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ABSTRACT

The injection moulding process in plastic manufacturing parts is widely used
and the products can be seen anywhere as daily use items. This process includes a big
scale of production. This sometimes leads to defects that affect the quality of the
products. As a result, the production is inefficient, time-consuming, and costly.
However, one of the solutions that have been discovered is the fact that hybridisation
improves product quality, especially in minimising shrinkage defect at a thick plate
part by providing the best parameter setting. For an excellent performance of the
injection moulding process, it is crucial to have an optimum set of parameters and this
study considered melt temperature (°C), mould temperature (°C), cooling time(s), and
packing pressure (MPa) as a set of parameters. In this study, an improved hybridisation
technique of Grey Wolf Optimiser Sine Cosine Algorithm (GWOSCA) was developed
to estimate optimal parameter settings so that the value of shrinkage at the thick plate
could be minimised. The improved GWOSCA was made to enhance the searching
strategy of GWOSCA by increasing the movement of direction and speed while
sharing information among the alpha, beta, and delta to find the optimum value. The
simulation and improved results from GWOSCSA were compared and validated by
using experimental work of percentage error, regression model, and analysis of
variance (ANOVA). It showed that the improved GWOSCA could minimise the
shrinkage at the thick plate by 0.48% at x-axis and 0.35% at y-axis in contrast with the
simulation result, which was only 0.58% at x-axis and 0.60% at y-axis in this study.
Eventually, the improved GWOSCA optimisation technique significantly showed that
it could minimise the values of shrinkage in the injection moulding process for

manufacturing fields



ABSTRAK

Proses suntikan acuan dalam penghasilan bahagian plastik telah digunakan
secara meluas dan hasilnya boleh dilihat di mana-mana sahaja. Produk dari proses ini
dijadikan sebagai produk kegunaan harian. Proses ini melibatkan skala penghasilan
yang besar dan kadangkala menyebabkan kecacatan pada kualiti produk yang
dihasilkan. Kecacatan ini menjurus kepada ketidakcekapan, pembaziran masa dan kos
tinggi terhadap proses pengeluaran. Walau bagaimanapun, salah satu masalah yang
dikenal pasti ialah penggabungan teknik yang mampu meningkatkan kualiti produk
terutamanya bagi meminimumkan kecacatan pada pengecutan di bahagian plat yang
tebal dengan memperoleh tetapan parameter yang terbaik. Untuk memperoleh prestasi
yang terbaik dalam proses ini, mengoptimumkan set parameter adalah amat penting.
Kajian ini telah mempertimbangkan suhu pencairan (°C), suhu acuan (°C), masa
penyejukan (s) dan tekanan pembungkusan (MPa) sebagai satu set parameter. Dalam
kajian ini, satu penambahbaikan teknik gabungan Grey Wolf Optimiser Sine Cosine
Algorithm (GWOSCA) dibangunkan untuk meramal set parameter optimum supaya
nilai pengecutan pada plat tebal boleh dikurangkan. Penambahbaikan pada GWOSCA
ini dilakukan untuk menambah baik strategi carian dalam GWOSCA dengan
meningkatkan kadar perkongsian maklumat antara alpha, beta dan delta dalam mencari
nilai optimum. Hasil simulasi dan penambahbaikan GWOSCA telah dibandingkan dan
disahkan melalui kerja eksperimen ralat peratusan, model regresi dan analisis varians
(ANOVA). Hasil kajian menunjukkan bahawa penambahbaikan GWOSCA boleh
meminimumkan pengecutan di bahagian plat yang tebal dengan 0.48% pada paksi x
dan 0.35% pada paksi y. Hasil ini berbeza dan lebih baik berbanding dengan hasil
simulasi yang hanya 0.58% pada paksi x dan 0.60% pada paksi y. Akhir sekali,
penambahbaikan pengoptimuman GWOSCA menunjukkan kepentingan yang ketara
di mana ia dapat meminimumkan nilai pengecutan dalam proses pengacuan suntikan

untuk bidang pembuatan.
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CHAPTER 1

INTRODUCTION

This chapter is an overview of the research conducted in the field of
manufacturing. The topics discussed are the background of the study, problem

statement, objectives, scopes, and contribution of the study.

1.1 Introduction

Plastic production in the injection moulding process has been widely used for
more than 100 years (Hakimian and Sulong, 2012). The reason of the widely used of
this process is because of its high production for various types of shapes and it is also
a cost saving production (Lin and Chou 2002; Spina, 2004; Cho ef al., 2009). Plus, by
producing a thin, small and light product leads to a large production of the injection
moulding process and contributes to the industry of plastic manufacturing. Apparently,
this process has been used and applied to many neccesities such as computers, daily
products, medical devices (Oktem, 2012), vehicle accessories, and kids’ toys. In fact,
plastic has become a well-known material in numerous industries, for example,

agriculture, foods, aerospace and automotive.

Generally, the injection moulding process is a very complex and unstable cycle
process (Chiang and Chang, 2007). From the past studies, it is stated that when the
injection moulding process producing a product, the quality of the product is measured
by the defects. There are many defects can be found such as warpage, shrinkage, sink
marks, short shots, residual stress, strength, void, flash, silver streaks, weld line and
flow marks (Fischer, 2003; Harper, 2006; Osswald and Hernandez-Ortiz, 2006). Any
defects happen are tend to be expected and can be reduced. By controlling the product
quality, this process is gaining its own attention because of the promising standard by

producing a good quality product.



Shrinkage is a downgrading form in form of size of dimensions of the products
(Kazmer, 2016). The factor that makes the shrinkage happened are structure of the
mould, plastic part shape, materials of the plastic and condition of the process (Chen
and Ding, 2012). This happened when the thermal of the plastic was changed when in
the moulding process. When the shrinkage at the part becomes excessive, it can lead
to a warpage. It has been reported that, the quality of the products is low because of an
improper clamping force, patchy setting, temperature of melting and seal clearance
mould. In order to achieve maximum quality, the shrinkage need to be eliminated or
reduced by process control at the initial of the process by parameter setting (Hilmi e?
al.,2012; Kitayama and Natsume, 2014) and a great setup of a set of parameter setting
need to be made (Shoemaker, 2006; Kazmer, 2016).

Process parameter setting is actually give a huge effect in the injection
moulding process specifically in product quality (Chien ef al/., 2004; Ismail and
Suriandy, 2004; Lin ef al.,2008; Oktem et al.,2007; Sadbadi and Ghasemi, 2007; Chen
et al ,2008; Chen et al.,2009). Besides, it can affect lots of problems at the production
stage such high in production cost, long lagging time and defects. The injection
moulding process is an endless production process cycles which the parameters are
fixed. Because of that, the parameters are needed to be adjusted close to the goal of the

moulding process by using optimisation techniques.

Before this, a trial and error method in obtaining a set of optimal parameter
setting was being made by the experts and engineer experience in this field. Still, the
value of a set of parameter itself is insufficient for a proper value for process
parameters (Oktem et al., 2005). Moreover, this process is technically repeated and
need to do it regularly which consume to a high cost and time-consuming (Oktem et
al., 2005; Dang ef al., 2014). The high cost and time consuming process makes this
method cannot contribute much in enhancing a complex product. It turned out that, the
researchers came out with solution by finding a low cost method and more time
effective by implying computational techniques either by simulation or artificial
intelligence techniques. Hence, to minimise the shrinkage, the optimisation method
need to be done so that, many manufacturer in this industry will get the benefit and be

more competent in this field.



1.2 Problem Background

Based on past studies, many researchers were focusing on optimising shrinkage
at thin shell plastic parts compared to thick plate parts (Ozcelik and Erzurmulu, 2005,
Ozcelik and Erzurmulu, 2006; Kurtaran ef al., 2005; Shen et al., 2007; Deng and Lam,
2010; Yin and Hua, 2011; Chen and Kurniawan, 2014). The thick plate part differs
from the thin plate part especially on its thickness and weight mass. A thick plate part
is contrary from thin plate part including thickness and weight of the part. Besides, a
common thickness for injection moulding part is between 0.75 mm to 3 mm for filled
materials and it depends on the design and functionality of each part (Najihah ef al.,
2016). Because of that, this study wants to focus on minimising the shrinkage at the

thick plate part.

By addressing critical issues like shrinkage, the defect is needed to be
examined so that the plastic injection moulding process can enhance the shrinkage at
the moulded parts. The crucial parameter setting that greatly affects the shrinkage must
be investigated because it plays a big role in ensuring the standard of a certain product
quality. Many researchers have conducted a study evolving various defects and
materials, variety set of parameter setting, differential method of optimisations in order
to overcome the defects and plus, enhancing the product quality. Most of them, need
an outstanding parameters and optimum setting to find a factor that contribute to a
certain defect which can be determined through simulation or experimental works. The
enhancement can be seen when the percentage of the defects are being calculated by

showing how much the improvement has been made.

Optimisation is a problem of searching the best solutions that can be
implemented to every real problem (Ghose, T, 2002). Previously, many modern
optimisation techniques were carried out by past researchers to understand and explore
an interaction of the process parameters in the injection moulding towards mechanical
properties of moulded parts and their responses (Mahapatra and Chaturvedi, 2009, Xu
etal., 2012, Wang et al., 2013). From those studies, they stated that there is a stringent
interaction between a set of parameters processing and their responses while delivering

various optimisation techniques (Manjunath and Krishna, 2012). Therefore, many



researchers have made variety of works in optimising the injection moulding defects,
for example, Particle Swarm Optimisation (PSO) (Xu et al., 2012), Genetic Algorithm
(GA) (Wang, 2012;), Artificial Neural Network (ANN) (Manjunath and Krishna,
2012), Back Propagation ANN (BPANN) (Wang et al., 2013), Radial Basis Function
(RBF) (Kitayama and Natsume, 2014), Taguchi Method (Curié et al., 2012)
Glowworm Swarm Optimisation (GSO) (Hazwan et al., 2017), Support Vector
Machine (SVM) (Tellaeche and Arana, 2013) and many more. The modern technique
is good at local search and easy to be implemented but the convergence is initially fast
but slow in the end (Mahapatra and Chaturvedi, 2009). Based on these studies, it was
observed that the optimisation of shrinkage parameters using GWO algorithm have
been limitedly considered by past researchers. Therefore, this study considered GWO

algorithm to estimate the optimal solution for shrinkage performance.

Based on the reviews, each artificial intelligence and numerical simulation has
the ability to improve the plastic injection moulding design. Even though these
techniques are proven to be applicable, it is not optimal (Shi ef al., 2003). For GWO
optimisation, it has been used for various real problems and from these result, GWO
optimisation shows an outstanding performance when compared to other optimisation
techniques. Some of the real problems that have used GWO optimisation are economic
dispatch problems of power system (Wong ef al., 2014), power system in risk
prevention of smart grid (Mahdad and Srairi, 2015), using GWO for decision tree
classifier for gene classification (Vosooghifard and Ebrahimpour, 2015), for
forecasting natural resources of time series forecasting (Mustafta and Kahar, 2015),
photonic crystal filter image (Chaman-Motlagh, 2015; Li et al., 2016) and many more.
For GWO optimisation, it has many advantages for solving unconstrained and
constrained problems. Also, it has a high performance at an unknown search space,
convenience and only needs fewer parameters (Mirjalili ez al., 2014). Even though,
with so many advantages GWO had, still it has the drawbacks which are not fit for
complex function and trapped at local optima. Because of that, it leads to a refinement
of GWO optimisation either hybridisation or modification by adjusting its algorithm
into many shapes of changes to fit and fix the drawbacks so that the desired problems

can be solved.



Some part of the main structure of GWO algorithm such as tracking, encircling
and attacking prey has been adjusted and modified based on the problem. Many
researchers focusing to enhance GWO algorithm by improving the wolves’ position
by using probabilistic method (Gupta et al., 2015), Kcentroids (Korayem and Kassem,
2015), clustering position (Sayed and Hassanien, 2015) and sequence alignment
(Jayapriya and Arock, 2015). Furthermore, for balancing search agents, pattern search
technique is proposed by Mahdad and Srairi, 2015, random technique introduced by
Niu et al., (2016) and the same technique is used by improving it with emission
technique (Dudani and Chudasama, 2016). Besides, for enhance the wolves when
encircling the prey, Mirjalili, 2015 used ANN technique and Saremi ez al., 2015 used
Evolutionary Population Dynamic (EPD) to remove the poor search space so that the
exploration and exploitation of GWO algorithm can be enhanced. Form these studies,
it can be seen that, the focus of improving the exploration and exploitation GWO
algorithm is crucial as stated as one of main disadvantages and hence there is lack of
studies. Based on GWO optimisation weaknesses where it is easy to be trapped in local
optima and several studies show by combining various optimisation techniques,
injection moulding problem can be improved (Kapoor and Kumar, 2016). Therefore,
a hybrid computational technique is recommended to solve the optimisation problem
and this study proposes a hybrid Grey Wolf Optimiser Sine Cosine Algorithm
(GWOSCA). However, the hybrid technique is not fully accommodating the drawback
that GWOSCA algorithm had. Thus, this study attempts to develop an improved hybrid
of GWOSCA to enhance the flaw of GWOSCA algorithm by improving its algorithm
and achieve optimum parameters of the shrinkage performance in injection moulding

process.

1.3 Problem Statement

The key to the process parameter setting that greatly affects the shrinkage must
be investigated because it plays a big role in ensuring the standard of product quality.
Shrinkage relationship between process parameter is difficult to understand because it
is a nonlinear and implicit function (Zhao et al., 2015). Because of that, it needs a

metamodel-based optimisation method to execute its relationship into the explicit form



of low order polynomials. Here, Response Surface Methodology (RSM) technique is
proposed because of it able to express the relationship of the shrinkage and process
parameter by the mathematical model which forms of quadratic polynomial with
acceptable accuracy. Then, further optimisation to obtain the optimum process

parameter will be deployed.

In obtaining optimum parameters for injection moulding to minimse the
shrinkage, the main objectives that need to be considered are accurateness of result,
dependability, and computer efficiency. Plus, with poor setting can lead to an
insufficient system in accurateness and bothering the time of the execution (Mok and
Kwang, 2002). Therefore, the present study proposes an improved Grey Wolf
Optimiser Sine Cosine Algorithm (GWOSCA) to solve weaknesses of the standard
GWOSCA algorithm and at the same time enhancing better optimum parameter results
for shrinkage performance. GWOSCA algorithm was reported to have a robust search
variant for various global optimisation functions (Sing and Singh, 2017). In order to
benefit a better exploration capability and high speed searching of GWOSCA
algorithm, the searching behavior of SCA is deployed in GWO algorithm. In this study,
it focuses on GWO’s problem where the working of its search agents needs a robust
movement so that the searching skill can move faster with information to find their
prey (optimise) (Singh and Singh, 2017). Therefore, SCA will help the movement of
the grey wolf agents in GWOSCA at calculate and update fitness value phase. In the
meantime, SCA will help GWO in preventing their search agents to not be trapped in
local optima and will boost the robustness of the GWO, especially when all search
agents are equally shared and receive information as the process is working

continuously (in loop).

This study investigates an optimisation problem in injection moulding process
with single performance. The product quality performance is measured based on
defects. Shrinkage is one of the crucial product qualities (Fischer, 2003; Harper, 2006;
Osswald and Hernandez-Ortiz, 2006) that need to be controlled by combining good
parameters setting during the injection moulding process. After obtaining optimal
parameters from the prediction model of the optimisation algorithm, a real

conformation experiment need to be applied. This is to ensure the quality of estimating



model obtained in this study is accepted to predict a real experiment. The mixture of
parameters from the optimisation result is used in the injection moulding machine to
produce new parts. Then, the shrinkage measurement will be determined and

compared with the result from generated model.

To answer the problem statement, this study comes out with three research
questions which are:
(a) How to design effective mathematical models for shrinkage performances?

(b) How effective is the proposed improved GWOSCA algorithm in
approximating optimal process parameters that leads to a better shrinkage

performance?

(©) How to validate the estimating model by real experiment?

1.4 Objectives

In this study, three main objectives were stated as below in contemplation of
furthering the study on the shrinkage at the moulded parts produced in the plastic

injection moulding process:
(a) To develop the mathematical models for injection moulding shrinkage
performances.

(b) To develop an improved GWOSCA optimisation algorithm for determine

optimal process parameters of shrinkage performance.

(©) To validate the estimating model solution by conducting real experiment.



1.5

(a)
(b)

(©)

(d)

(e)

®
(e
(h)

(a)

Scopes

The scopes of this study are as follows:

Manufacturing :
Shrinkage is selected as the response in this study.

Autodesk Moldflow Insight (AMI) 2012 software is used for simulation

analysis.

Response Surface Methodology (RSM) is implemented by Design Expert

Software 7.0 in obtaining the objective function for responses.
Acrylonitrile Butadiene Styrene (ABS) is a material for thick plate part.

80 Tonne Nisset NEX1000 injection moulding machine was used to conduct

the experiment.

Part designed is according to ISO 2941-1: 1996(E).

Mould designed for cavity A and B are according to ISO 3167:2002 (E).
Shrinkage measurement for x and y axes are according to ISO 294-2:2001.

Process parameters for shrinkage are mould temperature, melt temperature,

cooling time and packing pressure.
Artificial intelligence:

Improved Grey Wolf Optimiser Sine Cosine Algorithm (GWOSCA) is selected
as the optimisation method and implemented by MATLAB 2014b.



1.6  Significance of Research

This study investigates the performance of the proposed improved GWOSCA
which is to minimise the value of the injection moulding performance which is
shrinkage. Then, the result of the proposed technique was compared with simulation
to ensure the effectiveness of the proposed technique in estimating the shrinkage at the
thick plate part before validated by real experiment. This proposed technique is
considered as a new perspective in the plastic manufacturing industry research for
improving the injection moulding performance and optimising the shrinkage and thus

produce a good quality of product.

1.7 Summary

This chapter has discussed the background of the study, problem statement,
aims, objectives, scopes, research significance and contributions. The discussions are
placed in order so that the problem arises in optimizing the shrinkage at the thick plat

part can be figured out.



REFERENCES

Alam, M. M., & Kumar, D. (2013). Reducing shrinkage in plastic injection moulding
using Taguchi method in Tata magic head light. Infernational Journal of
Science and Research, 2(2), 107-110.

Ali, M., El-Hameed, M. A., & Farahat, M. A. (2017). Effective parameters’

identification for polymer electrolyte membrane fuel cell models using grey
wolf optimiser. Renewable Energy, 111, 455-462.

Altan, M. (2010). Reducing shrinkage in injection mouldings via the Taguchi,
ANOVA and neural network methods. Materials & Design, 31(1), 599-604.

Anand, H., Narang, N., & Dhillon, J. S. (2018). Profit based unit commitment using
hybrid optimization technique. Energy, 148, 701-715.

Annicchiarico, D., & Alcock, J. R. (2014). Review of factors that affect shrinkage of
moulded part in injection moulding. Materials and Manufacturing
Processes, 29(6), 662-682.

Azaman, M. D., Sapuan, S. M., Sulaiman, S., Zainudin, E. S., & Khalina, A. (2015).
Optimisation and numerical simulation analysis for moulded thin-walled parts
fabricated using wood-filled polypropylene composites via plastic injection
moulding. Polymer Engineering & Science, 55(5), 1082-1095.

Barghash, M. A, & Alkaabneh, F. A. (2014). Shrinkage and warpage detailed analysis
and optimization for the injection moulding process using multistage
experimental design. Quality engineering, 26(3), 319-334.

Betiku, E., Omilakin, O. R., Ajala, S. O., Okeleye, A. A, Taiwo, A. E., & Solomon,
B. O. (2014). Mathematical modeling and process parameters optimization
studies by artificial neural network and response surface methodology: a case
of non-edible neem (Azadirachta indica) seed oil biodiesel synthesis. Energy,
72, 266-273.

Biyanto, T. R., Afdanny, N., Alfarisi, M. S., Haksoro, T., & Kusumaningtyas, S. A.

(2016, August). Optimization of acid gas sweetening plant based on least

squares—Support Vector Machine (LS-SVM) Model and Grey Wolf

Optimiser (GWO). In Sensors, Instrumentation, Measurement and Metrology

(ISSIMM), International Seminar on (pp. 1-7). IEEE.

95



Bonabeau, E., Marco, D. D. R. D. F,, Dorigo, M., Théraulaz, G., & Theraulaz, G.
(1999). Swarm intelligence: from natural to artificial systems (No. 1). Oxford
university press.

Chaman-Motlagh A (2015) Superdefect photonic crystal filter optimization using
GreyWolf Optimiser. IEEE Photonics Technol Lett 27(22):2355-2358.

Chen, J. P, & Ding, Z. P. (2012). Analysis of volumetric shrinkage and optimization
of process parameters in injection moulding. In Applied Mechanics and
Materials (Vol. 217, pp. 2065-2069). Trans Tech Publications.

Chen, W. C., & Kurniawan, D. (2014). Process parameters optimization for multiple
quality characteristics in plastic injection moulding using Taguchi method,
BPNN, GA, and hybrid PSO-GA. International journal of precision
engineering and manufacturing, 15(8), 1583-1593.

Chen, W. C., Wang, L. Y., Huang, C. C., & Lai, T. T. (2013). Parameter optimization
ofthe injection moulding process for a LED lighting lens using soft computing.
In Advanced Materials Research (Vol. 690, pp. 2344-2351). Trans Tech
Publications.

Cheng, J., Liu, Z., & Tan, J. (2013). Multiobjective optimization of injection moulding
parameters based on soft computing and variable complexity method. The
International Journal of Advanced Manufacturing Technology, 66(5-8), 907-
916.

Chiang, K. T, & Chang, F. P. (2006). Application of grey-fuzzy logic on the optimal
process design of an injection-moulded part with a thin shell
teature. International Communications in Heat and Mass Transfer, 33(1), 94-
101.

Chiang, K. T., & Chang, F. P. (2007). Analysis of shrinkage and warpage in an
injection-moulded part with a thin shell feature using the response surface
methodology. The International Journal of Advanced Manufacturing
Technology, 35(5-6), 468-479.

Chien, R. D,, Chen, S. C,, Lee, P. H,, & Huang, J. S. (2004). Study on the moulding
characteristics and mechanical properties of injection-moulded foaming
polypropylene parts. Journal of reinforced plastics and composites, 23(4), 429-
444,

96



Cho, K. J., Koh, J. S, Kim, S., Chu, W. S., Hong, Y., & Ahn, S. H. (2009). Review of
manufacturing processes for soft biomimetic robots. International Journal of
Precision Engineering and Manufacturing, 10(3), 171-181.

Curi¢, D., Veljkovi¢, Z. A., & Duhovnik, J. (2012). Comparison of methodologies for
identification of process parameters affecting geometric deviations in plastic
injection moulding of housing using Taguchi method. Mechanics, 18(6), 671-
676.

Dang, X. P. (2014). General frameworks for optimization of plastic injection moulding
process parameters. Simulation Modelling Practice and Theory, 41, 15-27.

Dangayach, G. S., & Kumar, D. (2012). Reduction in defect rate by Taguchi method
in plastic injection moulded components. InAdvanced Materials
Research (Vol. 488, pp. 269-273). Trans Tech Publications.

Das, K. R, Das, D, & Das, J. (2015, October). Optimal tuning of PID controller using
GWO algorithm for speed control in DC motor. In Soft Computing Techniques
and Implementations (ICSCTI), 2015 International Conference on (pp. 108-
112). IEEE.

Dayhoft, J. E., & DeLeo, J. M. (2001). Artificial neural networks: opening the black
box. Cancer: Interdisciplinary International Journal of the American Cancer
Society, 91(S8), 1615-1635.

Deng, J., Yang, Z., Li, K., Menary, G., & Harkin-Jones, E. (2012, September).
Heuristically optimised RBF neural model for the control of section weights in
stretch blow moulding. In Control (CONTROL), 2012 UKACC International
Conference on (pp. 24-29). IEEE.

Deng, Y. M,, Zhang, Y., & Lam, Y. C. (2010). A hybrid of mode-pursuing sampling
method and genetic algorithm for minimization of injection moulding warpage.
Materials & Design, 31(4), 2118-2123.

Desai, K. M., Survase, S. A., Saudagar, P. S., Lele, S. S., & Singhal, R. S. (2008).
Comparison of artificial neural network (ANN) and response surface
methodology (RSM) in fermentation media optimization: case study of
fermentative production of scleroglucan. Biochemical Engineering Journal,
41(3), 266-273.

Dudani, K., & Chudasama, A. R. (2016). Partial discharge detection in transformer
using adaptive grey wolf optimizer based acoustic emission technique. Cogent

Engineering, 3(1), 1256083.

97



Dzung, P. Q,, Tien, N. T., Tuyen, N. D., & Lee, H. H. (2015, June). Selective harmonic
elimination for cascaded multilevel inverters using grey wolf optimiser
algorithm. In Power Electronics and ECCE Asia (ICPE-ECCE Asia), 2015 9th
International Conference on (pp. 2776-2781). IEEE.

Eberhart, R., & Kennedy, J. (1995, October). A new optimizer using particle swarm
theory. In Micro Machine and Human Science, 1995. MHS'95., Proceedings
of the Sixth International Symposium on (pp. 39-43). IEEE.

Eswaramoorthy, S., Eswaramoorthy, S., Sivakumaran, N., Sivakumaran, N., Sekaran,
S., & Sekaran, S. (2016). Grey wolf optimization based parameter selection for
support vector machines. COMPEL-The international journal for computation
and mathematics in electrical and electronic engineering, 35(5), 1513-1523.

Fathy, A., & Abdelaziz, A. Y. (2017). Grey Wolf Optimizer for Optimum Sizing and
Siting of Energy Storage System in Electric Distribution Network. Electric
Power Components and Systems, 45(6), 601-614.

Fischer, J. M. (2003). Handbook of moulded part shrinkage and warpage. Plastics
design library. USA: William Andrew.

Fouad, M. M, Hafez, A. 1., Hassanien, A. E., & Snasel, V. (2015, December). Grey
Wolves Optimizer-based localization approach in WSNs. In Computer
Engineering Conference (ICENCO), 2015 11th International (pp. 256-260).
TIEEE.

G.G. Wang, S. Shan, Review of metamodeling techniques in support of engineering
design optimization, Journal of Mechanical Design 129 (2007) 370-380.

Geddes, C. (2011). 3D-forming process: plastics injection moulding. Edinburgh,
Scotland: Scottish Plastics And Rubber Association.

Ghazzai, H., Yaacoub, E., & Alouini, M. S. (2014, September). Optimized LTE cell
planning for multiple user density subareas using meta-heuristic algorithms. In
Vehicular Technology Conference (VTC Fall), 2014 IEEE 80th(pp. 1-6).
TIEEE.

Ghose, T. (2002). Optimization technique and an introduction to genetic algorithms
and simulated annealing. In Proceedings of international workshop on soft
computing and systems (pp. 1-19).

Gupta, E., & Saxena, A. (2015). Robust Generation Control Strategy Based on Grey
Wolf Optimizer. Journal of Electrical Systems, 11(2).

98



Gupta, E., & Saxena, A. (2016). Grey wolf optimizer based regulator design for
automatic generation control of interconnected power system. Cogent
Engineering, 3(1), 1151612.

Gupta, P, Kumar, V., Rana, K. P. S., & Mishra, P. (2015, September). Comparative
study of some optimization techniques applied to Jacketed CSTR control. In
Reliability, Infocom Technologies and Optimization (ICRITO)(Trends and
Future Directions), 2015 4th International Conference on (pp. 1-6). IEEE.

Hadidian-Moghaddam, M. J., Arabi-Nowdeh, S., & Bigdeli, M. (2016). Optimum
sizing of a stand-alone hybrid photovoltaic/wind system using new grey wolf
optimizer considering reliability. Journal of Renewable and Sustainable
Energy, 8(3), 035903.

Hakimian, E., & Sulong, A. B. (2012). Analysis of warpage and shrinkage properties
of injection-moulded micro gears polymer composites using numerical
simulations assisted by the Taguchi method. Materials & Design, 42, 62-71

Hameed, I. A, Bye, R. T, & Osen, O. L. (2016, December). Grey wolf optimizer
(GWO) for automated offshore crane design. In Computational Intelligence
(SSCI), 2016 IEEE Symposium Series on (pp. 1-6). IEEE.

Harper, C. A. (2006). Handbook of plastic processes. John Wiley & Sons.

Harris, R. A., Newlyn, H. A., Hague, R. J., & Dickens, P. M. (2003). Part shrinkage
anomilies from stereolithography injection mould tooling. /nternational
Journal of Machine Tools and Manufacture, 43(9), 879-887.

Hazwan, M. H. M., Shayfull, Z., Sharif, S., Nasir, S. M., & Zainal, N. (2017,
September). Warpage optimisation on the moulded part with straight-drilled
and conformal cooling channels using response surface methodology (RSM)
and glowworm swarm optimisation (GSO). In AIP Conference Proceedings
(Vol. 1885, No. 1, p. 020157). AIP Publishing.

Hidayah, M. H. N, Shayfull, Z., Nasir, S. M., Sazli, S. M., & Fathullah, M. (2017,
September). Optimisation of thin shell parts by using particle swarm
optimisation (PSO) method. In AIP Conference Proceedings (Vol. 1885, No.
1, p. 020051). AIP Publishing.

Hilmi, O. M., & Yulis, M. A. S. (2012, April). Optimising injection moulding
parameters that satisfies part qualities by using Taguchi method. In Business
Engineering and Industrial Applications Colloquium (BEIAC), 2012 IEEE (pp.
307-312). IEEE.

99



Isafiq, M., Shayfull, Z., Nasir, S. M., Rashidi, M. M., Fathullah, M., & Noriman, N.
Z. (2016). Shrinkage Analysis on Thick Plate Part using Response Surface
Methodology (RSM). In MATEC Web of Conferences (Vol. 78, p. 01084).
EDP Sciences.

Ismail, H., & Suryadiansyah, S. (2004). Effects of Filler Loading on Properties of
Polypropylene—Natural Rubber—Recycle Rubber Powder (PP-NR-RRP)
Composites. Journal of reinforced plastics and composites, 23(6), 639-650.

J. Xu and L. S. Turng, Microcellular Injection Moulding: Wiley, 2011.

Jayabarathi, T., Raghunathan, T., Adarsh, B. R., & Suganthan, P. N. (2016). Economic
dispatch using hybrid grey wolf optimizer. Energy, 111, 630-641.

Jayapriya, J., & Arock, M. (2015, August). A parallel GWO technique for aligning
multiple molecular sequences. In Advances in Computing, Communications
and Informatics (ICACCI), 2015 International Conference on(pp. 210-215).
IEEE.

Jeong, S. W. (2013). Optimization of a Reinforcing-Rib Design for ABS and High
Glossy Surfaces of Plastic Parts. In Applied Mechanics and Materials (Vol.
330, pp. 724-729). Trans Tech Publications.

Jin, J., Yu, H. Y., & Lv, S. (2009). Optimization of plastic injection moulding process
parameters for thin-wall plastics injection moulding. In Advanced Materials
Research (Vol. 69, pp. 525-529). Trans Tech Publications.

Kalayci, C. B, & Kaya, C. (2016). An ant colony system empowered variable
neighborhood search algorithm for the vehicle routing problem with
simultaneous pickup and delivery. Expert Systems with Applications, 66, 163-
175.

Kalkhambkar, V., Kumar, R., & Bhakar, R. (2016, March). Joint optimal allocation of
battery storage and hybrid renewable distributed generation. In Power Systems
(ICPS), 2016 IEEE 6th International Conference on (pp. 1-6). IEEE.

Kamboj, V. K., & Bath, S. K. (2016). A solution to energy and environmental
problems of electric power system using hybrid harmony search-random
search optimization algorithm. Cogent Engineering, 3(1), 1175059.

Kamboj, V. K., Bath, S. K., & Dhillon, J. S. (2016). Solution of non-convex economic
load dispatch problem using Grey Wolf Optimizer. Neural Computing and
Applications, 27(5), 1301-1316.

100



Kapoor, A., & Deepak Kumar, M. (2016). Optimization of shrinkage in injection-
moulding of 40% glass filled nylon 66 using response surface methodology
(RSM) and genetic algorithm (GA). International Journal of Engineering
Development and Research (Vol. 4). Retrieved from www.ijedr.org

Karnavas, Y. L., & Chasiotis, I. D. (2016, September). PMDC coreless micro-motor
parameters estimation through Grey Wolf Optimizer. In Electrical Machines
(ICEM), 2016 XXII International Conference on (pp. 865-870). IEEE.

Karnavas, Y. L., Chasiotis, I. D., & Peponakis, E. L. (2016). Permanent Magnet
Synchronous Motor Design using Grey Wolf Optimizer Algorithm.
International Journal of Electrical and Computer Engineering, 6(3), 1353.

Kaveh, A., & Shokohi, F. (2016). Application of Grey Wolf Optimizer in design of
castellated beams. Asian Journal of Civil Engineering, 17(5), 683-700.

Kazmer, D. O. (2016). Injection mould design engineering. Carl Hanser Verlag GmbH
Co KG.

Kitayama, S., & Natsume, S. (2014). Multi-objective optimization of volume
shrinkage and clamping force for plastic injection moulding via sequential
approximate optimization. Simulation Modelling Practice and Theory, 48, 35-
44.

Komaki, G. M., & Kayvanfar, V. (2015). Grey Wolf Optimizer algorithm for the two-
stage assembly flow shop scheduling problem with release time. Journal of
Computational Science, 8, 109-120.

Korayem, L., Khorsid, M., & Kassem, S. S. (2015). Using grey Wolf algorithm to
solve the capacitated vehicle routing problem. In IOP Conference Series:
Materials Science and Engineering (Vol. 83, No. 1, p. 012014). 10P
Publishing.

Korke, S. (1997). Analysis and measurement of warpage for linear flow of amorphous
and crystalline materials.

Kovag, N., Davidovi¢, T., & Stanimirovi¢, Z. (2018). Variable neighborhood search
methods for the dynamic minimum cost hybrid berth allocation problem.
Information Technology And Control, 47(3), 471-488.

Kovécs, J. G, & Siklo, B. (2011). Test method development for deformation analysis
of injection moulded plastic parts. Polymer Testing, 30(5), 543-547.

Kurtaran, H., & Erzurumlu, T. (2006). Efficient warpage optimization of thin shell

plastic parts using response surface methodology and genetic algorithm. The

101


http://www.ijedr.org/

International Journal of Advanced Manufacturing Technology, 27(5-6), 468-
472.

Kurtaran, H., Ozcelik, B., & Erzurumlu, T. (2005). Warpage optimization of a bus
ceiling lamp base using neural network model and genetic algorithm. Journal
of materials processing technology, 169(2), 314-319.

Landa, P., Aringhieri, R., Soriano, P., Tanfani, E., & Testi, A. (2016). A hybrid
optimization algorithm for surgeries scheduling. Operations Research for
Health Care, 8, 103-114.

Laxman, J., & Raj, K. G. (2014). Optimization of EDM process parameters on titanium
super alloys based on the grey relational analysis. International Journal of
Engineering Research, 3(5), 344-348.

Lee, K., & Lin, J. C. (2013). Optimization of injection moulding parameters for led
lampshade. Transactions of the Canadian Society for Mechanical Engineering,
3703).

Lei, C. J, Yu, J. H, Zhan, H. F., Chen, L., & Jiang, Z. R. (2012). Multi-Objective
Optimization Design for Double Toggle Clamping Unit of Injection Moulding
Machine. In Applied Mechanics and Materials (Vol. 201, pp. 15-19). Trans
Tech Publications.

Li, Q., Li, L., Si, X., & Rongji, W. (2015). Modeling the Effect of Injection Moulding
Process Parameters on Warpage Using Neural Network Theory. Journal of
Macromolecular Science, Part B, 54(9), 1066-1080.

Li, S. X, & Wang, J. S. (2015). Dynamic modeling of steam condenser and design of
PI controller based on grey wolf optimizer. Mathematical Problems in
Engineering, 2015.

Lin, Y. H, Deng, W. J., Huang, C. H. and Yang, Y. K. Optimization of injection
moulding process for tensile and wear properties of polypropylene components
via Taguchi and design of experiments method. Polymer-Plastics Technology
and Engineering. 47(1): 96-105, (2008)

Lin, Z. C., & Chou, M. H. (2002). Design of the cooling channels in nonrectangular
plastic flat injection mould. Journal of manufacturing systems, 21(3), 167-186.

Liu, F., Zeng, S., Zhou, H., & Li, J. (2012). A study on the distinguishing responses of
shrinkage and warpage to processing conditions in injection moulding. Journal

of Applied Polymer Science, 125(1), 731-744.

102



Mahapatra, S. S., & Chaturvedi, V. (2009). Modelling and analysis of abrasive wear
performance of composites using Taguchi approach. International Journal of
Engineering, Science and Technology, 1(1), 123-135.

Mahdad, B., & Srairi, K. (2015). Blackout risk prevention in a smart grid based flexible
optimal strategy using Grey Wolf-pattern search algorithms. Energy
Conversion and Management, 98, 411-429.

Mallick, R. K., & Nahak, N. (2016, December). Design of GWO optimized dual UPFC
controller for damping of power system oscillations. In Electrical, Computer
and Electronics Engineering (UPCON), 2016 IEEE Uttar Pradesh Section
International Conference on (pp. 350-355). IEEE.

Mallick, R. K., & Nahak, N. (2016, March). Grey wolves-based optimization
technique for tuning damping controller parameters of unified power flow
controller. In Electrical, Electronics, and Optimization Techniques (ICEEOT),
International Conference on (pp. 1458-1463). IEEE.

Mallick, R. K., Haque, F., Rout, R. R, & Debnath, M. K. (2016, March). Application
of grey wolves-based optimization technique in multi-area automatic
generation control. In Electrical, Electronics, and Optimization Techniques
(ICEEOT), International Conference on (pp. 269-274). IEEE.

Manjunath, P. G., & Krishna, P. (2012). Prediction and optimization of dimensional
shrinkage variations in injection moulded parts using forward and reverse
mapping of artificial neural networks. In Advanced Materials Research (Vol.
463, pp. 674-678). Trans Tech Publications.

Marins, N. H., de Mello, F. B., e Silva, R. M., & Ogliari, F. A. (2016). Statistical
Approach to Analyze the Warpage, Shrinkage and Mechanical Strength of
Injection Moulded Parts. International Polymer Processing, 31(3), 376-384.

Mehat, N. M., Kamaruddin, S., & Othman, A. R. (2013). Modeling and Analysis of
Injection Moulding Process Parameters for Plastic Gear Industry
Application. ISRN Industrial Engineering, 2013.

Mehdinejad, M., Mohammadi-Ivatloo, B., Dadashzadeh-Bonab, R., & Zare, K. (2016).
Solution of optimal reactive power dispatch of power systems using hybrid
particle swarm optimization and imperialist competitive algorithms.
International Journal of Electrical Power & Energy Systems, 83, 104-116.

Mirjalili, S. (2015). How effective is the Grey Wolf optimizer in training multi-layer
perceptrons. Applied Intelligence, 43(1), 150-161.

103



Mirjalili, S. (2016). SCA: a sine cosine algorithm for solving optimization problems.
Knowledge-Based Systems, 96, 120-133.

Mirjalili, S., Mirjalili, S. M., & Lewis, A. (2014). Grey wolf optimizer. Advances in
Engineering Software, 69, 46-61.

Mohamed, A. A. A,, El-Gaafary, A. A, Mohamed, Y. S., & Hemeida, A. M. (2015,
July). Design static VAR compensator controller using artificial neural
network optimized by modify Grey Wolf Optimization. In Neural Networks
(IJCNN), 2015 International Joint Conference on (pp. 1-7). IEEE.

Mohd Hilmi, O., Hasan, S., Muhammad, W. N. A. W., & Zuramashana, Z. (2013).
Optimising injection moulding parameter setting in processing polypropylene-
clay composites through Taguchi method. In Applied Mechanics and Materials
(Vol. 271, pp. 272-276). Trans Tech Publications.

Mok, S. L., & Kwong, C. K. (2002). Application of artificial neural network and fuzzy
logic in a case-based system for initial process parameter setting of injection
moulding. Journal of Intelligent Manufacturing, 13(3), 165-176.

Moradi, M., Badri, A., & Ghandehari, R. (2016, January). Non-convex constrained
economic dispatch with valve point loading effect using a grey wolf optimizer
algorithm. In Thermal Power Plants (CTPP), 2016 6th Conference on (pp. 96-
104). IEEE.

Mostafa, J. J., Mohammad, M. A., & Ehsan, M. (2011). A hybrid response surface
methodology and simulated annealing algorithm: a case study on the
optimization of shrinkage and warpage of a fuel filter. World Applied Sciences
Journal, 13(10), 2156-2163.

Muhammad, Z., Saxena, N., Qureshi, I. M., & Ahn, C. W. (2017). Hybrid Artificial
Bee Colony Algorithm for an Energy Efficient Internet of Things based on
Wireless Sensor Network. IETE Technical Review, 34(supl), 39-51.

Murali K, Jayabarathi T (2016) Automated image enhancement using Grey-wolf
optimizer algorithm. J MultidiscipSci Technol 7:77-84

Muro, C., Escobedo, R., Spector, L., & Coppinger, R. P. (2011). Wolf-pack (Canis
lupus) hunting strategies emerge from simple rules in computational
simulations. Behavioural processes, 88(3), 192-197.

Mustaffa Z, Sulaiman MH, Kahar MNM (2015) LS-SVM hyper-parameters

optimization based on GWO algorithm for time series forecasting. In: 2015 4th

104



International conference on software engineering and computer systems
(ICSECS). IEEE, pp 183-188.

Nahak, N., & Mallick, R. K. (2017). Damping of power system oscillations by a novel
DE-GWO optimized dual UPFC controller. Engineering Science and
Technology, an International Journal, 20(4), 1275-1284.

Najihah, S. N, Shayfull, Z., Nasir, S. M., Saad, M. S, Rashidi, M. M., Fathullah, M.,
& Noriman, N. Z. (2016). Analysis of Shrinkage on Thick Plate Part using
Genetic Algorithm. In MATEC Web of Conferences (Vol. 78, p. 01083). EDP
Sciences.

Nasir, S. M, Ismail, K. A., & Shayfull, Z. (2016). Application of RSM to Optimize
Moulding Conditions for Minimizing Shrinkage in Thermoplastic Processing.
In Key Engineering Materials (Vol. 700, pp. 12-21). Trans Tech Publications.

Niu, M., Wang, Y., Sun, S, & Li, Y. (2016). A novel hybrid decomposition-and-
ensemble model based on CEEMD and GWO for short-term PM 2.5
concentration forecasting. Atmospheric Environment, 134, 168-180.

Oktem, H. (2012). Optimum process conditions on shrinkage of an injected-moulded
part of DVD-ROM cover using Taguchi robust method. The International
Journal of Advanced Manufacturing Technology, 61(5-8), 519-528

Oktem, H;, Erzurumlu, T, Kurtaran, H. (2005). Application of response surface
methodology in the optimization of cutting conditions for surface roughness.
In: J Mater Process Technol, Vol. 170, No. 1-2, pp. 11-16

Osswald, T., & Hernandez-Ortiz, J. P. (2006). Polymer processing. Modeling and
Simulation. Munich: Hanser .

Othman, M. H., Hasan, S., & Rasli, S. (2013). The Effect of Parameter Setting towards
the Processing of Hinges Test Samples through Cadmould 3D-F Injection
Moulding Simulation. In Applied Mechanics and Materials (Vol. 315, pp. 171-
175). Trans Tech Publications.

Othman, M. H,, Hasan, S., Khamis, S. Z., Ibrahim, M. H. 1., & Amin, S. Y. M. (2017).
Optimisation of Injection Moulding Parameter towards Shrinkage and
Warpage for Polypropylene-Nanoclay-Gigantochloa Scortechinii
Nanocomposites. Procedia engineering, 184, 673-680.

Ozcelik, B., & Erzurumlu, T. (2005). Determination of effecting dimensional

parameters on warpage of thin shell plastic parts using integrated response

105



surface method and genetic algorithm. /nternational communications in heat
and mass transfer, 32(8), 1085-1094.

Pantani, R., Jansen, K. M. B, & Titomanlio, G. (1997). In-mould shrinkage
measurements of PS samples with strain gages. International Polymer
Processing, 12(4), 396-402.

Papalambros, P. Y. (2002). The optimization paradigm in engineering design:
promises and challenges. Computer-Aided Design, 34(12), 939-951.

Park, H. S., & Dang, X. P. (2010). Structural optimization based on CAD—-CAE
integration and metamodeling techniques. Computer-Aided Design, 42(10),
889-902.

Plastics Today, Staff. (2014). Global injection moulding plastics market expected to
reach $277.78 billion by 2020. Plastics Today.

Precup, R. E., David, R. C., & Petriu, E. M. (2017). Grey wolf optimizer algorithm-
based tuning of fuzzy control systems with reduced parametric sensitivity.
IEEE Transactions on Industrial Electronics, 64(1), 527-534.

Precup, R. E., David, R. C., Petriu, E. M., Szedlak-Stinean, A. 1., & Bojan-Dragos, C.
A. (2016). Grey wolf optimizer-based approach to the tuning of PI-fuzzy
controllers with a reduced process parametric sensitivity. IFAC-PapersOnLine,
49(5), 55-60.

Precup, R. E., David, R. C., Petriu, E. M., Szedlak-Stinean, A. 1., & Bojan-Dragos, C.
A. (2016). Grey wolf optimizer-based approach to the tuning of Pl-fuzzy
controllers with a reduced process parametric sensitivity. IFAC-PapersOnLine,
49(5), 55-60.

Precup, R. E., David, R. C., Szedlak-Stinean, A. 1., Petriu, E. M., & Dragan, F. (2017).
An Easily Understandable Grey Wolf Optimizer and Its Application to Fuzzy
Controller Tuning. Algorithms, 10(2), 68.

Rajabia, J., Muhamada, N., Rajabib, M., & Rajabic, J. (2012). Prediction of powder
injection moulding process parameters using artificial neural networks. Jurnal
Teknologi (Sciences and Engineering), S9(SUPPL. 2), 183-186.

Ramadan, H. S. (2017). Optimumfractional order PI control applicability for the
enhanced dynamic behavior of on-grid solar PV systems. International Journal
of Hydrogen Energy, 42(7), 4017-4031.

Rosato 3rd, D. V. (2000). Injection Moulding Handbook 3rd Edition Kluwer

Academic Publishers Norwell.

106



Roy, A. K., & Kumar, K. (2014). Effect and Optimization of various Machine Process
Parameters on the surface roughness in EDM for an EN41 Material using Grey-
Taguchi. procedia materials science, 6, 383-390.

SadAbadi, H. and Ghasemi, M. Effects of some injection moulding process parameters
on fiber orientation tensor of short glass fiber polystyrene composites
(SGF/PS). Journal of Reinforced Plastics and Composites. 26(17): 1729-1741
(2007).

Sahu, P. C,, Prusty, R. C., & Panda, S. (2019). Approaching hybridized GWO-SCA
based type-Il fuzzy controller in AGC of diverse energy source multi area
power system. Journal of King Saud University-Engineering Sciences.

Santis, F. D., Pantani, R., Speranza, V., & Titomanlio, G. (2010). Analysis of
shrinkage development of a semicrystalline polymer during injection
moulding. Industrial & Engineering Chemistry Research, 49(5), 2469-2476.

Saremi, S., Mirjalili, S. Z., & Mirjalili, S. M. (2015). Evolutionary population
dynamics and grey wolf optimizer. Neural Computing and Applications, 26(5),
1257-1263.

Sayed, G. ., & Hassanien, A. E. (2015, December). Interphase cells removal from
metaphase chromosome images based on meta-heuristic Grey Wolf Optimizer.
In Computer Engineering Conference (ICENCO), 2015 11th International (pp.
261-266). IEEE.

Sharma, Y., & Saikia, L. C. (2015). Automatic generation control of a multi-area ST—
Thermal power system using Grey Wolf Optimizer algorithm based classical
controllers. International Journal of Electrical Power & Energy Systems, 73,
853-862

Shen, C., Wang, L., & Li, Q. (2007). Optimization of injection moulding process
parameters using combination of artificial neural network and genetic
algorithm method. Journal of Materials Processing Technology, 183(2-3), 412-
418.

Shi, F., Lou, Z. L., Zhang, Y. Q., & Lu, J. G. (2003). Optimisation of plastic injection
moulding process with soft computing. The International Journal of Advanced
Manufacturing Technology, 21(9), 656-661.

Shoemaker, J. (Ed.). (2006). Moldflow design guide: a resource for plastics engineers
(Vol. 10). Hanser Verlag.

107



Singh, N., & Singh, S. B. (2017). A novel hybrid GWO-SCA approach for
optimization problems. Engineering Science and Technology, an International
Journal, 20(6), 1586-1601.

Song, X., Tang, L., Zhao, S., Zhang, X, Li, L., Huang, J., & Cai, W. (2015). Grey
Wolf Optimizer for parameter estimation in surface waves. Soil Dynamics and
Earthquake Engineering, 75, 147-157.

Spina, R. (2004). Injection moulding of automotive components: comparison between
hot runner systems for a case study. Journal of Materials Processing
Technology, 155, 1497-1504.

Sreedharan, J., & Jeevanantham, A. K. (2018). Analysis of Shrinkages in ABS
Injection Moulding Parts for Automobile Applications. Materials Today:
Proceedings, 5(5), 12744-12749.

Start-Ease, 1. (2005). Design-Expert [computer software]. Minnesota: Minneapolis.

Sulaiman, M. H., Ing, W. L., Mustaffa, Z., & Mohamed, M. R. (2015). Grey Wolf
optimizer For solving Economic Dispatch Problem With Valve-Loading
Effects. APRN Journal of Engineering AND Applied Sciences, 1619-1628.

Sulaiman, M. H., Mustafta, Z., Mohamed, M. R., & Aliman, O. (2015). Using the gray
wolf optimizer for solving optimal reactive power dispatch problem. Applied
Soft Computing, 32, 286-292.

Sultana, U., Khairuddin, A. B., Mokhtar, A. S., Zareen, N., & Sultana, B. (2016). Grey
wolf optimizer based placement and sizing of multiple distributed generation
in the distribution system. Energy, 111, 525-536.

Sultana, Umbrin & Khairuddin, Azhar & S Mokhtar, A & Qazi, Sajid & Sultana,
Beenish. (2017). An optimization approach for minimizing energy losses of
distribution systems based on distributed generation placement. 79. 2017.

Sundaram KM, Sivasubramanian M, Pannerselvam G, Jebasingh Kirubakaran SJ
(2016) Grey wolf optimization algorithm based speed control of three phase
induction motor. Int J Comput Tech Appl 9:3889-3895

Tellaeche, A., & Arana, R. (2013, September). Machine learning algorithms for quality
control in plastic moulding industry. In Emerging Technologies & Factory
Automation (ETFA), 2013 IEEE 18th Conference on (pp. 1-4). IEEE.

Teofilo, R. F., & Ferreira, M. (2006). Quimiometria II: planilhas eletronicas para

calculos de planejamentos experimentais, um tutorial. Quimica Nova.

108



Verma, S. K., Yadav, S., & Nagar, S. K. (2017). Optimization of Fractional Order PID
Controller Using Grey Wolf Optimizer. Journal of Control, Automation and
Electrical Systems, 28(3), 314-322.

Vosooghifard, M., & Ebrahimpour, H. (2015, October). Applying Grey Wolf
Optimizer-based decision tree classifer for cancer classification on gene
expression data. In Computer and Knowledge Engineering (ICCKE), 2015 5th
International Conference on (pp. 147-151). IEEE.

Vundavilli, P. R., Phani Kumar, J., & Surekha, B. (2014). Near-optimal prediction of
geometrical requirements of injection moulded parts using Mamdani-based
fuzzy logic controller. International Journal of Manufacturing Research, 9(3),
276-293.

Wang, M. H,, Dong, J. J., Zhou, J., Dai, Z., Zou, Y., & Yao, X. B. (2013). Surrogate
model and improved genetic algorithm-based warpage optimization of
injection moulding. Materials Science and Technology, 2, 016.

Wang, R., Feng, X, Xia, Y., & Zeng, J. (2013). A Back Propagation Artificial Neural
Network Prediction Model of the Gate Freeze Time for Injection Moulded
Polypropylenes. Journal of Macromolecular Science, Part B, 52(10), 1414-
1426.

Wang, R, Zeng, J., Feng, X, & Xia, Y. (2013). Evaluation of effect of plastic injection
moulding process parameters on shrinkage based on neural network
simulation. Journal of Macromolecular Science, Part B, 52(1), 206-221.

Wang, S. T. (2012). Integration of a fuzzy neural network and multi-objective genetic
algorithm for optimisation of BLU light guide plate injection moulding
parameters. International Journal of Materials and Product Technology, 45(1-
4), 83-95.

Wen, P., Zhou, D, Wu, M, & Yi, S. (2016, December). Hybrid methods of particle
swarm optimization and spatial credibilistic clustering with a clustering factor
for image segmentation. In 2016 IEEE International Conference on Industrial
Engineering and Engineering Management (IEEM) (pp. 1443-1447). IEEE.

Wong, L. 1., Sulaiman, M. H., Mohamed, M. R., & Hong, M. S. (2014, December).
Grey Wolf Optimizer for solving economic dispatch problems. In Power and
Energy (PECon), 2014 IEEE International Conference on (pp. 150-154). IEEE.

Xu, G, Yang, Z. T., & Long, G. D. (2012). Multi-objective optimization of MIMO

plastic injection moulding process conditions based on particle swarm

109



optimization. The International Journal of Advanced Manufacturing
Technology, 58(5-8), 521-531.

Yadav, S., Verma, S. K., & Nagar, S. K. (2016). Optimized PID controller for
magnetic levitation system. IFAC-PapersOnLine, 49(1), 778-782.

Yadav, S., Verma, S. K., & Nagar, S. K. (2016, March). Reduction and controller
design for fractional order Spherical tank system using GWO. In Emerging
Trends in Electrical Electronics & Sustainable Energy Systems (ICETEESES),
International Conference on (pp. 174-178). IEEE.

Yildiz, A. R. (2013). Hybrid Taguchi-differential evolution algorithm for optimization
of multi-pass turning operations. Applied Soft Computing, 13(3), 1433-1439.

Yin, F., Mao, H., & Hua, L. (2011). A hybrid of back propagation neural network and
genetic algorithm for optimization of injection moulding process
parameters. Materials & Design, 32(6), 3457-3464.

Yin, F., Mao, H.,, Hua, L., Guo, W., & Shu, M. (2011). Back propagation neural
network modeling for warpage prediction and optimization of plastic products
during injection moulding. Materials & design, 32(4), 1844-1850.

Yusof, Y., & Mustafta, Z. (2015). Time series forecasting of energy commodity using
grey wolf optimizer. In Proceedings of the International MultiConference of
Engineers and Computer Scientists (Vol. 1, pp. 18-20).

Zain, A. M., Haron, H., & Sharif, S. (2010). Prediction of surface roughness in the end
milling machining using Artificial Neural Network. Expert Systems with
Applications, 37(2), 1755-1768.

Zainal, N. A., & Mustaffa, Z. (2017, December). Developing a gold price predictive
analysis using Grey Wolf Optimizer. In Research and Development
(SCOReD), 2016 IEEE Student Conference on (pp. 1-6). IEEE.

Zhang, S., & Zhou, Y. (2015). Grey wolf optimizer based on Powell local optimization
method for clustering analysis. Discrete Dynamics in Nature and Society,
2015.

Zhang, S., Zhou, Y., Li, Z., & Pan, W. (2016). Grey wolf optimizer for unmanned
combat aerial vehicle path planning. Advances in Engineering Software, 99,
121-136.

Zhang, 7., & Jiang, B. (2007). Optimal process design of shrinkage and sink marks in
injection moulding. Journal of Wuhan University of Technology--Materials

Science FEdition, 22(3), 404-407.

110



Zhao, J., Cheng, G., Ruan, S, & Li, Z. (2015). Multi-objective optimization design of
injection molding process parameters based on the improved efficient global
optimization algorithm and non-dominated sorting-based genetic algorithm.
The International Journal of Advanced Manufacturing Technology, 78(9-12),
1813-1826.

111





