0.000026 0.09 0.762

Maximum holding pressure (E) 1 0.000279 0.000279 1.02 0.321

Cooling time (F) 1 0.000004 0.000004 0.02 0.903

AA 1 0.003118 0.003118 11.43 0.002

BB 1 0.002765 0.002765 10.13 0.004

CC 1 0.000010 0.000010 0.04 0.852

DD 1 0.000768 0.000768 2.81 0.105

EE 1 0.000055 0.000055 0.20 0.658

FF 1 0.000059 0.000059 0.22 0.645

AB 1 0.000087 0.000087 0.32 0.577

AC 1 0.000002 0.000002 0.01 0.929

AD 1 0.000006 0.000006 0.02 0.883

AE 1 0.000002 0.000002 0.01 0.926

AF 1 0.000162 0.000162 0.59 0.448

BC 1 0.000293 0.000293 1.07 0.310

BD 1 0.000585 0.000585 2.14 0.155

BE 1 0.002139 0.002139 7.84 0.010

BF 1 0.000007 0.000007 0.03 0.875

CD 1 0.000726 0.000726 2.66 0.115

CE 1 0.000293 0.000293 1.07 0.310

CF 1 0.000357 0.000357 1.31 0.263

DE 1 0.000047 0.000047 0.17 0.681

DF 1 0.000177 0.000177 0.65 0.428

EF 1 0.000024 0.000024 0.09 0.770

Error 26 0.007094 0.000273

Loss of quasi 21 0.005330 0.000254 0.72 0.732

Pure error 5 0.001763 0.000353

Total 53 0.909310

Correlation coefficient R-sp=0.9922；Correction coefficient R-sp =0.9841.

A second-order response surface model was used to develop predictive models for the design factors and the

two objectives, with six factors in this experiment, and the polynomial model was expressed as follows.
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WhereY represents volume shrinkage and warpage deformation(V orW ), ijiii  ,,,0 is the fit coefficient,

inx and jnx are the control parameters, n is the experiment number (1 ~ 54), k is the number of factors, 2
inx is the

second order term of the variable, and jninxx is the interaction term.

The regression equations fitted to the above response surfaces are.

EF 0.000683  DF 0.00036 - DE 0.000238 - CF 0.000029 -
 CE 0.000056 -CD 0.000036 - BF 0.000266 - BE 0.000085 - BD 0.000201 - BC 0.000044 -AF 0.00478 

 AE 0.00154 - AD 0.00019 - AC 0.000054 - AB 0.000482 -FF 0.000287  EE 0.000151  DD 0.00118 -
 CC 0.000077 - BB 0.000034 AA 0.00339 - F 0.0478 - E 0.0257 - D 0.143  C 0.0356  B 0.0102 A  0.301VBBD







(20)

EF 0.000043  DF 0.000587 - DE 0.000121  CF 0.000098 - CE 0.000050 -CD 0.000397  BF 0.000015 -
 BE 0.000077  BD 0.000285 - BC 0.000034 -AF 0.00113 - AE 0.000055  AD 0.00031 

 AC 0.000044 - AB 0.000220 FF 0.000150  EE 0.000023  DD 0.00216  CC 0.000007 
 BB 0.000073 -AA 0.01741 - F 0.0051  E 0.0194 - D 0.0265 - C 0.0134  B 0.0481 A  0.029 - -6.82WBBD







(21)

The above two fitted regression equations will provide functional support for the later BBD-NSGA-II global

optimization search.

4.2 BPNN training optimization design

4.2.1 Establishment of BPNN model

In this paper, we continue to carry out the training repair of the model using BPNN based on the values of

Table 6 obtained from BBD response surface optimization. BPNN is one of the most representative networks that

can be combined with other algorithms to solve specific engineering problems. It uses a nonlinear relationship

supervised learning method to deal with the nonlinear relationship between the input variables and the optimization

objective.

In constructing the BPNN model, six injection molding parameters (filling time, plastic temperature, mold

temperature, holding time, maximum holding pressure, cooling time) are used as input parameters, and volume

shrinkage and warpage deformation index are used as dual target outputs. The BPNN model with 6 inputs and 2

outputs is established to accurately and quickly train and predict the volume shrinkage and warpage deformation of

box-shaped injection molded products under different injection molding parameters, and to reduce the volume

shrinkage and warpage deformation at the same time. In the BPNN structure, the number of nodes in the input layer

is set to 6, the number of nodes in the output layer is set to 2, and the number of layers in the hidden layer is set to 1.



The final configured BPNN model is shown in Fig.11.

Fig.11 Schematic diagram of BPNN structure

4.2.2 Design of the hidden layer

A single hidden layer BPNN is used in this paper, and the number of nodes is determined according to the

following equation.

bfwh  (22)

In equation (22), w is the number of nodes in the input layer； f is the number of nodes in the output layer；

b is a constant with a value between 0 and 10.

The node 6w of the input layer and the node 2f of the output layer can be determined according to Eq.

(22) 12~2h , and their values can be adjusted accordingly according to the actual training of the neural network in

Matlab.

The nodal transfer function is the medium for transferring the neuron weights, and the connection strength of

artificial neurons is positively correlated with the weights, so the selection of the transfer function is particularly

important for the fitting accuracy of the neural network. Based on the Matlab neural network fitting toolbox, the

Sigmoid function shown in equation (23) is used in the implicit layer and the linear function shown in equation (24)

is used in the output layer, given different numbers of neuron nodes, and then the function is fitted.

1
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2
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xy  (24)

4.2.3 Model Training

In summary, the final neural network structure as shown in Fig.11 was established. With the help of the neural



network fitting toolbox, the constructed BPNN was trained and adjusted repeatedly, and Fig.12 shows the linear

regression fitting plots of the final trained network model for volume shrinkage and warpage deformation. The

correlation between the output value and the target value is above 0.999, and the dispersion degree of each point is

low, which indicates that the model has high accuracy and strong generalization ability. It can be used for RSM

optimization and BPNN-BBD-NSGA-Ⅱ optimization prediction analysis.

Fig.12 Final linear regression fit after training

4.3 BPNN-BBD

4.3.1 ANOVA of Volume shrinkage and Warpage deformation (BPNN-BBD)

The volume shrinkage and warpage deformation result data trained by the BPNN were again fitted to the

regression model by the RSM using the Minitab 2021 software, thus realizing the coupling of BPNN-BBD.

The ANOVA results of volume shrinkage and warpage deformation after the coupling of BPNN-BBD are

shown in Table 9 and Table 10. According to the significance evaluation criteria, it can be seen that the P value of

the mathematical model in Table 9 is 0, which is much less than 0.0001, indicating that the response of the



regression model to the (volume shrinkage) effect is very significant. In addition, as can be seen from Table 9, the

correction coefficient R-sp of the model is 1.0 and the correlation coefficient R-sp of the model is 1.0, indicating

that the true value of the response surface model fits the predicted value better with less error than the accuracy of

the BBD fit. The P-value of the mathematical model in Table 10 is 0, which is much less than 0.0001, indicating

that the response of the regression model to the (warpage deformation) effect is very significant. In addition, as can

be seen from Table 10, the correction coefficient R-sp of the model is 0.9995 and the correlation coefficient R-sp of

the model is 0.9997, indicating that the true value of the response surface model fits well with the predicted value

and the error is small.

According to Equation (19), the regression equation of the above response surface fitting can be obtained

respectively:

EF 0.000568  DF 0.000816  DE 0.000179 - CF 0.000108  CE 0.000056 -
CD 0.000087  BF 0.000140 - BE 0.000115 - BD 0.000007 - BC 0.000023 -AF 0.00493  AE 0.001211 -

 AD 0.00202  AC 0.000246 - AB 0.000788 FF 0.000721  EE 0.000073  DD 0.00017  CC 0.000084 -
 BB 0.000020 AA 0.00058  F 0.1149 - E 0.0073  D 0.0025 - C 0.0266  B 0.01215 A  -0.165V BBD-BPNN







(25)

EF 0.000089  DF 0.00023 - DE 0.000064  CF 0.000197 -
 CE 0.000067 -CD 0.000154  BF 0.000023  BE 0.000082  BD 0.000496 - BC 0.000024 -AF 0.00199 -
 AE 0.001214  AD 0.00111 - AC 0.000474  AB 0.000459 -FF 0.000408  EE 0.000101 - DD 0.00236  

CC 0.000002 - BB 0.000042 AA 0.00039 - F 0.0206 - E 0.0151  D 0.051  C 0.0186  B 0.0180 -A  -0.085W BBD-BPNN







(26)

These two fitted regression equations will provide functional support for the later BPNN-BBD-NSGA-II

global optimization search.

Table 9 ANOVA volume shrinkage (BPNN-BBD)

Factor Degrees of freedom Adj SS Adj MS F value P value

Regression 27 275.867 10.2173 54325.52 0.000

Filling time (A) 1 0.000 0.0003 1.57 0.221

Plastic temperature (B) 1 0.000 0.0004 2.27 0.144

Mold temperature (C) 1 0.001 0.0011 6.08 0.020

Holding time (D) 1 0.000 0.0000 0.00 0.970

Maximum holding pressure (E) 1 0.000 0.0001 0.28 0.602

Cooling time (F) 1 0.002 0.0023 12.43 0.002

AA 1 0.000 0.0000 0.02 0.893

BB 1 0.000 0.0003 1.59 0.218

CC 1 0.002 0.0016 8.42 0.007

DD 1 0.000 0.0000 0.03 0.868



EE 1 0.001 0.0006 3.08 0.090

FF 1 0.001 0.0014 7.54 0.011

AB 1 0.001 0.0011 5.99 0.021

AC 1 0.000 0.0001 0.37 0.548

AD 1 0.000 0.0003 1.39 0.249

AE 1 0.001 0.0012 6.27 0.019

AF 1 0.003 0.0031 16.54 0.000

BC 1 0.000 0.0002 0.81 0.375

BD 1 0.000 0.0000 0.00 0.965

BE 1 0.006 0.0057 30.21 0.000

BF 1 0.001 0.0006 3.11 0.089

CD 1 0.000 0.0000 0.19 0.669

CE 1 0.000 0.0004 2.00 0.169

CF 1 0.000 0.0004 2.28 0.143

DE 1 0.000 0.0001 0.58 0.455

DF 1 0.000 0.0003 1.82 0.188

EF 1 0.004 0.0042 22.56 0.000

Error 27 0.005 0.0002

Loss of quasi 22 0.005 0.0002

Pure error 5 0.000 0.0000

Total 54 275.872

Correlation coefficient R-sp=1.0; Correction coefficient R-sp =1.0.

Table 10 ANOVA of warpage deformation(BPNN-BBD)

Factor Degrees of freedom Adj SS Adj MS F value P value

Regression 27 74.9539 2.77607 3877.81 0.000

Filling time (A) 1 0.0001 0.00008 0.11 0.742

Plastic temperature (B) 1 0.0009 0.00094 1.31 0.262

Mold temperature (C) 1 0.0006 0.00056 0.78 0.385

Holding time (D) 1 0.0001 0.00012 0.17 0.687

Maximum holding pressure (E) 1 0.0002 0.00023 0.31 0.579

Cooling time (F) 1 0.0001 0.00007 0.10 0.749

AA 1 0.0000 0.00000 0.00 0.963

BB 1 0.0014 0.00136 1.90 0.179

CC 1 0.0000 0.00000 0.00 0.972

DD 1 0.0010 0.00098 1.37 0.252

EE 1 0.0011 0.00112 1.56 0.222



FF 1 0.0005 0.00046 0.64 0.432

AB 1 0.0004 0.00038 0.53 0.471

AC 1 0.0003 0.00026 0.36 0.553

AD 1 0.0001 0.00008 0.11 0.742

AE 1 0.0012 0.00118 1.65 0.209

AF 1 0.0005 0.00051 0.71 0.406

BC 1 0.0002 0.00016 0.23 0.637

BD 1 0.0019 0.00191 2.67 0.114

BE 1 0.0029 0.00286 4.00 0.056

BF 1 0.0000 0.00002 0.02 0.880

CD 1 0.0001 0.00011 0.16 0.697

CE 1 0.0005 0.00054 0.75 0.395

CF 1 0.0014 0.00144 2.01 0.168

DE 1 0.0000 0.00001 0.02 0.891

DF 1 0.0000 0.00003 0.04 0.847

EF 1 0.0001 0.00010 0.15 0.705

Error 27 0.0193 0.00072

Loss of quasi 22 0.0193 0.00088

Pure error 5 0.0000 0.00000

Total 54 74.9733

Correlation coefficient R-sp=0.9997；Correction coefficient R-sp =0.9995.

4.3.2 Comparative analysis of BBD and BPNN-BBD optimization results

Next we present the best fit results for the two optimization analysis methods in Table 11. It can be concluded

that the data trained by BPNN and then optimized by BBD response surface fitting gives better results. This is

reflected in the overall reduction of the product shrinkage and warpage deformation from 2.2137% and 0.9819 mm

to 2.2065% and 0.8798 mm, respectively. Comparing the simulated analysis of the fitted optimal molding

parameters, the prediction errors of product shrinkage and warpage deformation decreased from 3.37% and 3.02%

to 1.16% and 1.62%, respectively. The prediction error is given by the following equation. The prediction error is

the absolute value of the relative error.
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Where 1 is the predicted value, 2 is the simulation value,  is the prediction error.



Table 11 Comparative analysis of BBD and BPNN-BBD optimization results

Optimization

methods
A/s B/℃ C/℃ D/s E/MPa F/s

Predicted value ( 1 ) Simulation value ( 2 ) Prediction error ( )

R1(%) R2(mm) R1(%) R2(mm) R1(%) R2(mm)

BBD 1.5 280 70 17 145 26 2.1416 0.9531 2.2137 0.9819 3.37 3.02

BPNN-BBD 3.5 280 70 13 145 26 2.1811 0.8658 2.2065 0.8798 1.16% 1.62%

To verify that the BPNN optimized data are more accurate and better optimized than the initial BBD data. We

also selected ten sets of values with the same molding parameters for comparison. In Fig.13, the volume shrinkage,

warpage deformation, and the relative error between the predicted and simulated values are compared respectively.

The graphs show that our optimization analysis work above is reliable. That is, the predicted values of the BPNN

optimized data are more effective and better meet the requirements of minimum volume shrinkage and warpage

deformation.

(a) (b)

(c) (d)

Fig.13 Comparison of BBD and BPNN-BBD analysis data



4.4 NSGA-II and multi-objective optimization

4.4.1 NSGA-II theory

Genetic algorithm is an optimization method to solve complex global optimization problems based on

biological natural selection and genetic mechanism, and it is a highly efficient stochastic search global algorithm

based on the genetic mechanism of survival of the fittest and survival of the fittest in the biological world. NSGA-II

can effectively solve nonlinear optimization problems, and its specific optimization process has been described in

detail in the analysis flow Fig.2.

The main difference between NSGA-II and simple genetic algorithm is that the NSGA-II is hierarchical before

selecting operators based on the dominance relationship among individuals. With the non-dominated hierarchical

approach, a good individual can have a better chance of being passed on to the next generation. The NSGA-II

introduces an elite strategy that combines parental populations with their subpopulations so that they can compete

together to produce the next generation.

4.4.2 Multi-objective optimization based on NSGA-II

On the basis of establishing relational model by RSM, the design parameters are optimized by NSGA-II

algorithm. Both volumetric shrinkage and warpage are considered as two optimization goals. Select filling time (A),

plastic temperature (B), mold temperature (C), holding time (D), maximum holding pressure (E), and cooling time

(F) as design parameters. The multi-objective optimization model can be expressed as:
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According to the research on obtaining the optimal solution efficiently, the parameter configuration of the

NSGA-II is listed as follows:

(1) Population size = 200

(2) Maximum number of generations = 1000

(3) Mutation probability= 0.25



(4) Crossover probability= 0.9

The quadratic term regression model fitted by response surface in Section 3.2 and 3.3.3 was written in the

NSGA-II. After the end of NSGA-II calculation, from the overall solution, the Pareto optimal solutions with better

volume shrinkage and warpage deformation are obtained as shown in Table 12, respectively, and the Pareto optimal

frontier with bi-objective optimization is shown in Fig.14.

(a) Pareto optimal frontier for two objectives(BBD-NSGA-Ⅱ) (b)Pareto optimal frontier for two objectives(BPNN-BBD-NSGA-Ⅱ)

Fig.14 Pareto optimal frontier for two objectives

The predicted values, simulation values, and prediction errors for the two optimization schemes are given in

Table 12. Comparison of optimization methods The best combination of parameters predicted by

BPNN-BBD-NSGA-II with those predicted by BBD-NSGA-II. The volume shrinkage and warpage predicted by

BPNN-BBD-NSGA-II are smaller than those predicted by BBD-NSGA-II, and the prediction errors are all small.

The average errors of volume shrinkage and warpage deformation predicted by BBD-NSGA-II were 1.68% and

3.86%, respectively. The average errors of volume shrinkage and warpage deformation predicted by

BPNN-BBD-NSGA-II were 1.09% and 1.86%, respectively.

Table 12 Verification experimental results for Pareto-optimal front of two objectives.

Optimization

methods
Number A/s B/℃ C/℃ D/s E/MPa F/s

Predicted value

( 1 )

Simulation value

( 2 )

Prediction error

( )

R1(%) R2(mm) R1(%) R2(mm) R1(%) R2(mm)

BBD-NSGA-Ⅱ 1 1.72 280 70 17 145 26 2.1774 0.9284 2.2292 0.9669 2.38 4.14



2 2.57 280 70 16.55 145 26 2.2159 0.8776 2.2327 0.8932 0.76 1.77

3 2.26 280 70 16.8 145 26 2.2025 0.8987 2.2311 0.9184 1.30 2.19

4 3.46 280 70 17 145 26 2.2513 0.7948 2.2249 0.8638 1.17 8.68

5 1.50 280 70 13.65 145 26 2.1536 0.9698 2.2137 0.9941 2.79 2.51

average 1.68 3.86

BPNN-BBD

-NSGA-Ⅱ

1 3.5 280 70 15.05 145 26 2.2180 0.8488 2.2065 0.8685 0.52 2.32

2 2.2 280 70 13.05 145 26 2.1736 0.9561 2.2560 0.9453 3.79 1.13

3 3.5 280 70 14.75 145 26 2.2153 0.8510 2.2065 0.8684 0.40 2.04

4 3.33 280 70 13 145 26 2.1965 0.8748 2.1840 0.8865 0.57 1.34

5 3.5 280 70 13.25 145.00 26 2.2022 0.8584 2.2065 0.8797 0.20 2.48

average 1.09 1.86

To verify that the BPNN-BBD-NSGA-Ⅱ optimized data are more accurate and better optimized than the

BBD-NSGA-Ⅱdata. We also selected ten sets of values with the same molding parameters for comparison. In

Fig.15, the volume shrinkage, warpage deformation, and the relative error between the predicted and simulated

values are compared respectively. The graphs show that our optimization analysis work above is reliable. That is,

the predicted values of the BPNN-BBD-NSGA- Ⅱ optimized data are more effective and better meet the

requirements of minimum volume shrinkage and warpage deformation.

(a) (b)



(c) (d)

Fig.15 Comparison of BBD-NSGA-Ⅱand BPNN-BBDNSGA-Ⅱanalysis data

4.5 Comparison of the results of the four optimization methods

The prediction results of the four optimization methods are integrated into the same window and the error

optimization results of the four algorithms are compared, as shown in Fig.16. From the figure, it can be seen that

BPNN-BBD-NSGA-II prediction error < BPNN-BBD prediction error < BBD-NSGA-II prediction error < BBD

prediction error. the prediction value is closer to the simulation data and tends to be stable after the error is

corrected by BPNN and NSGA-II. The results show that the BPNN-BBD-NSGA-Ⅱ optimization method can

predict the volume shrinkage box warpage deformation of box-shaped thin-walled injection molded products more

accurately, which can provide a reference for similar injection molded products. The final optimized combinations

of molding parameters are filling time (A) 3.5 s, plastic temperature (B) 280 °C, mold temperature (C) 70 °C,

holding time (D) 14.75 s, maximum holding pressure (E) 145 MPa, cooling time (F) 26 s. The final satisfactory

solution was a volume shrinkage of 2.2065% and warpage deformation of 0.8684 mm, as shown in Fig.17.

(a) (b)



(c) (d)

Fig.16 Comparison of the prediction results of four optimization methods

(a) Volume shrinkage (b) Warpage deformation

Fig.17 Simulation results of BPNN-BBD-NSGA-II global optimization search

5 IDD global optimization

5.1 IDD principle

The so-called IDD is to pre-define the deformation in the opposite direction based on the initial design of the

product. Thus, the purpose of offsetting or reducing the deformation after the product is ejected is achieved, and the

product is restored to its original design state. Therefore, in the IDD, the two core issues of the deformation

direction and the amount of deformation must first be clarified, and the CAE technology can play an important

guiding role in the IDD. The principle of the IDD is shown in Fig.18. Take any curve f on the product as an

example, its deformation is located at 0f before the deformation, and the curve moves to 1f after the deformation,

resulting in the initial warpage deformation amount 1 . The curve 2f is the reverse compensation curve of curve f ,

and the reverse compensation amount is recorded as 2 , and the relationship between the two is as follows:



12   (30)

Where  is the compensation coefficient, 0f  is the position of the curve f after the product is formed by the

IDD, and the amount of warpage deformation of the product at this time is  . In general, this deformation

amountwill be much smaller than the initial deformation amount 1 .

Fig.18 IDD schematic[45]

5.2 Model Global Optimization Platform

In this paper, the NX/Moldex3D optimization platform is constructed, and an optimization scheme combining

IDD and process optimization is proposed for the products whose warpage deformation cannot be effectively

reduced by only geometric optimization or process optimization. In the early stage, the compensation coefficient of

the IDD has been optimized through several optimization methods, and then the compensation coefficient with the

smallest warpage deformation under the best molding parameters is derived, and the inverse deformation model is

obtained by using NX Global deformation, and then used for process optimization. To minimize the warpage

deformation, the flow chart of the NX/Moldex3D optimization platform is shown in Fig.19. It is mainly completed

in three steps, namely:

Step 1: Export warpage deformation data;

Step 2: NX compensation design;

Step 3: Moldex3D analysis and verificat.



Fig.19 NX/Moldex3D optimization platform flow chart

5.3 IDD analysis results

After optimization analysis of NX/Moldex3D optimization platform, the length/width/height of the analysis

results were statistically analyzed and processed respectively. After analysis, 30 points were captured on the surface

of the model in the X/ Y/Z direction, as shown in Fig.20. The measurement results in each direction are shown in

Table 13, where Li represents the data of each point in the length direction of Y axis, Wi represents the data of each

point in the width direction of X axis, and Hi represents the data of each point in the height direction of Z axis. The

data were compared with the length, width and height designed by the original model. The comparison results and

error diagram are shown in Fig.21. The average absolute error of the terms can be expressed by the following

formula:

%1001 
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where  is the average absolute error, iY is the measurement of length, width, and height, and Y is the design

length, width, and height of the model, 30,...,3,2,1n .

After calculation, the average absolute errors of length, width and height are 0.02778 mm, 0.06752 mm, and

0.04214 mm, respectively, and the values are all at a very small level, which can be completely ignored. It shows

that the warpage deformation in X/Y/Z axes of the box injection molded parts studied in this paper is eliminated

after the inverse deformation design, i.e., the overall warpage deformation is eliminated.



Fig.20 Data capture points in each direction after inverse deformation mode flow analysis

(a) Length comparison and error analysis

(b) Width comparison and error analysis



(c) Height comparison and error analysis

Fig.21 Comparison of random measurements of length, width and height with the true values and error analysis

Table 13 Data statistics of capture points after reverse deformation mode flow analysis

Number

(Li/Wi/Hi)

1 2 3 4 5 6 7 8 9 10

11 12 13 14 15 16 17 18 19 20

21 22 23 24 25 26 27 28 29 30

Length

/mm

300.0126 300.0112 300.0133 300.0046 300.0068 300.0049 300.0009 300.0243 300.0309 300.0080

299.9849 300.0109 300.0386 300.0257 300.0462 300.0405 300.0667 299.9933 299.9589 300.0222

300.0938 300.0286 300.0188 299.9938 300.0973 300.0180 299.9398 299.9986 300.0680 300.0098

Width

/mm

97.9754 97.9776 97.9978 98.0283 98.0240 98.0194 98.0094 97.9844 97.9753 97.9841

98.1501 97.9619 97.8739 98.0081 98.1122 98.0692 97.9584 97.9872 98.0697 98.0323

98.0225 97.8833 98.0139 98.1825 98.2002 98.0901 97.8614 97.8094 98.0857 98.1381

Height

/mm

57.0598 57.0390 57.0003 56.9712 56.9647 56.9717 56.9846 57.0096 57.0594 57.0849

57.0791 57.0089 57.0896 57.1187 57.0340 57.0963 57.0998 57.0454 57.0029 56.9898

56.9779 56.9638 56.9706 57.0005 57.0322 57.0640 57.0252 57.0516 57.0558 57.0015

6 Experimental validation

Finally, the cavities of the injection mold are modified based on the product model of IDD. Then the optimized

molding parameters are input into the injection molding machine to get qualified injection molded parts, as shown

in Fig.22.



Fig.22 Trial verification to get the product

Then the injection molded sample was scanned by 3D scanner. During scanning it was essential to maintain

the basic parameters of surroundings like temperature, humidity and lightning unchanged. Since the product is a

transparent injection molded object, it is necessary to spray a layer of titanium dioxide powder on the surface of the

product. After the powder is sprayed, the blue light can not penetrate the object. Finally, the 3D contour data of the

injection molded part is obtained by scanning. The experimental instrument adopts the optical scanning instrument

of the German GOM company, and the data processing uses the GOM analysis software for data post-processing.

The experimental process is shown in Fig.23.

Fig.23 Sample 3D scanning process



Independent evaluation of the deviation between the CAD model of the specimen and the resulting mesh. The

BEST-FIT function is used to compare the 3D scan with the model and to make accuracy adjustments after a quick,

rough alignment[46]. The evaluation distance is set as 1 mm. In the graphic processing the color scale was set to

±0.2 mm; the values within this boundary are represented. The deviation value of each appearance surface is

obtained by random analysis as shown in Fig.24 (a). It can be found that the deviation value of each surface is at a

low level, which meets the design requirements. Fig.24 (b) shows the flatness of each parallel surface, where

C1=0.64, C2=0.18 are the upper and lower surfaces in the Z-axis direction, respectively, and the flatness of these

two surfaces meets the design requirements ≤0.80.

(a) Appearance surface deviation marked value

(b) Flatness analysis of parallel planes

Fig.24 Analysis of scan data by GOM software



7 Conclusion

In this paper, the injection molding parameters of the box-type thin-walled injection molded parts are first

optimized to the global optimal solution by using OED, GC theory, BBD RSM, BPNN training and NSGA-II

genetic methods with dual objectives. Then the IDD principle is used to obtain the global optimal solution for the

box-type thin-walled injection molded parts. The obtained results of the study are presented as follows:

(1) After the first stage of OED and GC theory analysis, six molding parameters were derived to affect the

volume shrinkage and the extreme difference of warpage deformation, respectively. The optimal combination of

molding parameters was A5B1C5D5E2F5: filling time (A) 3.5 s, plastic temperature (B) 280 ℃, mold temperature

(C) 94 ℃, holding time (D) 17 s, maximum holding pressure (E) 150 MPa, and cooling time (F) 26 s. The volume

shrinkage and warpage deformation were 2.1821% and 0.9003 mm, respectively, which were 0.36% and 4.22%

lower than the optimal results obtained from orthogonal experiments. The volume shrinkage and warpage were

2.1821% and 0.9003 mm, which were 0.36% and 4.22% lower than the optimal results obtained from the

orthogonal experiments.

(2) The second stage is based on BBD response surface design, one method is to fit the regression equation

with BBD directly to the Moldex3D simulation analysis data; the other method is to fit the regression equation with

BBD after the data is trained by BPNN. The results show that the data trained by BPNN and then optimized by

BBD RSM fitting are better. This is reflected in the overall reduction of product volume shrinkage and warpage

deformation from 2.2137% and 0.9819 mm to 2.2065% and 0.8798 mm, respectively. The prediction errors of

product volume shrinkage and warpage deformation were reduced from 3.37% and 3.02% to 1.16% and 1.62%,

respectively, by the simulation analysis of the fitted optimal molding parameters. The analysis results of ten sets of

identical molding parameters combinations further validated the effectiveness of BPNN training.

(3) In the third stage, based on the regression equations fitted in the second stage, the NSGA-Ⅱ genetic

optimization algorithm was used to perform a bi-objective global optimization search for volume shrinkage and

warpage deformation, respectively, to obtain the best combination of molding parameters. The average prediction

error of BPNN-BBD-NSGA-Ⅱ is significantly smaller than that of BBD-NSGA-Ⅱ. The average prediction error

of volume shrinkage and warpage deformation decreases from 1.68% and 3.86% to 1.09% and 1.86%. Based on the

same combination of molding parameters, the results of the four optimization analyses are compared in the same

window. It can be seen that BPNN-BBD-NSGA-II prediction error< BPNN-BBD prediction error < BBD-NSGA-II

prediction error < BBD prediction error. The prediction value is closer to the simulation data and tends to be stable

after the error is corrected by BPNN and NSGA-II. The results show that the BPNN-BBD-NSGA-Ⅱ optimization



method can predict the volume shrinkage and warpage deformation of box-shaped thin-walled injection molded

parts more accurately. The final optimized combinations of molding parameters are filling time (A) 3.5 s, plastic

temperature (B) 280 ℃, mold temperature (C) 70 ℃, holding time (D) 14.75 s, maximum holding pressure (E) 145

MPa, cooling time (F) 26 s. The final satisfactory solution was a volume shrinkage of 2.2065% and warpage

deformation of 0.8684 mm.

(4) In the fourth stage, based on NX/Moldex3D optimization platform, the warpage deformation was further

optimized globally by means of IDD. The average absolute errors of length, width and height are 0.02778 mm,

0.06752 mm and 0.04214 mm respectively, which are very small and can be said that the warpage deformation is

eliminated.

(5) Finally, the injection molded products were obtained by final mold test verification. Through the inspection

and analysis of the GOM optical scanner, the individual surface deviation values and flatness analysis values were

obtained, all of which meet the design requirements, indicating the effectiveness of the optimization analysis.
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