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Abstract - For many years, injection molding is adopted as the most suitable manufacturing process in the 
production of complex plastic components. It is very difficult to boost the product's quality stability to attain 
a higher forming speed and higher automation in the injection moulding process because the process often 
disrupted by numerous inevitable deviations. The settings for different process parameters and machine 
parameters have quite a major influence on the overall product quality and its performance of the injection 
moulding process, which shows the final product quality as output responses. Identifying the perfect process 
parameter settings so that numerous responses may be optimized at almost the same time is becoming a 
significant research challenge these days. Smart manufacturing is at the heart of the new industrial 
revolution, and it will continue to be the primary means of transforming and upgrading the manufacturing 
industry in the upcoming decades. Melt temperature, the temperature of mould, injection pressure, and 
velocity of molten polymer while injection, injection time, pressure of molten polymer while holding into the 
mold cavity, holding time of molten polymer, and cooling time are the variety of input process 
parameters.  While mechanical characteristics, flaws such as warpage, volumetric or dimensional 
shrinkage, sink mark on outer surface, residual stress, and surface finish/roughness are examples of 
responses. To study and optimize the molding process, researchers have used a wide range of methods. 
Mathematical modeling, simulation, design of experiments, Taguchi methodology, analysis of variance - 
ANOVA, response surface methodology - RSM, evolutionary algorithm (EA), artificial neural networks - 
ANN, genetic algorithms - GA, fuzzy logic, particle swarm optimization - PSO, are examples of these 
techniques. This paper presents a review of the numerous strategies that used till date for optimizing the 
key injection moulding parameters, as well as their benefits and challenges. In the review, it is discovered 
that a perfect injection molding process, which takes care of overall quality control is still being researched 
upon. The process parameters involved in injection molding, required response, and the methodologies 
used for optimization of overall injection molding process are discussed throughout this paper. 
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1. Introduction 
 
The injection molding (IM) process, is among the most frequently employed plastic fabrication processes for 
large-scale plastic product manufacturing [1]. A large number of reliable and variety of products, dimensionally 
accurate products, can be produced in bulk makes the injection molding process more and more suitable plastic 
processing process. There are also some other advantages to this technique, like as the light weight of the 
parts and the excellent surface polish of optional components, which make it preferable to other procedures. It 
involves temporary fixing two halves of the mold together into which cavity is previously formed and pressurized 
molten polymer is deposited into the mold cavity. Molten polymer with high pressure ensures the rapid filling 
and also ensures the mold is fully filled. The cavity of a mould is kept to a consistent pressure for the packing 
stage once the filling phase is nearly complete. After that, the mold is allowed to cool for a specific time period. 
To finish filling the remaining vacant space in the mold cavity and try to compensate for the shrinking, packing 
pressure is applied and then it is opened and the part is finally ejected from the mold. Injection moulding is a 
process that involves the injection of molten material into a mould, several process parameters must be 
supplied while doing so. The value of this process parameters is determined by a variety of factors, including 
the type of plastic, the size  of  the component to be produced, dimensional tolerances, and so on. These 
variables have an impact on the final product's quality and must be carefully chosen. For the following reasons, 
this job remains difficult. (a) There are usually a lot of variables that influence product quality. (b) These 
parameters have nonlinear and time-varying impact and they collaborate with one another. (c) Traditional 
methods of parameter optimization, such as trial - and - error, rely heavily on individual expertise and are not 
any longer capable of meeting demands. As a result, finding a way to optimize these process parameters 
based on scientific data analysis is both a fascinating research topic and a valuable application. While there 
are numerous key processing parameters concerning the quality of product. 
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These include parameters like injection pressure, the speed of molten polymer while injection, injection time, 
melting temperature, the temperature of mold, packing pressure, packing and cooling time [2-5]. The findings 
of various researchers are inconsistent when it comes to the most important process factors. This is owing to 
the wide range of variables connected with injection moulding, such as mould size, machine size, material 
variations, and product form variation. As a result, the product's quality is thus naturally difficult to predict or if 
predicted, it is difficult to control without using the advanced computer simulation or optimization. Postawa and 
Koszkul [6] suggest that shrinkage results in the final product and the weight of injection-molded component is 
a function of processing conditions only. 
In today's industrial practice,  in determining the best suitable injection molding process parameters, people 
use reference books or handbooks and adjustments of various parameters through trial and error by 
experienced engineers [7]. Many studies have focused on traditional process parameter optimization, which is 
based on trial-and-error and experience. It is no longer sufficient to employ such trial - and - error method to 
determine injection moulding process parameters in the current era of global innovativeness in the injection 
moulding industry. To search for the right process  parameter In order to obtain high quality goods efficiently 
and affordably, parameter setup is acknowledged as the most practical way and critical phase in plastic 
injection moulding. In a majority of the earlier research attempts, as a quality indicator, warpage and shrinking 
have been utilized and the objective is to achieve the most effective combination of processing parameters for 
reducing warpage and volumetric shrinkage as much as possible. 
To improve the operation parameters of an Injection Molding method and make products of the highest 
standards of excellence, a variety of optimization research methodologies have been used. However, there 
remains a difficulty for field researchers in terms of practical implementation due to a variety of causes of 
variation during the molding process. It tends to results in failures and, as a result, resource wasted. Overall 
process monitoring and control, improvement of operational parameters, the mould design in accordance to 
the detailed specifications of the part, and the design of cooling channel based on the characteristics of the 
mould cavity would all be benefited by the use of AI technologies. To have a good product quality for the 
Injection Molding process (IM), soft computing techniques such as differential evolution, genetic algorithm, and 
particle swarm optimization techniques are proposed in various literature. These methods were used in order 
to acquire necessary control over the process and the quality of product during the process.  Although operation 
circumstances really had the greatest impact on the quality of molded plastic parts, determine the best set of 
process parameters has become critical to improving component quality. The injection molding method simply 
divides into some important steps, those are heating of appropriate plastic material, injection of molten polymer 
into mold cavity, packing, and lastly cooling. Therefore, few processing parameters, like the melting 
temperature, the temperature of mold, the time for injection, injection speed, injection pressure, packing time, 
packing pressure, cooling temperature  and cooling time, all majorly affects adversely on the quality of the final 
molded product. Now, this optimal processing parameter adjustment normally varies as the wearing of machine 
components, requirement of the materials whiles the production process. In such circumstances, the derived 
setting of operational process parameters can produce    the faulty items and ultimately reduce product quality 
and production efficiency as well. Until now, the whole injection moulding process has been manually 
monitored, and operational process parameters have been modified by qualified engineers in the industry. 
These practice results in various losses like the loss of time which required to control the production process, 
loss of material being wasted due to improper adjustment of influenced process parameter, and finally financial 
loss associated with manpower utilization. Defining process parameters that are well-defined required to 
improve the mentioned situation to achieve excellence in quality control of the injection molding process (IM).  
Analysis of variance - ANOVA is commonly used to uncover the most significant process parameters [8, 9], 
neural networks [10-12] and genetic algorithms. Researchers have extensively employed the artificial neural 
network (ANN) technology for a wide range of applications in a variety of fields due to its advantages over 
traditional polynomial and linear regression methods for optimization due to its non-linear analysis capabilities 
[13, 14]. 
 
As already established, multiple factors controlling injection moulding must be thoroughly examined before 
determining the possibilities of making a parts of the needed quality characteristics. These factors can be 
categorized into three categories [15]: 
1. Machine parameters including the parameters like, the temperature of the coolant used, pressure for 

packing the material and pressure to hold the molten polymer, injection pressure, injection speed, screw 
speed, and so on are considered as independent variables.  

2. Process parameters including the parameters like, mold and melt temperature, cooling temperature, melting 
pressure, shear stress developed in the molded product, injection time and the time of filling the molten 
polymer, the time for packing, holding and cooling the molten polymer, injection rate, polymer flow rate, and 
so on are considered. 
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FIGURE 1: The smart injection molding process 

 
The advanced sensors control the machine parameters, or the parameters can be controlled by advancing 
various machine components. The combination of factors, process conditions as well as material 
characteristics generally affects these process parameters. The final responses, on the other hand, are the 
objective variables that must be carefully managed in order to achieve the needed complicated shape and 
dimensional precision, as well as surface finish. However, difficulties occur in identifying the significant input 
parameters with output responses. Experimenting with the output responses associated with the various 
possible combination of parameters is still a difficult task. Hence, there has been a requirement of an 
optimization process that can design the experiments with a significant number of trial runs, the determination 
of significant process variables that affect the molding process, and the precise prediction of final outcomes. 
This research explores historical and present research that has been using various optimization approaches 
to enhance the different parameter setting in order to attain the desired quality in an injection molded product. 
The present paper is framed in the following way: section-1 introduces the concept of injection moulding 
optimization, followed by section - 2 on prior research employing various optimization strategies, and finally 
section - 3 shows the conclusion of the paper with a few research gaps which can be considered as future 
directions in this area. 
 

2. PAST APPROACHES FOR THE PARAMETER SETTING 
 
Trial - and - error strategies generally depends on the expertise of the engineers and technicians were adopted 
in the beginning phases of injection moulding to achieve acceptable products with few flaws. In the last few 
decades, many methods for forecasting the possible combinations of input parameters or the process have 
been presented. [16]. Case-based reasoning technique, process-window method, and expert system based 
system are three types of approaches.  
The correlation between melt temperature and injection pressure is explored in the process window method.  
The frontiers of the process window are set based on following two circumstances: (I) too high injection 
pressure causes flash, and a low pressure yields a short shot, and (II) very high melting temperature destroys 
polymer material, whilst a lower melt temperature necessitates large injection forces. Various process 
parameters were optimized using these optimization methods [17-23]. Here, this approach is unable to handle 
multiple inputs and multiple output (MIMO) in the injection process. 
 
Non-iterative methods generally depend upon experimental results. They are able to provide initial operating 
process set up or give path to optimization and they are very simple to execute as it requires very little 
computation. The methods has been extensively used in research and innovation activities, includes the 
following methods: case-based reasoning technique (CBR) [1, 18, 24, 25] for the estimation of  the cost for 
injection molds and various molding parts, for adjustment of various molding parameters, the method may be 
utilized to adjust the starting parameters and optimize them online, considerably reducing the moulding trial 
experiments and reliance on human specialists, [26, 27] expert system, fuzzy system [28]. The expert system 
method is a sub-category of artificial intelligence (AI) techniques. But to achieve accurate solutions, a 
tremendous amount of knowledge from various domains is required to establish expert manufacturing systems. 
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3. Taguchi method for the design of experiments (DOE) 
 
The typical scientific experimental design methodologies are very robust and not frequently utilized for 
optimization purpose. A vast number of experiments runs have to be carried out when the number of process 
parameters are increases. Tang [29] established the Taguchi methodology to increase product quality in 
injection molding process. It is capable of effectively resolving product quality issues. Taguchi parameter design 
approach, might only choose one of the best possible combination of provided processing parameter levels 
that comprise some discrete values. The Taguchi method is among the most common non-iterative 
optimization techniques. The Taguchi method assists us to better comprehend the characteristics of the 
process and it also investigate the impact of these input parameters on the responses of the process. It also 
provides an optimization setup based on the results of experiments and relevant information collected. It follows 
into the determining the combination of the experimental processing parameters with their best possible levels, 
designing of experiments and then carry out experiments and finally the data analysis. The impact of all 
processing parameters on the end product quality can be determined by examining the quality of injection 
molded items with various parameters through analysis of variance - ANOVA, range analysis, and signal-to-
noise ratio (S/N) analysis. It has been used in design and analysis of optimizing the parameters in 
manufacturing [30]. The Taguchi methodology is used in design of experiments (DOE) with the aim of achieving 
desired output by selecting the most appropriate combinations of operating parameters with less time, the 
minimum budget, and the minimum number of experimental trials [31, 32]. For solving a complex engineering 
cases, the Taguchi methodology explains a design of orthogonal arrays-OA which has a very few number of 
experimental runs. Moreover the findings of the experiment are again modified into a signal-to-noise (S/N) 
ratio. The S/N ratio is a way of comparing how far quality characteristics deviate from the required response 
values. In the analysis of the S/N ratio, there are generally three kinds of quality characteristics: (1) the lower 
is better, (2) the higher is better, and (3) the nominal is better. Based on this S/N analysis, the S/N ratio of each 
level of process parameter is calculated. [30]. Finally, reasonably ideal parameter settings can be established. 
Analysis of variance - ANOVA and range analysis is also used for identification of the influence of the 
processing parameters. It uses orthogonal arrays to identify optimal parameter combinations according to the 
signal-to-noise (S/N) ratio, taking into account the number of processing parameters along with their levels, as 
well as the total number of experimental trials to be completed. Taguchi L273 13 denotes a problem with 13 
process parameters, each with three levels, necessitating just 27 experimental runs instead of 313 to achieve 
the required outcome. Huang [33] used the Taguchi approach to determine the impact of the parameters on 
the product's micro-features. 
 
Chang and Faison [34] applied the Taguchi methodology to establish the best optimum set of input process 
parameters to reduce component shrinkage and then used analysis of variance -ANOVA analysis to determine 
the corresponding contribution of each individual input parameter and finding out the most key parameters 
majorly affecting shrinkage in injection moulding. Other efforts, such as minimization of warpage and volumetric 
shrinkage using signal-to-noise (S/N) and the analysis of variance -ANOVA analysis and found that warpage 
and shrinkage are reduced by 2.17 percent and 0.7 percent, respectively [35], and reducing of shrinkage in 
polypropylene (PP) and polystyrene parts, have used similar approaches in injection moulding [36]. The 
Taguchi method is applied to adjust the process parameters in injection molded vehicle plastic bumpers made 
from polycarbonate to avoid silver streak defect [37].  The experimental results shows that the packing pressure 
has the biggest impact on the warpage, and it is followed by mould temperature, melt temperature, and packing 
time [38]. The Taguchi method is used to determine the factors that influence shrinkage and warpage in thin-
wall cell phones covers [39]. The effect of design parameters on volumetric shrinkage was investigated in the 
experiment [40]. The melt temperature appears to be the most effective factor in causing warpage of a 
rectangular plate, based on the findings of experiment it was found that melt temperature at 240 °C, filling time 
of 0.5 sec, packing pressure is 90 percent, and packing duration is 0.6 sec are the best factors for reducing 
warpage [29]. In order to increase the compressive property of a brake booster valve body, Wang [9] adjusted 
input parameters, while Karasu [41] minimized the number of experimental runs required for mass 
manufacturing. Using the Taguchi technique as a guideline, [42, 43] the experimenter examined the influence 
of process parameters on the correctness of lens geometry. The melting temperature plays a vital impact in 
the shrinkage reduction on the molded item, according to the final observation using the signal-to-noise S/N 
ratio [44]. Wang [9] investigate the requirement of number of gates, the size of the gate, polymer temperature, 
mold temperature, filling volume conversion, V/P switch over, and cooling time with analysis of the signal - to - 
noise ratio (S/N) and analysis of variance -ANOVA and found that 12% increased in compression strength 
compared to the average compression strength of the overall experiment. The melt temperature of a specific 
material and the mould temperature are two parameters that have a considerable impact on the strength of the 
material [45]. Taguchi optimization and the ANOVA approach were shown to be very beneficial in discovering 
the most critical moulding process characteristics that affect volumetric shrinkage and optimizing controlling 
parameters to get minimal shrinkage in molded parts, according to Ramkumar [46]. Along with there are other 
different design of experimental methods available such as central composite design - CCD, box behnken 
design -BBD, and latin hypercube design - LHD. Melting temperature, packing pressure, and packing time are 
the processing factors that have the greatest impact on gear shrinkage, according to the Taguchi optimization 
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approach [47]. Table - 1 shows the most common design of experiment methods used in literature. 
 

TABLE 1.  Summary of the DOE method used for the optimization method 

Various DOE methods used Response 

CCD - Central composite design Tensile strength [48] 
Shrinkage and warpage 
[49-51] 
Sink marks [51, 52] 

BBD  - Box–Behnken design  Cycle time and 
Warpage [53-55] 

LHD  - Latin hypercube design 
 

Shrinkage [56] 
clamping force [56] 
Warpage [10] 

OED  - Orthogonal experimental 
design  

Warpage [30, 57, 58] 
Shrinkage [57, 59] 
Mechanical properties 
[9] 
Residual stress [53] 

 
Certain limitations are also associated with the Taguchi approach. It entails determining the optimum level of 
a process parameter from a predetermined set of levels. Second, selecting process parameters, as well as 
their ranges along with their levels, necessitates a comprehensive understanding of the entire injection molding 
technique. Non-iterative optimization methods are simple to apply and they have a long history in industry. The 
Taguchi approach, on the other hand, can only create discrete parameter combinations and cannot solve multi-
response problems.   As a result, obtaining the global optimum process parameters is difficult. Due to the 
difficulties of acquiring knowledge, establishing a knowledge base for an expert injection molding system is 
also a challenge. 
 
Advanced computational methods 
As application of Injection moulding (IM) has progressed during recent years, it requires advanced 
sophisticated computational techniques. Hard computing, which uses finite element or finite difference 
methods, and soft computing, which uses AI approaches to analyze the process environment and anticipate 
injection moulding performance, are two advanced computational methodologies. 
 
Hard computing techniques 
In Injection moulding, hard computing is done with commercial software packages or optimization modules. 
 
Nowadays, numerous advanced software is available by which simulation, analysis, and data interpretation 
can be done. Moldflow is one example of a software package that has been used in a number of studies to 
identify significant parameters affecting majorly on the shrinkage of injection molded components [60]. Moldflow 
was used in combination with the Taguchi approach to obtain the optimal process parameters in gas-assisted 
moulding components by minimizing warpage [61]. Moldflow is used in conjunction with the Taguchi 
methodology to investigate the impact of process parameters on ultra-thin wall polymer component moulding. 
The findings of the experiment reveal that part thickness is the most important parameter in moulding, that 
metering size and injection rate are the most important factors in the moulding process, and that increasing the 
injection rate can significantly enhance the filling ratio [62]. In the case of optimization, Kriging models used to 
optimize the warpage in plastic cell phones to minimize computational resources than it is required by Moldflow 
analysis [63-65], to reduce warpage and shrinkage, use a sequential simplex approach paired with Moldflow 
[5], etc. 
Hard computing involves finite element analysis (FEA) which requires very huge computational time and high 
expense, which may not be available on the shop floor, a method using simulation analysis is majorly used for 
research purposes to characterize the impact of these machine parameters and process parameters on the 
final product quality. ANSYS, Moldflow, Moldex3D, and  HsCAE are the most common software packages to 
simulate this process. But this software is also unable to consider machine capabilities while simulation. 
 
Soft computing techniques 
Artificial intelligence (AI) approaches are rapidly being used to increase the efficiency and productivity of the 
injection moulding process. The optimization of intelligent parameters is a key aspect of intelligent injection 
moulding. Unsuitable settings can result in product failures. Artificial neural networks, evolutionary algorithms, 
and hybrid methodologies are examples of frequently used artificial intelligence in injection moulding soft 
computing. 
 
Artificial neural network (ANN) 
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An artificial neural network (ANN) is a deterministic model which is used to processes information through 
millions of inter- linked neurons that react to each input using weights, thresholds, and transfer functions that 
may be changed. The key benefit of employing ANN for injection moulding process parameter optimization is 
its potential to map out non-linear correlations between a range of input and output data. Injection time and 
injection pressure of the metal moulding process that used a feed-forward neural network combined with the 
Gauss training approach have been reported in a number of works using ANN in injection moulding [66]. In 
order to get the appropriate final response in terms of dimensional precision, modifications in process 
parameters are required [67]. With using neural networks, Kenig [68] were able to regulate and anticipate 
mechanical characteristics such as tensile modulus in the injection moulding process pretty precisely and in 
an acceptable amount of time. Kurtaran [69] used the response surface technique (RSM) and the artificial 
neural network (ANN) to reduce warpage in thin-shell plastic components. The neural network model is 
developed using a forward mapping ANN model in which all processing parameters considered as input 
parameters and by using reverse mapping ANN model in which response are considered. Through this 
experiment, it was found that molding and melting temperature along with injection velocity and packing 
pressure are responsible for dimensional shrinkage [70]. The Artificial Neural Network is used to determine the 
best injection molding processing parameters that permit for the least amount of flaws in the injection-molded 
object [71]. The Artificial Neural Network method and Moldflow analysis are used to establish the relation 
between the processing parameters on the volumetric shrinkage of the component made from PP material. 
The experimental results shows that ANN model is able to establish the relation between the processing 
parameters on the volumetric shrinkage with good accuracy. It was also found that the amount of material 
pressed into the mould has the greatest impact on shrinkage, followed by the crystalline structure and 
orientation of the material. [72]. Shi [73] used an ANN model to optimize process settings to reduce injection 
moulding component warpage. Due to their quick response and great accuracy, the back propagation neural 
networks (BPNN) and radial basis function network (RBFN) are also widely preferred for optimizing injection 
molding method  [74, 75]. BPNN is supported with experimental data utilizing computer-aided engineering 
(CAE) software, which reduces the time required for planning and tuning injection moulding process 
parameters [13]. By developing correlations between process parameters and warpage of injection-molded 
vehicle glove compartment cap, BPNN was trained and evaluated with data supplied by Moldflow software and 
FEM simulation for determining an ideal set of process parameters to minimize warpage. It has been 
established that the system can accurately anticipate the warpage of plastic component within a 2% error 
margin. The warpage value can be narrowed by approximately 33%. The experiment also reports significant 
fall in cooling time. [76]. To assist engineers in identifying optimal process conditions, Xu [77] combined a back-
propagation neural network method - BPNN with particle swarm optimization method (PSO) to minimize defects 
in injection molded parts, etc. 
 
But how ANN works, the output response is completely uncontrollable by the user after adding input data and 
describing a architectural style in general for the injection molding process. Furthermore, determining the 
optimal number of nodes and hidden layers is a time-consuming effort that necessitates rechecking the 
algorithm whenever any data falls outside of the expected range. BPNN models may take longer as the non-
linearity of test data rises. 
 
Evolutionary algorithm (EA) 
Due to their capacity to find global optima even without numerous response targets, evolutionary algorithms 
have become increasingly significant in optimizing injection moulding process parameters in recent years. 
Genetic algorithms (GA) for optimizing processing parameters are used in injection moulding process 
optimization employing EAs [39, 78, 79] and for minimizing the effect of shrinkage in runner diameters of 
molded part [80], multi-objective genetic algorithm (GA) for determining the size of the runner in multiple cavity 
injection molds [81], multi-objective genetic algorithm  for studying the features of performance of injection 
molding (IM) machine [82]. Genetic Algorithm (GA) used to improve input process parameters to achieve the 
required result in form of  dimensional shrinkage in injection-molded plastic part. It was also found that the 
overall dimension shrinkage error is nearly 7% between the anticipated value and experimental measurement. 
The shrinkage in the transverse and longitudinal directions are clearly improved by 85 percent and 63 percent, 
respectively [83]. With the premise that the majority of injection-molded specimens have a sheet-like form, 
particle swarm optimization (PSO) is used to estimate process parameters. [84]. The multi-objective 
optimization problem was solved using NSGA-II to identify factors in the machining process that have a 
substantial impact on component quality, productivity, and cost. The results suggest that the proposed method 
can be used to optimize machining while managing conflicting objectives [85]. Bouacha [86] compared the 
performance of the non-dominated sorting genetic algorithm (NSGA-II) and the particle swarm optimization-
based neural network. The NSGA-II methodology was proven to perform better than the PSO-NN methodology. 
Table 2 shows the most common evolutionary methods used for the optimization of the injection molding 
process parameters in literature. Evolutionary algorithms (EA) also have certain limitations, includes their 
dependency on the selection of fitness functions, the range process parameter. 
 
Hybrid approaches 
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It is preferable to combine two or more strategies in order to benefit from their unique advantages, which would 
not have been available if they were used independently. Hybrid approaches, such as GA combined with the 
Taguchi method, are used to reduce molded component warpage. [104], GA in collaboration with ANN can 
also be used to optimize the initial process parameter values. [105]. The experimenter suggest to combine GA 
with BPNN to attain the best quality in terms of shear stress [106] and to reduce volumetric shrinkage [13]. This 
experiment shows that to modify the runner sizes to balance the flow through NSGA. The objective of the study 
is to improve the part quality by reducing the warpage [81], The taguchi method combined with genetic 
algorithm (GA) and BPNN to identify the set of data in multiple-input single-output (MISO) by optimizing molded 
product weight [107]. 
To improve the processing parameters, the suggested approach combines Taguchi's parameter design 
method, back-propagation neural networks, evolutionary algorithms, and engineering optimization ideas [108]. 
For determining mechanical qualities by calculating an ideal combination process parameters, the Taguchi 
technique and response surface methodology (RSM) can be integrated with BPNN and GA [104]. Moldflow 
analysis and orthogonal array  experimental methods, together with BPNN and genetic algorithm (GA), can be 
apply to find the best set of processing parameters for reducing warpage and clamping force [109]. A hybrid 
method can be effectively used including back-propagation neural network (BPNN), genetic algorithm (GA), 
and response surface methodology (RSM) to identify an optimal processing parameter setting of the injection 
molding process. The experiment proves that the applied hybrid optimization method is very effective for 
optimization of injection molding processing parameter [110]. Using the dia. and length of the runner system 
as controlling parameters, the simulated annealing (SA) method was employed to find the best process 
parameter for achieving lowest warpage in molded parts [111]. This method combines a back propagation (BP) 
neural network method with a global intelligence optimization algorithm, such as a genetic algorithm (GA) to 
optimize the parameters as per specifications required. By considering various parameters, clamping force and 
warpage was optimized [4]. The Latin hypercube sampling approach was integrated with the Kriging method 
and multi-objective PSO (MOPSO) to create a superior Pareto frontier by lowering simulation cost. It was clear 
from the experiment that multi-objective optimization method can help us to achieve higher computational 
accuracy and efficiency for few sample size [112]. The experiment employ the ANN and an artificial bee colony 
(ABC) approach to select the best set of process parameters by minimizing warpage of molded components 
[113]. The Taguchi technique and ANOVA combined with GA and PSO were used to get optimal input and 
output process parameters [89]. Short shot as a design constraint and process parameters as design variables, 
Moldex3D software and the radial basis function (RBF) network based sequential optimization approach were 
used to minimise warpage in the plastic molded components [11]. Table 3 shows the most common hybrid 
approaches used for the optimization of the injection molding process parameters in literature. 
 

TABLE 2: Summary of Evolutionary methods used for the optimization method 

Various Evolutionary methods used Response 

GA - Genetic algorithm  Warpage [69, 87-90] 
Shrinkage [88, 91, 92] 
The cooling process [93] 
Sink mark [52] 
Short shot [94] 
Velocity control [95] 

PSO - Particle swarm optimization  Cycle time [10] 
Mechanical properties [12] 
Warpage [89, 96, 97]  
Torque and speed [98] 
Shrinkage [99, 100] 

Non-dominated sorting 
genetic algorithm II (NSGA-II) 

Quality characteristics [101] 
Mechanical properties [102] 
Energy consumption [101, 103] 
Warpage [3, 91] 
Shrinkage [3, 91] 
Residual stress [91] 
Sink mark [3] 

 
 
 
 

TABLE 3 Summary of hybrid approaches used for the optimization method 

Various Hybrid 
methods used 

Response 

ANN - Artificial 
neural network 

Cycle time [28, 87] 
Clamping force [53] 
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Mechanical properties 
[11, 12, 54] 
Energy Consumption 
[114] 
Warpage [73, 115] 
Shrinkage [100] 

Kriging model Warpage [116-119] 

SVM  - Support 
vector machines 

Cycle time [10, 56, 87] 
Product weight [120] 

 
 
Real-time techniques 
The present requirement is to develop a process that has the ability to be customized to meet the needs of 
users and to include changes in the process as a result of real-time optimization throughout the injection 
moulding process. The formulation is a new real-time method that not only determines the input parameters 
accurately but also enhances the process performance during the moulding process. 
 
Li [72] suggested a genetic algorithm (GA) based real-time process parameter optimization system that takes 
into account the original injection moulding process parameter set up and allows for online identification of 
defect and repairing. Only three quality indices are considered in the optimization model, and their values are 
estimated using approximate approaches that may not be correct in some circumstances. 
 
Zhao [121] designed an algorithm that collects inputs from the injection moulding machine's sensors and 
continually monitors the operation in real time, differentiating between phases. In the experiment, the filling-to-
packing time and switch-over point, as well as the packing time, are optimized depending on the information 
collected by the procedure. 
 

4. CONCLUSION 
 
This review paper introduces various optimization methods for injection molding and shows recent studies in 
this area. In the context of parameter optimization, There are numerous defects occurred in a injection molded 
component, but the most common ones are warpage, shrinkage, and formation weld line on components, and 
studies found in the literature are concentrated on reducing these defects as much as possible. Intelligent 
algorithms in association with surrogate models are a commonly used optimization technique and have proven 
excellent outcomes. According to the findings from the literature review, there is still need for further research 
on the topic of injection moulding process parameter optimization. In the plastic injection moulding (PIM) 
process, there is a lot of room for quantitative modeling and optimization. There are numerous techniques/tools 
that may be used to investigate and analyze the molding process. Here are a few suggestions. 
1. Components like Plates, Pipes, lances have been explored many times but no formal research efforts have 

been reported for parts like Plastic gears or bottle caps which have complex geometries, and are also 
difficult to maintain dimensional accuracy in mass production. If such kind of advanced computational 
methods is applied to these intricate geometries, the reliability and repeatability of techniques can be 
verified. 

2. A combination of feedback control along with machine learning may be helpful to get overall control over 
the product quality. 

3. Online tracking of various responses is still difficult, and a feedback system is required to be established 
which can improve the parameter range. 

4. To move towards sustainable, green manufacturing, IoT technologies should be adopted. 
 
Today's industrial scenario demands quick solutions to manufacturing problems. Complex design 
considerations, close tolerance requirements in a very short period definitely require for a proper optimization 
method which provides an accurate prediction of parameters associated with the injection molding process. 
This research conducts a review of several strategies utilized so far in the optimization of plastic injection 
moulding parameters for the optimum quality. It is detailed how trial and error procedures are used to obtain 
high-quality goods based on the experiences of engineers and operators. Moving towards the accurate 
prediction of different input and output parameters has been gradually improved with development in various 
optimization techniques. There are also significant downsides in various procedures that are described. Finally, 
new directions in the field of injection moulding process optimization are proposed. 
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