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ABSTRACT 

Deep Hole Drilling (DHD) is a machining process employed to produce holes 

with a length exceeding ten times of its diameter. The machine is utilized to assemble 

high-precision workpieces. The significant issue in DHD is in producing the best 

results of machining performances at the optimal value through the selection of 

machining parameters. In machining, achieving the optimum value of machining 

parameters is related to the performance and quality of products. Hence, the 

modelling and optimisation approaches are suitable for identifying the optimal DHD 

parameters to improve DHD performance. In this study, the real DHD 

experimentation based on an experiment (DOE) of full factorial with added centre 

points is conduct to investigate the influence of DHD machining parameters: feed 

rate (f), spindle speed (s), depth of hole (d) and Minimum Quantity Lubricant, MQL 

(m) on surface roughness (Ra), roundness (Rd), and cylindricity (Cy). The modelling 

process employed in the regression analysis consists of four types of mathematical 

models-multiple linear regression (MLR), two-factor interaction (2FI), multiple 

polynomial regression (MPR), and stepwise regression (SR)-were developed based 

on experimental data and used as an objective function for optimisation process. In 

the optimisation, Cuckoo Search (CS) was implemented in order to optimize the 

DHD machining performances. However, previous research indicates that CS has 

some weaknesses: trapping in local optima and slow convergence rate. Thus, a new 

hybridization between Cuckoo Search and Bat Algorithm (CS-BA) was developed to 

improve the DHD performance.  Analysis of the results indicates that, CS-BA 

produced the minimum values and outperformed the standard CS algorithm and 

established computational techniques: ABC, GR-SVM, Integrated GA-SA-Type1, 

and Integrated GA-SA-Type2. Overall, it can be concluded that CS-BA hybridization 

has enhanced the quality and productivity of DHD problems significantly.  
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ABSTRAK 

Kaedah penggerudian lubang dalam (DHD) digunakan untuk menghasilkan 

lubang dengan kedalaman melebihi sepuluh kali garis pusatnya. Ia digunakan untuk 

memesin bahan kerja yang berketepatan tinggi. Isu utama dalam DHD adalah untuk 

mendapatkan keputusan nilai prestasi pemesinan yang lebih tepat  pada titik optimum 

melalui pemilihan parameter pemesinan. Dalam pemesinan, pencapaian titik 

optimum bagi parameter pemesinan saling berkait dengan prestasi dan kualiti sesuatu 

produk. Oleh itu, pendekatan kaedah pemodelan dan pengoptimuman adalah 

bersesuaian bagi mengenal pasti parameter optimum bagi DHD yang akan 

menambahbaikkan prestatsi DHD. Dalam kajian ini, satu eksperimen sebenar DHD 

berdasarkan reka bentuk eksperimen (DOE) faktoran penuh dengan penambahan titik 

tengah telah dikendalikan untuk  menyiasat pengaruh parameter pemesinan DHD 

terhadap perkara berikut: kadar suapan (f), kelajuan bindu (s), kedalaman lubang (d) 

dan Minyak Pelumas Minimum, MQL (m) pada kekasaran permukaan (Ra), 

kebulatan (Rd), dan kesilinderan (Cy). Proses pemodelan  menggunakan analisis 

regresi terdiri daripada empat jenis model matematik-regresi linear berganda (MLR), 

regresi interaksi dua faktor (2FI), regresi polinomial (MPR), dan regresi majulangkah 

(SR)-telah dibangunkan berdasarkan data eksperimen dan digunakan sebagai fungsi 

objektif untuk proses pengoptimuman. Dalam pengoptimuman, algoritma Carian 

Cuckoo (CS) telah dilaksanakan untuk mengoptimumkan proses prestasi pemesinan 

DHD. Walau bagaimanapun, kajian lepas menyatakan CS telah menimbulkan 

beberapa kelemahan iaitu sering terperangkap dalam penyelesaian optima setempat 

dan kadar penumpuan yang perlahan. Oleh itu, satu hibrid baru antara CS dan 

Algoritma Kelawar (CS-BA) telah dibangunkan untuk meningkatkan prestasi DHD.  

Hasil kajian mendapati  CS-BA memberikan nilai lebih rendah dan telah mengatasi 

algoritma CS, ABC, GR-SVM, Integrated GA-SA-Type1, dan Integrated GA-SA-

Type2. Justeru, dapat disimpulkan bahawa strategi hibrid CS-BA ini dapat 

meningkatkan kualiti dan produktiviti masalah DHD. 
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CHAPTER 1  

 

 

INTRODUCTION 

1.1 Overview 

This chapter discusses the problem background related to machining, 

modelling and optimisation. The background of the study, problem statement, 

objectives, scopes, significance and contributions of the study are also explained. 

Nowadays, manufacturing industries have traditionally played a key role in 

developing economic growth. Productivity in the manufacturing industries is related 

to the increase in manufacturing. With the current competition in the global market, 

the manufacturing function is primarily concern with producing high-quality final 

products with reduced cost and production time. Product quality has always been one 

of the main elements in manufacturing industries. Given the present global economy 

and competition, continuous quality improvement has become a significant priority, 

particularly for major corporations in industrialized countries. Machining is one of 

the primary processes and is widely used in manufacturing industries. Machining is a  

metal removal process in the form of chips utilizing  single or multiple wedge-shaped 

cutting tools (Chandrasekaran et al., 2010). Machining is used in the  manufactures 

of almost all metal products.  The primary objective of a machining process is to 

produce a final products with low cost and high quality (Lee et al., 2010). Generally, 

the machining process can be classified into two types, which are traditional and 

non-traditional (modern). Traditional machining involves removing unwanted 

segment of the metal workpiece in the form of chips such as turning, drilling and 

milling. Modern machining or non-traditional machining uses technology such as 

abrasive water jet (AWJ), ultrasonic machining (USM), chemical machining (CHM) 

and electrochemical machining (ECM). 
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1.2 Background of the Study 

Machining has been the core in manufacturing industry. The greatest 

challenge that an engineer face when machining is determining the optimum value 

for various machining parameter so as to achieve high productivity and quality of the 

final product (Benardos and Vosniakos, 2003). In machining, the high quality of a 

product refers to the lower-cost manufacture. The suitable selection of machining 

parameters plays a significant role in determining the high quality of the final 

product with minimum manufacturing cost and high productivity(Rao and Pawar, 

2010; Giasin et al., 2019). Generally, the selection of machining parameters is 

determined by human (or manufacturing engineers) judgement based on hand book 

and experiences (Kamaruzaman et al., 2019; Vijayanand, 2020). Moreover, in 

machining, the process was done continuously to get the target value despite the  

material cut is being used only once. Thus, this process will increase the cost 

manufacturing. To overcome these problems, the proper use of Design of Experiment 

(DoE), modelling and process optimisation are considered. DoE approach helps plan  

experiments and helps analyse the data obtained from the experimentation process. 

According to Zain et al., (2011), modelling in machining refers to estimating the 

potential minimum or maximum values of machining performance while 

optimisation refers to estimating the optimal solution of cutting condition that lead to 

the minimum or maximum machining values of machining performances. DoE, 

modelling and optimisation have been widely applied in industry because of their 

effectiveness in reducing cost and time. (Sangwan et al.,2015). Full factorial has 

been used as DoE tool in this study because of its efficient methodology for 

optimizing the process parameter (Rafidah et al., 2014). 

 

Drilling is one of the most common processes used for hole-making. The 

drilling  of holes with a large, length to diameter ratio, that is,  exceeding ten, is 

called deep hole drilling-DHD (Den and Chin, 2005).  The successful development 

of applications requiring deep holes such as the manufacture of hydraulic cylinders 

used in automotive industries, medical and biomedical products, aircraft structures, 

as well as other applications in the electronic, aerospace, wind energy and nuclear 

industries (Jurko and Panda,  2012; Fang, 2005; Thil et al., 2013) require technique 

or mechanism of producing such holes. In each of these industries, high hole 
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qualities are necessary for the high performance of the products. DHD is the best 

mechanism to produce accurate holes and becoming increasingly more prominent 

and beneficial in many applications.However, producing a quality, deep hole via 

drilling can be a challenge  

 

Generally in DHD, surface roughness, roundness and cylindricity provide the 

concept of hole quality related to the machining parameters such as feed rate 

(f),spindle speed (s), depth of hole (d) and Minimum Quantity Lubrication, MQL, 

(m) (Al-Wedyan et al., 2007). The basic principle in DHD is determined by an 

asymmetrical tool that needs a controlling tool during the initial work piece 

penetration. The cutting and passive forces are transferred as normal forces by the 

guide pads to the borehole wall (Biermann et al., 2014). Then the coolant pressure 

and flow rate is necessary to transport the chips out from the borehole (Weinert and 

Löbbe 2002). 

It is a big challenge to select the correct machining parameters that requires 

higher cost and time to consume the experiments (Aggarwal and Singh, 2005; 

Moreira et al., 2019).  In practice, those parameters are generally selected based on 

machinist experience and machining data book catalogue, which are high costly.  

The results do not achieve the optimal value in DHD process, hence loss of 

productivity and accuracy.   

 From that situation, various soft computing techniques have been considered 

by researchers to model and improve the machining performances, including 

traditional and modern techniques. Earlier the traditional techniques such as 

programming (Ecker, 1980), dynamic programming (Bellman, 1956) and integer 

programming (Ceria et al., 1998) had some weaknesses, which is being trapped in 

local minima or slow convergence rate that will contribute to not enough effective 

results (Ghose, 2002). Then, modern techniques such as Genetic Algorithm - GA 

(Holland 1992), Particle Swarm Optimisation - PSO (Kennedy and Eberhart, 1995), 

Ant Colony Optimisation - ACO (Dorigo et al., 1997), Cuckoo Search -CS (Yang 

and Deb ,2009)  Bat Algorithm - BA (Yang, 2010) etc. are develop  to overcome 

those weaknesses of traditional techniques. In recent times, the usage of those 
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techniques in searching near-optimum solutions in machining has attracted many 

researchers and also become a research trend. In addition, those techniques also more 

optimal than the handbook recommendations, which can only be considered as rough 

and initial values (Sönmez et al., 1999). This situation will reduce the cost of 

manufacture.  

CS algorithm has been applied in different kinds of optimisation problems 

across various categories. In this study, Cuckoo Search (CS) was introduced to 

optimise the DHD process since there are limited research regarding the optimisation 

of DHD parameters using CS algorithm.  Based on the previous research, CS is 

capable of solving the problems of various fields such as Engineering (Yang and 

Deb, 2010; Yang and Deb, 2011), Pattern Recognition (Vazques, 2011; Rani and 

Malek, 2011) and Job Scheduling (Burnwal and Deb, 2012; Prakash et al., 2012). 

The success recorded by the CS algorithm is the fewer number of parameters 

required that contribute to the easy execution (Chiroma et al., 2017). 

Despite its efficiency and wide use, according to the literature, CS also has 

some disadvantages such as slow convergence and easy of getting stuck in local 

optima, hence unable in giving the best possible optimal solution (Li et al., 2020; 

Joshi et al., 2013). Nowadays, some researchers propose a hybridization approach to 

solve such problems in standard algorithms and enhance performance. Hybridization 

approaches are popular due to the ability to solve real - world problems involving 

complexity, noisy environment, imprecision, uncertainty, and vagueness (Grosan and 

Abraham, 2007). Thus  a new hybrid is proposed in this study, called Hybrid Cuckoo 

Search- Bat Algorithm, (CS-BA). The solution's faster convergence speed, and 

accuracy are the important criteria in solving optimisation problems (Yildiz 2009b). 

BA enables to give a faster speed of convergence rate, and this an advantage in 

solving optimisation problems compared  to others algorithm such as particle swarm 

optimisation (PSO), genetic algorithm (GA), Harmony Search (HS) and Firefly 

Algorithm (FA) (Perez et al., 2015; Gandomi et al., 2013). BA is a simple algorithm 

to understand because it has only few parameters to adjust and is easy to implement 

(Chellamuthu et al., 2017). According to Yang 2010, BA has extra advantages of 

frequency tuning and dynamic control of exploration and exploitation, which is the 
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key point in metaheuristic by varying pulse emission rates and loudness during 

iterations. It is considered as a balanced combination of the standard particle swarm 

optimisation and the intensive local search controlled by the loudness and pulse rate. 

Furthermore, BA is also used in solving multi-objectives optimisation problems and 

has been effectively used in many areas of optimisation (Yang, 2012). Considering 

the capability of the BA technique in some aspects stated above, thus, this study 

considers by hybridizing the original CS with BA to improve the weakness of the CS 

algorithm, thus give the optimal solution for DHD process and reducing the cost. The 

flow of DHD problem is simplified as in Figure 1.1. 

 

 

 

Problem in modern optimisation process 

- Easy to implement but not efficient due to trapping in 

local minima and became slow convergence rate. 

Solutions 

- Implement CS algorithm for optimizing DHD 

machining parameters  

- The optimisation approach can reduce the cost 

 

Problem in CS algorithm 

- Slow convergence as easily gets stuck in local optima 

and low accuracy computation (Li et al., 2020; Joshi 

et al., 2013). 

 

Problem in DHD process 

- Optimal machining parameters are difficult to be 

identified  that requires higher cost and time to 

consume 

- Complexity and uncertainty of the DHD process 

Solution 

- Use soft computing technique to estimate the optimal 

machining parameters that can reduce the cost 
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Solutions 

- Propose a new hybridization of CS and BA algorithm 

- Hybridization approach can reduce the cost 

Figure ‎1.1 The flow of problem in DHD process 

 

 

1.3 Problem Statement 

Based on the Figure 1.1, three research questions to be answered in this study 

are stated as:  

  

(a) What significant machining parameters affect the minimum value of 

machining performances during the DHD real experimentation? 

  

The success of machining process depends on the proper selection of 

specifics machining parameters based on cost and quality factors (Jung 2002). 

Hence, the machining parameters should be appropriately selected to improve 

the quality of the products and enhance the productivity (Singh et al., 

2019).The machinist should have deep knowledge about DHD machining 

parameters in order to get high efficiency during machining process. The 

experimental design can control the cost and quality factors which are 

particularly useful when performing the actual testing experiment. (Charness 

et al.,2018). The main focus of study is on hole qualities, including Ra, Rd and 

Cy relative to the machining parameters such as feed rate (f), spindle speed 

(s), depth of hole (d) and Minimum Quantity Lubrication - MQL, (m). Hence, 

the experiment design is a best tool to determine the significant machining 

parameters effects, which are essential in optimizing the machining 

performances to obtain better results (Nahak and Gupta 2019).  

  

(b) How to obtain the optimal machining parameters through a modern 

optimisation process? 
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Identifying the optimal machining parameters by conducting actual 

experiments and collecting the experimental data for analysis are difficult 

task, and it typically performed through a trial and error process (Manjunath 

et al., 2020). The trial and error process requires many workpieces to be 

tested with different machining parameters value, thus need more time and 

costly (Vishni et al., 2018). Due to these problems, the modern strategy 

through computational technique is recommended for estimating the optimal 

machining parameters. Hence, the machinist is encouraged to utilise the 

computational technique to determine the optimal machining parameters due 

to their flexible structure and easy application, thus enabling cost reduction  

(Chen et al., 2020). CS is one of the new computational techniques reported 

by several researchers that will allow the optimal machining parameters to be 

obtained (Mohamad et al., 2019; Saravanan et al., 2020).  

 

(c) Could the hybridization of CS-BA effectively optimize the machining 

parameters that lead to obtaining the best machining performances? 

 

The vital purpose of machining parameters optimisation is to obtain 

better results, reduce cost, and reduce computation time. This study proposed 

the use of hybrid CS-BA to solve the standard CS weaknesses, hence 

improving the result of DHD machining performances and reducing the cost 

manufacture. BA was identified to give a balanced combination of 

exploration and exploitation to search for the global optimal value (Gandomi 

et al., 2013 ;Yang et al., 2014) and is very efficient with a typically quick 

start hence giving the higher convergence speed (Wulandhari et al., 2018; 

Luo et al., 2020). Thus, based on those advantages, the prey hunting 

behaviour of BA is performed to generate the new solution/eggs by Levy 

flights in the CS algorithm. 

1.4 Objective of the Study 

The objectives of the study are: 
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(a) To establish the significant DHD machining parameters that affects the 

quality of machining performances (Ra, Rd and Cy) through actual machining 

experimentation. 

(b) To estimate the optimal machining parameters based on CS algorithm for 

minimization of DHD machining performances hence reducing the cost 

(c) To estimate the optimal machining parameters based on new hybrid CS-BA 

algorithm for minimization of DHD machining performances hence reducing 

the cost 

1.5 Scopes of the Study 

The scopes of the study are: 

 

(a) The machining process is focused on DHD using twist drill bit, classified as 

one of the non- traditional machining processes. 

(b) Hole quality investigated is in terms of surface roughness (Ra), roundness 

(Rd) and cylindricity (Cy). 

(c) Four machining parameters that are investigated are feed rate (65 ≤ f ≤ 85), 

spindle speed (900 ≤ s ≤ 1100) (s), depth of hole (50 ≤ d ≤ 60), and Minimum 

Quantity Lubricant, MQL (20 ≤ m ≤ 40) were considered. 

1.6 Research Significant  

This study consists of three parts: conducting the actual experimental work, 

modelling and optimisation. This study came out with actual experimental work to 

analyze the significant machining parameters in DHD related to the machining 

performances measured.  The regression analysis is used to develop the mathematical 

model for the modelling process. Then, a new hybridization CS-BA is proposed to 

optimize the machining performances in DHD and, at the same time to, avoid being 

trapped into local optima and slow convergence problems of CS algorithm. Thus, 

this study significantly contributes to the manufacturing industries by giving the end 
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best results to the machinist as the reference value, thus producing high- quality final 

products, reducing the cost, and fulfilling customer requirements. 

1.7 Thesis Outline 

This thesis comprises of seven chapters. Chapter 1 describes the overview, 

background of the study, problem statement, objective, scope of the study and 

research significance. Chapter 2 presents the study‘s literature review on the actual  

experimentation, modelling, and optimisation processes. Chapter 3 discusses about 

the research methodology that is used in this study. Chapter 4 – MACHINING 

EXPERIMENTAL discusses the detail of real experimentation of DHD process in 

order to determine the significant machining parameters influencing the machining 

performances. Chapter 5 – CS OPTIMISATION discusses on the development of CS 

in DHD and the modelling process based on experimental data using regression 

analysis. Chapter 6 – HYBRID CS-BA OPTIMISATION discusses on the 

development of proposed hybrid CS-BA in DHD, including the analysis of the 

results. Finally, Chapter 7 discusses the conclusion and recommendation for the 

future work of the research. 

1.8 Summary 

This chapter has discussed the main flow problems in DHD process. Firstly, 

the data are collected from the actual machining experimentation process. Then the 

regression analysis as a modelling tool while proposed hybridization CS-BA as an 

optimisation technique are introduce for overcome those problems investigated. 

 



 

  

141 

REFERENCES 

Abidin, N. W. Z., Ab Rashid, M. F. F., and  Mohamed, N. M. Z. N. (2019). ‗A 

review of multi-holes drilling path optimisation using soft computing 

approaches ‘, Archives of Computational Methods in Engineering, 26(1), 

pp.107-118.  

Al Daoud, E. (2013). ‗A  Hybrid Algorithm Using a Genetic Algorithm and Cuckoo 

Search Algorithm to Solve the Traveling Salesman Problem and its 

Application to Multiple Sequence Alignment‘,61, pp. 29-38. 

Adnan, M. M., Sarkheyli, A., Zain, A. M., and  Haron, H. (2015). ‗Fuzzy logic for 

modelling machining process: a review‘. Artificial Intelligence Review, 43(3), 

pp. 345-379. 

Aggarwal, A., and Singh, H. (2005). ‗Optimisation of machining techniques—a 

retrospective and literature review. ‘ Sadhana, 30(6), pp. 699-711. 

Ahuja, N., Batra, U., and Kumar, K. (2020). ‗ Multicharacteristics optimisation of 

electrical discharge micro hole drilling in Mg alloy using hybrid approach of 

GRA–regression–PSO ‘. Grey Systems: Theory and Application. 

Aized, T., and  Amjad, M. (2013). ‗Quality improvement of deep-hole drilling 

process of AISI D2‘ . The International Journal of Advanced Manufacturing 

Technology, 69(9-12), pp. 2493-2503. 

Akhtar, S., Ahmad, A. R., and Abdel-Rahman, E. M. (2012). ‗A metaheuristic bat-

inspired algorithm for full body human pose estimation ‘. In 2012 Ninth 

Conference on Computer and Robot Vision (pp. 369-375). IEEE. 

Alata, M., and Demirli, K. (2004). ‗Prediction model for BTA deep-hole machining 

using fuzzy clustering approach: Experimental study‘. Materials and 

manufacturing processes, 19(6), pp.1103-1119. 

Al-Betar, M. A., Awadallah, M. A., Faris, H., Yang, X. S., Khader, A. T., and 

Alomari, O. A. (2018). ‗Bat-inspired algorithms with natural selection 

mechanisms for global optimisation ‘. Neurocomputing, 273, pp.448-465. 

Alihodzic, A., and Tuba, M. (2014). ‗Improved bat algorithm applied to multilevel 

image thresholding‗. The Scientific World Journal, 2014.  



 

  

142 

Al-Wedyan, H. M., Bhat, R. B., and  Demirli, K. (2007). ‗ Whirling vibrations in 

boring trepanning association deep hole boring process: analytical and 

experimental investigations ‗. Journal of Manufacturing Science and 

Engineering, 129(1), pp. 48-62. 

Al-Zubaidi, S., Ghani, J. A., and Haron, C. H. C. (2013). Optimisation of cutting 

conditions for end milling of Ti6Al4V Alloy by using a Gravitational Search 

Algorithm (GSA). Meccanica, 48(7), pp.1701-1715. 

Antony, J. (2014). A systematic methodology for design of experiments. Design of 

Experiments for Engineers and Scientists, 2nd ed.; Antony, J., Ed, pp.33-50. 

Asiltürk, I., and Çunkaş, M. (2011). Modelling and prediction of surface roughness 

in turning operations using artificial neural network and multiple regression 

method. Expert systems with applications, 38(5), pp.5826-5832. 

Baghlani, V., Mehbudi, P., Akbari, J., Nezhad, E. Z., Sarhan, A. A., and Hamouda, 

A. M. S. (2016). An optimisation technique on ultrasonic and cutting 

parameters for drilling and deep drilling of nickel-based high-strength Inconel 

738LC superalloy with deeper and higher hole quality. The International 

Journal of Advanced Manufacturing Technology, 82(5-8), pp.877-888. 

Baraskar, S. S., Banwait, S. S., and Laroiya, S. C. (2011). Mathematical Modelling 

of Electrical Discharge Machining Process through Response Surface 

Methodology.  

Bellman, R. (1956). Dynamic programming and Lagrange multipliers. Proceedings 

of the National Academy of Sciences of the United States of America, 

42(10), p.767. 

Benardos, P. G., and Vosniakos, G. C. (2003) ―Predicting surface roughness 

in machining: a review,‖ International Journal of Machine Tools 

and Manufacture, 43(8),pp.833-844. 

Bharti, A., and Banerjee, T. (2015). Applicability of Cuckoo Search Algorithm for 

the Prediction of Multicomponent Liquid–Liquid Equilibria for Imidazolium 

and Phosphonium Based Ionic Liquids. Industrial & Engineering Chemistry 

Research, 54(49), pp.12393-12407. 

Biermann, D., and Heilmann, M. (2011). Analysis of the laser drilling process for the 

combination with a single-lip deep hole drilling process with small diameters. 

Physics Procedia, 12, pp.308-316. 



 

  

143 

Biermann, D., and Iovkov, I. (2013). Modelling and simulation of heat input in deep-

hole drilling with twist drills and MQL. Procedia CIRP, 8, pp.88-93. 

Biermann, D., Kirschner, M., and Eberhardt, D. (2014). A novel method for chip 

formation analyses in deep hole drilling with small diameters. Production  

nn, D., Iovkov, I., Blum, H., Rademacher, A., Taebi, K., Suttmeier, F. T., and 

KEngineering, 8(4), pp.491-497. 

Biermann, D., and Kirschner, M. (2015). Experimental investigations on single-lip 

deep hole drilling of superalloy Inconel 718 with small diameters. Journal of 

Manufacturing Processes, 20, pp.332-339. 

Biermann, D., Blum, H., Frohne, J., Iovkov, I., Rademacher, A., and Rosin, K. 

(2015). Simulation of MQL deep hole drilling for predicting thermally 

induced workpiece deformations. Procedia CIRP, 31, pp.148-153. 

Biermann, D., Heilmann, M., and Kirschner, M. (2011). Analysis of the influence of 

tool geometry on surface integrity in single-lip deep hole drilling with small 

diameters. Procedia engineering, 19, pp.16-21. 

Biermalein, N. (2012). Thermal aspects in deep hole drilling of aluminium cast alloy 

using twist drills and MQL. Procedia CIRP, 3, pp.245-250. 

Biermann, D., Kersting, M., and Kessler, N. (2009). Process adapted structure 

optimisation of deep hole drilling tools. CIRP annals, 58(1), pp.89-92. 

Biermann, D., Kirschner, M., and Eberhardt, D. (2014). A novel method for chip 

formation analyses in deep hole drilling with small diameters. Production 

Engineering, 8(4), pp.491-497. 

Bilgi, D. S., Jain, V. K., Shekhar, R., and Kulkarni, A. V. (2007). Hole quality and 

interelectrode gap dynamics during pulse current electrochemical deep hole 

drilling. The International Journal of Advanced Manufacturing Technology, 

34(1-2), pp.79-95. 

Biswal, B., Karn, P. K., Sairam, M. V. S., and Surekhabolli, B. R. (2019). Time‐

frequency analysis and classification of power signals using adaptive cuckoo 

search algorithm. International Journal of Numerical Modelling: Electronic 

Networks, Devices and Fields, 32(1), e2477. 

Buragohain, M., and Mahanta, C. (2008). A novel approach for ANFIS modelling 

based on full factorial design. Applied soft computing, 8(1), pp.609-625 

Burnwal, S., and Deb, S. (2012). Scheduling optimisation of flexible manufacturing 

system using cuckoo search-based approach. The International Journal of 

Advanced Manufacturing 



 

  

144 

Burnwal, S., and S. Deb. 2012. Scheduling optimisation of flexible manufacturing 

system using cuckoo search-based approach. The International Journal of 

Advanced Manufacturing Technology 64(5–8): pp.951–959.  

Bustillo, A., and Correa, M. (2012). Using artificial intelligence to predict surface 

roughness in deep drilling of steel components. Journal of Intelligent 

Manufacturing, 23(5), pp.1893-1902. 

Bykador, V. S., and Bykador, Z. E. (2017). Bifurcations of deep hole drilling 

process. Procedia Engineering, 206, pp.151-156. 

Cameron, A. C., and Windmeijer, F. A. (1997). An R-squared measure of goodness 

of fit for some common nonlinear regression models. Journal of 

econometrics, 77(2), pp.329-342. 

Çaydaş, U., Hasçalık, A., Buytoz, Ö., and Meyveci, A. (2011). Performance 

evaluation of different twist drills in dry drilling of AISI 304 austenitic 

stainless steel. Materials and Manufacturing Processes, 26(8), pp.951-960. 

Ceria, S., Cordier, C., Marchand, H., and Wolsey, L. A. (1998). Cutting planes for 

integer programs with general integer variables. Mathematical programming, 

81(2), pp.201-214. 

Chandgude, S., Pawar, P., and Sadaiah, M. (2015). Process parameter optimisation 

based on principal components analysis during machining of hardened steel. 

International Journal of Industrial Engineering Computations, 6(3), pp.379-

390. 

Chandrasekaran, M., Muralidhar, M., Krishna, C. M., and Dixit, U. S. (2010). 

Application of soft computing techniques in machining performance 

prediction and optimisation: a literature review. The International Journal of 

Advanced Manufacturing Technology, 46(5-8), pp.445-464. 

Charness, G., Gneezy, U., and Henderson, A. (2018). Experimental methods: 

Measuring effort in economics experiments. Journal of Economic Behavior & 

Organization, 149, pp.74-87. 

Chawla, M., and Duhan, M. (2015). Bat algorithm: a survey of the state-of-the-art. 

Applied Artificial Intelligence, 29(6), pp.617-634. 

Chellamuthu, G., Kandasamy, P., and Kanagaraj, S. (2017). Biomarker Selection 

from Gene Expression Data for Tumour Categorization Using Bat Algorithm. 

methods, 402. 



 

  

145 

Chen, C. F., Zain, A. M., Mo, L. P., and Zhou, K. Q. (2020, May). A New Hybrid 

Algorithm Based on ABC and PSO for Function Optimisation. In IOP 

Conference Series: Materials Science and Engineering (Vol. 864, No. 1, p. 

012065). IOP Publishing 

Chin, J. H., Hsieh, C. T., and Lee, L. W. (1996). The shaft behavior of BTA deep 

hole drilling tool. International journal of mechanical sciences, 38(5), pp.461-

482. 

Chiroma, H., Herawan, T., Fister Jr, I., Fister, I., Abdulkareem, S., Shuib, L.,and  

Abubakar, A. (2017). Bio-inspired computation: recent development on the 

modifications of the cuckoo search algorithm. Applied Soft Computing, 61, 

pp. 149-173. 

Chu, N. H., and Nguyen, V. D. (2018). The Multi-Response Optimisation of 

Machining Parameters in the Ultrasonic Assisted Deep-Hole Drilling Using 

Grey-Based Taguchi Method. Int. J. Mech. Prod. Eng. Res. Dev, 8, pp.417-

426. 

Cicek A, Kıvak T, Ekici E.(2015) Optimisation of drilling parameters using Taguchi 

technique and response surface methodology (RSM) in drilling of AISI 304 

steel with cryogenically treated HSS drills. Journal of Intelligent 

Manufacturing.1;26(2): pp.295-305.  

Cicek, A., Kıvak, T., and Samtaş, G. (2012). Application of Taguchi method for 

surface roughness and roundness error in drilling of AISI 316 stainless steel. 

Strojniški vestnik-Journal of Mechanical Engineering, 58(3), pp.165-174.  

Costa, A., Celano, G., and Fichera, S. (2011). Optimisation of multi-pass turning 

economies through a hybrid particle swarm optimisation technique. The 

International Journal of Advanced Manufacturing Technology, 53(5-8), pp. 

421-433. 

Dahmus, J. B., and  Gutowski, T. G. (2004). An environmental analysis of 

machining. In ASME 2004 international mechanical engineering congress 

and exposition (pp. 643-652). American Society of Mechanical Engineers. 

Das, A., Mandal, D., Ghoshal, S. P., and Kar, R. (2017). An efficient side lobe 

reduction technique considering mutual coupling effect in linear array 

antenna using BAT algorithm. Swarm and evolutionary computation, 35, pp. 

26-40. 



 

  

146 

Dawson, D. J. (1992). Cylindricity and its measurement. International Journal of 

Machine Tools and Manufacture, 32(1-2), pp. 247-253. 

Deng, C. S., and  Chin, J. H. (2005). Hole roundness in deep-hole drilling as 

analysed by Taguchi methods. The International Journal of Advanced 

Manufacturing Technology, 25(5-6), pp.420-426.  

Deng CS, Chin JH (2004). Roundness modelling in BTA deep hole drilling and a 

model of waviness and lobing caused by resonant forced vibrations of its long 

drill shaft. Journal of manufacturing Science and Engineering. 1;126(3):524-

34. 

Deris, A. M., Zain, A. M., Sallehuddin, R., and  Sharif, S. (2017). Harmony search 

optimisation in dimensional accuracy of die sinking EDM process using 

SS316L stainless steel. In Journal of Physics: Conference Series (Vol. 892, 

pp. 1-10).  

Deris, A. M., Zain, A. M., and Sallehuddin, R. (2013). Hybrid GR-SVM for 

prediction of surface roughness in abrasive water jet machining. Meccanica, 

48(8), pp.1937-1945. 

Dorigo,M., and Blum, C. (2005). Ant colony optimisation theory: A survey. 

Theoretical computer science, 344(2), pp.243-278. 

Ecker, J. G. (1980). Geometric programming: Methods, computations and 

applications. SIAM review, 22(3), pp.338-362. 

Elshorbagy, A., and Ormsbee, L.(2006). Object-oriented modelling approach to 

surface water quality management. Environmental Modelling & Software, 

21(5), pp.689-698. 

Escamilla-Salazar, I. G., Torres-Treviño, L. M., González-Ortíz, B., and  Zambrano, 

P. C. (2013). Machining optimisation using swarm intelligence in titanium 

(6Al 4V) alloy. The International Journal of Advanced Manufacturing 

Technology, 67(1-4), pp.535-544. 

Esfandiari, A. (2014). Cuckoo optimisation algorithm in cutting conditions during 

machining. Journal of Advances in Computer Research, 5(2), pp.45-57. 

Fandiño, D., Guski, V., Wegert, R., Möhring, H. C., and Schmauder, S. (2021). 

Simulation study on single-lip deep hole drilling using design of experiments. 

Journal of Manufacturing and Materials Processing, 5(2), 44. 

 



 

  

147 

Fang, N., and Wu, Q. (2005). The effects of chamfered and honed tool edge 

geometry in machining of three aluminum alloys. International Journal of 

Machine Tools and Manufacture, 45(10), pp.1178-1187.  

Fister Jr, I., Fister, D., and Fister, I. (2013). A comprehensive review of cuckoo 

search: variants and hybrids. International Journal of Mathematical 

Modelling and Numerical Optimisation, 4(4), pp.387-409. 

Fister, I., Yang, X. S., Fong, S., and  Zhuang, Y. (2014). Bat algorithm: Recent 

advances. In 2014 IEEE 15th International Symposium on Computational 

Intelligence and Informatics (CINTI) (pp. 163-167). IEEE. 

Gandomi, A. H., Yang, X. S., Alavi, A. H., and  Talatahari, S. (2013). Bat algorithm 

for constrained optimisation tasks. Neural Computing and Applications, 

22(6), pp.1239-1255 

Gao,   C. H., Cheng, K., and Kirkwood, D. (2000). The investigation on the 

machining process of BTA deep hole drilling. Journal of Materials 

Processing Technology, 107(1-3), pp.222-227. 

Gao, M. L., Shen, J., Yin, L. J., Liu, W., Zou, G. F., Li, H. T., and  Fu, G. X. (2016). 

A novel visual tracking method using bat algorithm. Neurocomputing, 177, 

pp. 612-619. 

Gayatri, R., and Baskar, N. (2015). Evaluating process parameters of multi-pass 

turning process using hybrid genetic simulated swarm algorithm. Journal of 

Advanced Manufacturing Systems, 14(04), pp.215-233. 

GC, M. P., Chate, G. R., Parappagoudar, M. B., and Gupta, K. (2020). Machining of 

Hard Materials: A Comprehensive Approach to Experimentation, Modelling 

and Optimisation. Springer Nature 

Ghasemi, A., Khorasani, A., and Gibson, I. (2018). Investigation on the effect of a 

pre-centre drill hole and tool material on thrust force, surface roughness, and 

cylindricity in the drilling of Al7075. Materials, 11(1), 140. 

Ghose, T. (2002). Optimisation technique and an introduction to genetic algorithms 

and simulated annealing. In Proceedings of international workshop on soft 

computing and systems (pp. 1-19). 

Giasin, K., Gorey, G., Byrne, C., Sinke, J., and Brousseau, E. (2019). Effect of 

machining parameters and cutting tool coating on hole quality in dry drilling 

of fibre metal laminates. Composite Structures, 212, pp. 159-174 



 

  

148 

Goodman, S. N. (1999). Toward evidence-based medical statistics. 1: The P value 

fallacy. Annals of internal medicine, 130(12), pp.995-1004. 

Goswami, D., and Chakraborty, S. (2015). A study on the optimisation performance 

of fireworks and cuckoo search algorithms in laser machining processes. 

Journal of The Institution of Engineers (India): Series C, 96(3), pp.215-229. 

Grosan, C., and Abraham, A.(2007). Hybrid evolutionary algorithms: methodologies, 

architectures, and reviews. InHybridevolutionary algorithms (pp. 1-

17).Springer Berlin Heidelberg. 

Grzenda, M., Bustillo, A., and  Zawistowski, P. (2012). A soft computing system 

using intelligent imputation strategies for roughness prediction in deep 

drilling. Journal of Intelligent Manufacturing, 23(5), pp.1733-1743. 

Han, X., and Liu, Z. (2019, April). Research on Super-long Deep Hole Drilling 

Technology Based on 0Cr17Ni4Cu4Nb Stainless Steel. In IOP Conference 

Series: Materials Science and Engineering (Vol. 490, No. 5, p. 052005). IOP 

Publishing. 

Hardy, R. J., and Thompson,S. G. (1996). A likelihood approach to meta‐analysis 

with random effects. Statistics in medicine, 15(6), pp.619-629. 

Hayajneh, M. T. (2001). Hole quality in deep hole drilling. Materials and 

Manufacturing Processes, 16(2), pp.147-164. 

Heinemann, R. K., and Hinduja, S. (2009). Investigating the feasibility of DLC-

coated twist drills in deep-hole drilling. The International Journal of 

Advanced Manufacturing Technology, 44(9-10), 862. 

Heisel, U., and Eichler, R. (1993). Process integrity of deep hole drilling for small 

diameters. 

Holland, J. H. (1992). Genetic algorithms. Scientific american, 267(1), pp.66-73. 

Huang, G. Q., Zhao, W. J., and Lu, Q. Q. (2013). Bat algorithm with global 

convergence for solving large-scale optimisation problem. Application 

Research of Computers, 30(3), pp.1-10. 

Huang, J., Gao, L., and Li, X. (2015). An effective teaching-learning-based cuckoo 

search algorithm for parameter optimisation problems in structure designing 

and machining processes. Applied Soft Computing, 36, pp.349-356. 

Iglesias, A., Gálvez, A., Suárez, P., Shinya, M., Yoshida, N., Otero, C and  Gomez-

Jauregui, V. (2018). Cuckoo Search Algorithm with Lévy Flights for Global-



 

  

149 

Support Parametric Surface Approximation in Reverse Engineering. 

Symmetry, 10(3), 58. 

Imran, M., Mativenga, P. T., Kannan, S., and Novovic, D. (2008). An experimental 

investigation of deep-hole microdrilling capability for a nickel-based 

superalloy. Proceedings of the Institution of Mechanical Engineers, Part B: 

Journal of Engineering Manufacture, 222(12), pp.1589-1596.  

Jaddi, N. S., Abdullah, S., and Hamdan, A. R. (2015). Optimisation of neural 

network model using modified bat-inspired algorithm. Applied Soft 

Computing, 37, pp.71-86. 

Jamil, M., and Yang, X. S. (2013). A literature survey of benchmark functions for 

global optimisation problems. arXiv preprint arXiv:1308.4008. 

Jammalamadaka, S. R. (2003). Introduction to linear regression analysis 

Javaroni, R. L., Lopes, J. C., Sato, B. K., Sanchez, L. E. A., Mello, H. J., Aguiar, P. 

R., and Bianchi, E. C. (2019). Minimum quantity of lubrication (MQL) as an 

eco-friendly alternative to the cutting fluids in advanced ceramics grinding. 

The International Journal of Advanced Manufacturing Technology, 103(5-8), 

pp. 2809-2819. 

Johari, N. F., Zain, A. M., Mustaffa, N. H., and Udin, A. (2017). Machining 

parameters optimisation using hybrid firefly algorithm and particle swarm 

optimisation. In Journal of Physics: Conference Series (Vol. 892, No. 1, p. 

012005). IOP Publishing. 

Joshi, M., and Srivastava, P. R. (2013). Query optimisation: an intelligent hybrid 

approach using cuckoo and tabu search. International Journal of Intelligent 

Information Technologies (IJIIT), 9(1), pp.40-55. 

Jurko, J., and Panda, A. (2012). Identification the tool wear mechanisms and forms at 

drilling of a new stainless steels. AASRI Procedia, 3, pp.127-132. 

Jung, J. Y. (2002). Manufacturing cost estimation for machined parts based on 

manufacturing features. Journal of Intelligent Manufacturing, 13(4), 227–2 

Kamaruzaman, A. F., Zain, A. M., Mustaffa, N. H., Yusof, N. M., and Najarian, F. 

(2017). Roundness Error in Deep Hole Drilling using Twist Drills and Cold 

Mold Steel 718. Indian Journal of Science and Technology, 10, 17. 

Kamaruzaman, A. F., Zain, A. M., Alwee, R., Yusof, N. M., and Najarian, F. (2019). 

Optimisation of Surface Roughness in Deep Hole Drilling using Moth-Flame 



 

  

150 

Optimisation. ELEKTRIKA-Journal of Electrical Engineering, 18(3-2), 

pp.62-68. 

Kamaruzaman, A. F., Zain, A. M., Yusof, N. M., and Nadjarian, F. (2016). 

Optimisation of Machining Parameters for Minimization of Roundness Error 

in Deep Hole Drilling using Minimum Quantity Lubricant. In MATEC Web of 

Conferences (Vol. 78, p. 01024). EDP Sciences. 

Kamaruzaman, A.F., Zain, A. M., Mustaffa, N.H.,Yusof, N. M., and Najarian, F. 

(2017). Roundness Error in Deep Hole Drilling using Twist Drills and Cold 

Mold Steel 718. Indian Journal of Science & Technology(Vol. 10, Issue 17) 

Kamaruzaman, A. F., Zain, A. M., Yusof, N. M., Nadjarian, F., and Jalil, R. A. 

(2021, May). Optimisation of roundness error in deep hole drilling using 

moth-flame optimisation. In AIP Conference Proceedings (Vol. 2339, No. 1, 

p. 020209). AIP Publishing LLC 

 

Kant, G., & Sangwan, K. S. (2015). Predictive modelling and optimisation of 

machining parameters to minimize surface roughness using artificial neural 

network coupled with genetic algorithm. Procedia Cirp, 31, 453-458. 

 

Kanagaraj, G., Ponnambalam, S. G., and Jawahar, N. (2013). A hybrid cuckoo search 

and genetic algorithm for reliability–redundancy allocation problems. 

Computers & Industrial Engineering, 66(4), pp.1115-1124. 

Kanagaraj, G., Ponnambalam, S. G., and Lim, W. C. E. (2014). Application of a 

hybridized cuckoo search-genetic algorithm to path optimisation for PCB 

holes drilling process. In 2014 IEEE International Conference on Automation 

Science and Engineering (CASE) (pp. 373-378). IEEE. 

Kaveh, A., and Bakhshpoori, T. (2013). Optimum design of steel frames using 

Cuckoo Search algorithm with Lévy flights. The Structural Design of Tall 

and Special Buildings, 22(13), pp. 1023-1036.  

Kennedy, J. Eberhart, R., (1995). Particle swarm optimisation. Proceedings., IEEE 

International Conference on, vol.4, no., pp.1942, 1948 vol.4. 

Khan, S. A., Nazir, A., Mughal, M. P., Saleem, M. Q., Hussain, A., and Ghulam, Z. 

(2017). Deep hole drilling of AISI 1045 via high-speed steel twist drills: 

evaluation of tool wear and hole quality. The International Journal of 

Advanced Manufacturing Technology, 93(1-4), pp.1115-1125. 

Khodier, M. (2013). Optimisation of antenna arrays using the cuckoo search 

algorithm. IET Microwaves, Antennas & Propagation, 7(6), pp.458-464. 



 

  

151 

Kim, D. W., Lee, Y. S., Park, M. S., and Chu, C. N. (2009). Tool life improvement 

by peck drilling and thrust force monitoring during deep-micro-hole drilling 

of steel. International Journal of Machine Tools and Manufacture, 49(3-4), 

pp. 246-255. 

Kim, D., and Ramulu, M. (2004). Drilling process optimisation for 

graphite/bismaleimide–titanium alloy stacks. Composite structures, 63(1), pp. 

101-114. 

 Kirsanov, S. V., and Babaev, A. S. (2015). Machinability of Calcium Steel in Deep 

Hole Drilling with Small Diameters Gun Drills. In Applied Mechanics and 

Materials (Vol. 756, pp. 116-119).  

Kivak, T., Habali, K., and ŞEKER, U. (2012). The effect of cutting paramaters on the 

hole quality and tool wear during the drilling of Inconel 718. Gazi University 

Journal of Science, 25(2), pp. 533-540. 

Kumanan, S., Jesuthanam, C. P., and Kumar, R. A. (2008). Application of multiple 

regression and adaptive neuro fuzzy inference system for the prediction of 

surface roughness. The International Journal of Advanced Manufacturing 

Technology, 35(7-8), pp.778-788. 

Kuppan, P., Rajadurai, A., and Narayanan, S. (2008). Influence of EDM process 

parameters in deep hole drilling of Inconel 718. The International Journal of 

Advanced Manufacturing Technology, 38(1-2), pp.74-84. 

Lee, Y. Z., and Ponnambalam, S. G. (2012). Optimisation of multipass turning 

operations using PSO and GA-AIS algorithms. International Journal of 

Production Research, 50(22), pp.6499-6518. 

Li, J., Xiao, D. D., Zhang, T., Liu, C., Li, Y. X., and Wang, G. G. (2020). Multi-

Swarm Cuckoo Search Algorithm with Q-Learning Model. The Computer 

Journal. 

Li, X. B., Zheng, J. M., Li, Y., Kong, L. F., Shi, W. C., and Guo, B. (2019). 

Investigation of Chip Deformation and Breaking with a Staggered Teeth BTA 

Tool in Deep Hole Drilling 

Li, X., and Yin, M. (2013). A hybrid cuckoo search via Lévy flights for the 

permutation flow shop scheduling problem. International Journal of 

Production Research, 51(16), pp.4732-4754. 



 

  

152 

Liang, J. J., Suganthan, P. N., and Deb, K. (2005). Novel composition test functions 

for numerical global optimisation. In Proceedings 2005 IEEE Swarm 

Intelligence Symposium, 2005. SIS 2005. (pp. 68-75). IEEE. 

Liao, X., Li, Q., Yang, X., Zhang, W., and Li, W. (2008). Multiobjective 

optimisation for crash safety design of vehicles using stepwise regression 

model. Structural and multidisciplinary optimisation, 35(6), pp.561-569. 

Lim, W. C. E., Kanagaraj, G., and Ponnambalam, S. G. (2012). Cuckoo search 

algorithm for optimisation of sequence in pcb holes drilling process. In 

Emerging trends in science, engineering and technology (pp. 207-216). 

Springer, India. 

Lim, W. C. E., Kanagaraj, G., and Ponnambalam, S. G. (2016). A hybrid cuckoo 

search-genetic algorithm for hole-making sequence optimisation. Journal of 

Intelligent Manufacturing, 27(2), pp.417-429. 

Little, D. G., and MacDonald, D. (1994). The use of the percentage change in 

Oswestry Disability Index score as an outcome measure in lumbar spinal 

surgery. Spine, 19(19), pp.2139-2142. 

Liu, Z., Li, X., Wu, D., Qian, Z., Feng, P., and Rong, Y. (2019). The development of 

a hybrid firefly algorithm for multi-pass grinding process optimisation. 

Journal of Intelligent Manufacturing, 30(6), pp.2457-2472. 

Luo, J., He, F., and Yong, J. (2020). An efficient and robust bat algorithm with 

fusion of opposition-based learning and whale optimisation algorithm. 

Intelligent Data Analysis, 24(3), pp.581-606. 

Machado, A. R., and Wallbank, J. (1997). The effect of extremely low lubricant 

volumes in machining. Wear, 210(1-2), pp. 76-82. 

Madic, M., and Radovanovic, M. (2013). Application of cuckoo search algorithm for 

surface roughness optimisation in co2 laser cutting. Annals of the Faculty of 

Engineering Hunedoara, 11(1), 39. 

Makadia, A. J.,and Nanavati, J. I. (2013). Optimisation of machining parameters for 

turning operations based on response surface methodology. Measurement, 

46(4), pp.1521-1529. 

Mallick, R., Ganguli, R., and Kumar, R. (2017). Optimal design of a smart post-

buckled beam actuator using bat algorithm: simulations and experiments. 

Smart Materials and Structures, 26(5), 055014. 



 

  

153 

Masuzawa, T., Tsukamoto, J., and Fujino, M. (1989). Drilling of deep microholes by 

EDM. CIRP Annals, 38(1), pp.195-198. 

Mellal, M. A., and Williams, E. J. (2015). Cuckoo optimisation algorithm for unit 

production cost in multi-pass turning operations. The International Journal of 

Advanced Manufacturing Technology, 76(1-4), pp.647-656. 

Mellal, M. A., and Williams, E. J. (2016). Parameter optimisation of advanced 

machining processes using cuckoo optimisation algorithm and hoopoe 

heuristic. Journal of Intelligent Manufacturing, 27(5), pp.927-942 

Messaoud, A., and Weihs, C. (2009). Monitoring a deep hole drilling process by 

nonlinear time series modelling. Journal of Sound and Vibration, 321(3-5), 

pp.620-630. 

Miodragović, G., Bulatović, R., Ivanović, S., and Bošković, M. (2014). The Use of 

Biologically-inspired Algorithms for the Optimisation of Machining 

Parameters. In VIII International Conference “Heavy Machinery-HM 2014”, 

at Zlatibor, Serbia. 

Moghaddas, M. A. (2021). Modelling and optimisation of thrust force, torque, and 

surface roughness in ultrasonic-assisted drilling using surface response 

methodology. The International Journal of Advanced Manufacturing 

Technology, 112(9), pp.2909-2923. 

Mohamad, A., Zain, A. M., Ahmad, N.B.,Yusof, N. M., and Najarian, F. (2017). 

Roundness Error Study in Deep Hole Drilling of Cold Mold Steel 718. Indian 

Journal of Science & Technology(Vol. 10, Issue 13) 

Mohamad, A., Zain, A. M., Alwee, R., Yusof, N. M., and Najarian, F. (2019). 

Optimisation of Roundness Error in Deep Hole Drilling using Cuckoo Search 

Algorithm. ELEKTRIKA-Journal of Electrical Engineering, 18(3), pp.44-48. 

Mohamad, A., Zain, A. M., Bazin, N. E. N., and Udin, A. (2015). A process 

prediction model based on Cuckoo algorithm for abrasive waterjet machining. 

Journal of Intelligent Manufacturing, 26(6), pp.1247-1252. 

Mohamad, A., Zain, A. M., Mohd Yusof, N., Najarian, F., Alwee, R., Hamed, A., 

and Nuzly, H. (2019). Modelling and Optimisation of Machining Parameters 

Using Regression and Cuckoo Search in Deep Hole Drilling Process. In 

Applied Mechanics and Materials (Vol. 892, pp. 177-184). Trans Tech 

Publications Ltd. 



 

  

154 

Mohamad, A., Zain, A. M., Sharif, S., Yusof, N. M., Najarian, F., and Jalil, R. A. 

(2021, May). Optimisation of cylindricity in deep hole drilling using Cuckoo 

search algorithm (CS). In AIP Conference Proceedings (Vol. 2339, No. 1, p. 

020214). AIP Publishing LLC.  

Molga, M., and Smutnicki, C. (2005). Test functions for optimisation needs. Test 

functions for optimisation needs, 101. 

Montgomery, D. C. (2017). Design and analysis of experiments. John wiley & sons 

 

Moreira, L. C., Li, W. D., Lu, X., and Fitzpatrick, M. E. (2019). Supervision 

controller for real-time surface quality assurance in CNC machining using 

artificial intelligence. Computers & Industrial Engineering, 127, pp.158-168. 

Mukherjee, I., and Ray, P. K. (2006). A review of optimisation techniques in metal 

cutting processes. Computers & Industrial Engineering, 50(1-2), pp.15-34. 

Musikapun, P., and Pongcharoen, P. (2012). Solving multi-stage multi-machine 

multi-product scheduling problem using bat algorithm. In 2nd international 

conference on management and artificial intelligence (Vol. 35, pp. 98-102). 

IACSIT Press Singapore. 

Muthuraj, R., Misra, M., Defersha, F., and Mohanty, A. K. (2016). Influence of 

processing parameters on the impact strength of biocomposites: A statistical 

approach. Composites Part A: Applied Science and Manufacturing, 83, 

pp.120-129.  

Nahak, B., and Gupta, A. (2019). A review on optimisation of machining 

performances and recent developments in electro discharge machining. 

Manufacturing Review, 6, 2. 

Najarian, F., Noordin, M. Y., Nor, F. M., and Kurniawan, D. (2014). Analysis of 

deep hole drilling in presence of electromagnetic field using Taguchi 

technique. In ASME International Mechanical Engineering Congress and 

Exposition (Vol. 46445, p. V02BT02A060). American Society of Mechanical 

Engineers. 

Nalbant, M., Gökkaya, H., and Sur, G. (2007). Application of Taguchi method in 

the optimisation of cutting parameters for surface roughness in turning. 

Materials & design, 28(4), pp.1379-1385. 



 

  

155 

Narooei, K. D., Ramli, R., Rahman, M. Z., Iberahim, F., and Qudeiri, J. A. (2014). 

Tool routing path optimisation for multi-hole drilling based on ant colony 

optimisation. World Applied Sciences Journal, 32(9), pp.1894-1898.  

Nickel, J., Baak, N., Walther, F., and Biermann, D. (2019). Influence of the Feed 

Rate in the Single-Lip Deep Hole Drilling Process on the Surface Integrity of 

Steel Components. In International Conference on Advanced Surface 

Enhancement (pp. 198-212). Springer, Singapore. 

Noordin, M. Y., Venkatesh, V. C., Sharif, S., Elting, S.,and Abdullah, A. (2004). 

Application of response surface methodology in describing the performance 

of coated carbide tools when turning AISI 1045 steel. Journal of Materials 

Processing Technology, 145(1), pp.46-58. 

Novaski, O., and Barczak, A. C. (1997). Utilization of Voronoi diagrams for 

circularity algorithms. Precision engineering, 20(3), pp.188-195. 

Oezkaya, E., Iovkov, I., and Biermann, D. (2019). Fluid structure interaction (FSI)   

modelling of deep hole twist drilling with internal cutting fluid supply. CIRP 

Annals of Computers, vol. 30, no. 3, 1-10 (in Chinese). 

Oktem, H., Erzurumlu, T., and Çöl, M. (2006). A study of the Taguchi optimisation 

method for surface roughness in finish milling of mold surfaces. The 

International Journal of Advanced Manufacturing Technology, 28(7-8), 694-

700.Optimisation, 1(4), pp.330-343. 

Orbanic, H., and Junkar, M. (2004). An experimental study of drilling small and deep 

blind holes with an abrasive water jet. Proceedings of the Institution of 

Mechanical Engineers, Part B: Journal of Engineering Manufacture, 218(5), 

pp. 503-508 

Oysu, C., and Bingul, Z. (2009). Application of heuristic and hybrid-GASA 

algorithms to tool-path optimisation problem for minimizing airtime during 

machining. Engineering Applications of Artificial Intelligence, 22(3),  pp. 

389-396. 

Ozcelik, B., Oktem, H.,  and Kurtaran, H.(2005). Optimum surface roughness in end 

milling Inconel 718 by coupling neural network model and genetic algorithm. 

The International Journal of Advanced Manufacturing Technology, 27(3-4), 

pp. 234-241. 

Pavlyukevich, I., 2007. Le´vy flights. Non-local search and simulated annealing. J. 

Comput. Phys. 226, pp. 1830-1844. 



 

  

156 

Perez, J., Melin, P., Castillo, O., Valdez, F., Gonzalez, C., and Martinez, G. (2017). 

Trajectory Optimisation for an Autonomous Mobile Robot Using the Bat 

Algorithm. In North American Fuzzy Information Processing Society Annual 

Conference (pp. 232-241). Springer, Cham. 

Pérez, J., Valdez, F., and Castillo, O. (2015, October). A new bat algorithm 

augmentation using fuzzy logic for dynamical parameter adaptation. In 

Mexican International Conference on Artificial Intelligence (pp. 433-442). 

Springer, Cham. 

Phanden, R. K., Saharan, L. K., and Erkoyuncu, J. A. (2018). Simulation based 

cuckoo search optimisation algorithm for flexible job shop scheduling 

problem. In Proceedings of the International Conference on Intelligent 

Science and Technology (pp. 50-55).  

Prajapati, P. P., and Shah, M. V. (2018). Performance Estimation of Differential 

Evolution, Particle Swarm Optimisation and Cuckoo Search Algorithms. 

International Journal of Intelligent Systems and Applications, 10(6), 59 

Prakash, M., Saranya, R., Jothi, K. R., and Vigneshwaran, A. (2012).An Optimal Job 

Scheduling in Grid Using Cuckoo Algorithm. 

Prasanna, J., Karunamoorthy, L., Raman, M. V., Prashanth, S., and Chordia, D. R. 

(2014). Optimisation of process parameters of small hole dry drilling in Ti–

6Al–4V using Taguchi and grey relational analysis. Measurement, 48, 

pp.346-354. 

Prathyusha, S.S., Sujatha,K., Harshitha.,D and Sharmila, D.(2018) Review on 

Cuckoo Search Algorithm. International Journal of Management, 

Technology and Engineering, pp.2249-7455. 

Qiang, Z., Miao, X., Wu, M., and Sawhney, R. (2018). Optimisation of abrasive 

waterjet machining using multi-objective cuckoo search algorithm. The 

International Journal of Advanced Manufacturing Technology, 99(5-8), pp. 

1257-1266. 

Rafidah, A., Nurulhuda, A., Azrina, A., Suhaila, Y., Anwar, I. S., and Syafiq, R. A. 

(2014). Comparison design of experiment (doe): Taguchi method and full 

factorial design in surface roughness. In Applied mechanics and materials 

(Vol. 660, pp. 275-279). Trans Tech Publications Ltd. 



 

  

157 

Rahim, E. A., and Sasahara, H. (2011). A study of the effect of palm oil as MQL 

lubricant on high speed drilling of titanium alloys. Tribology International, 

44(3), pp309-317. 

Raja, S. B., Narayanan, N. S., Pramod, C. S., Ragunathan, A., Vinesh, S. R., and 

Krishna, K. V. (2012). Optimisation of Constrained Machining Parameters in 

Turning Operation Using Firefly Algorithm. Journal of Applied Sciences, 

12(10), pp.1038-1042.  

Rani, K. A., and Malek, F. (2011). Symmetric linear antenna array geometry 

synthesis using cuckoo search metaheuristic algorithm. In 

Communications (APCC), 2011 17th Asia-Pacific Conference on (pp. 374-

379). IEEE. 

Rao, M. S., and Venkaiah, N. (2017). A modified cuckoo search algorithm to 

optimize Wire-EDM process while machining Inconel-690. Journal of the 

Brazilian Society of Mechanical Sciences and Engineering, 39(5), pp.1647-

1661. 

Rao, P. R., and Shunmugam, M. S. (1987). Investigations into surface topography, 

microhardness and residual stress in boring trepanning association machining. 

Wear, 119(1), pp.89-100. 

Rao, R., and Pawar, P. (2010). Parameter optimisation of a multi-pass 

milling process usingnon-traditional optimisation algorithm.Applied

 Soft Computing, 10, pp.445-456. 

Rosnow, R. L., and Rosenthal, R. (1989). Definition and interpretation of interaction 

effects. Psychological Bulletin, 105(1), 143. 

Roy, S., and Chaudhuri, S. S. (2013). Cuckoo search algorithm using Lévy flight: a 

review. International Journal of Modern Education and Computer Science, 

5(12), 10. 

Sadeghi, M., Razavi, H., Esmaeilzadeh, A., and Kolahan, F. (2011). Optimisation of 

cutting conditions in WEDM process using regression modelling and Tabu-

search algorithm. Proceedings of the Institution of Mechanical Engineers, 

Part B: Journal of Engineering Manufacture, 225(10), pp.1825-1834. 

Saravanan, M., Thiyagarajan, C., and Somasundaram, S. (2020). Parametric 

optimisation of wirecut-electrical discharge machining through cuckoo search 

algorithm. Materials Today: Proceedings, 22, pp.681-687. 



 

  

158 

Sarıkaya, M., and Güllü, A. (2014). Taguchi design and response surface 

methodology based analysis of machining parameters in CNC turning under 

MQL. Journal of Cleaner Production, 65, pp604-616. 

Sathish, T. (2019). Experimental investigation of machined hole and optimisation of 

machining parameters using electrochemical machining. Journal of Materials 

Research and Technology, 8(5), pp.4354-4363. 

Senthilkumar, N., and Tamizharasan, T. (2015). Flank wear and surface roughness 

prediction in hard turning via artificial neural network and multiple 

regressions. Australian Journal of Mechanical Engineering, 13(1), pp.31-45. 

Senthilkumar, N., Tamizharasan, T., and Anandakrishnan, V. (2014). An hybrid 

Taguchi-grey relational technique and cuckoo search algorithm for multi-

criteria optimisation in hard turning of AISI D3 steel. J Adv Eng Res, 1(1), 

pp. 16-31. 

Seyedmahmoudian, M., Kok Soon, T., Jamei, E., Thirunavukkarasu, G., Horan, B., 

Mekhilef, S., and Stojcevski, A. (2018). Maximum power point tracking for 

photovoltaic systems under partial shading conditions using bat algorithm. 

Sustainability, 10(5), 1347. 

Shehab, M., Khader, A. T., and Al-Betar, M. A. (2017). A survey on applications and 

variants of the cuckoo search algorithm. Applied Soft Computing, 61, pp. 

1041-1059. 

Sheth, S., and George, P. M. (2016). Experimental investigation, prediction and 

optimisation of cylindricity and perpendicularity during drilling of WCB 

material using grey relational analysis. Precision Engineering, 45, pp. 33-43. 

Siddiquee, A. N., Khan, Z. A., Goel, P., Kumar, M., Agarwal, G., and Khan, N. Z. 

(2014). Optimisation of deep drilling process parameters of AISI 321 steel 

using Taguchi method. Procedia materials science, 6, pp. 1217-1225. 

Singh, O. P., Kumar, K., and Kumar, M. (2019). Role Of Taguchi And Grey 

Relational Method In Optimisation Of Machining Parameters Of Different 

Materials: A Review. Acta Electronica Malaysia, 3(1), pp.19-22. 

Sivarao, T. J. S., and Ammar, S. (2010). RSM based modelling for surface roughness 

prediction in laser machining. Intern. J. Eng. Technol, 10(4), pp.26-32. 

Sofuoglu, M. A., and Orak, S. (2016). Prediction of stable cutting depths in turning 

operation using soft computing methods. Applied Soft Computing, 38, 

pp.907-921. 



 

  

159 

Soneji, H., and Sanghvi, R. C. (2012, October). Towards the improvement of cuckoo 

search algorithm. In 2012 World Congress on Information and 

Communication Technologies (pp. 878-883). IEEE. 

Sönmez, A. İ., Baykasoǧlu, A., Dereli, T., and  Fılız, İ. H. (1999). Dynamic 

optimisation of multipass milling operations via geometric programming. 

International Journal of Machine Tools and Manufacture, 39(2), pp.297-32 

Sreehari, B., Rao, S. S., and Mallikarjuna, K. (2015). A Retrospective on Literature 

Review of Milling Parameter Optimisation using Non-Traditional 

Optimisation Methods. 

Steininger, A., and Bleicher, F. (2018). In-process monitoring and analysis of 

dynamic disturbances in boring and trepanning association (BTA) deep 

drilling. Journal of Machine Engineering, 18. 

Taha, A. M., Mustapha, A., and  Chen, S. D. (2013). Naive Bayes-guided bat 

algorithm for feature selection. The Scientific World Journal, 2013.  

Tam, S. C., Yeo, C. Y., Jana, S., Lau, M. W., Lim, L. E., Yang, L. J., and  Noor, Y. 

M. (1993). Optimisation of laser deep-hole drilling of Inconel 718 using the 

Taguchi method. Journal of Materials Processing Technology, 37(1-4), pp. 

741-757.  

Teimouri, R., and Sohrabpoor, H. (2013). Application of adaptive neuro-fuzzy 

inference system and cuckoo optimisation algorithm for analyzing electro 

chemical machining process. Frontiers of Mechanical Engineering, 8(4), pp. 

429-442. 

Thamma, R. (2008). Comparison between multiple regression models to study effect 

of turning parameters on the surface roughness. In Proceedings of the 2008 

IAJC-IJME International Conference (Vol. 133, No. 103, pp. 1-12). 

Tharakeshwar, T. K., Seetharamu, K. N., and  Prasad, B. D. (2017). Multi-objective 

optimisation using bat algorithm for shell and tube heat exchangers. Applied 

Thermal Engineering, 110, pp.1029-1038. 

Thil, J., Haddag, B., Nouari, M., Barlier, C., and  Papillon, L. (2013). Experimental 

and analytical analyses of the cutting process in the deep hole drilling with 

BTA (Boring Trepanning Association) system. Mechanics & Industry, 14(6), 

pp.413-429.  

Thompson, B. (1995). Stepwise regression and stepwise discriminant analysis need 

not apply here: A guidelines editorial. 



 

  

160 

Tsai, P. W., Pan, J. S., Liao, B. Y., Tsai, M. J., and Istanda, V. (2012). Bat algorithm 

inspired algorithm for solving numerical optimisation problems. In Applied 

mechanics and materials (Vol. 148, pp. 134-137). Trans Tech Publications. 

Tseng, T. L., Konada, U., and  Kwon, Y. (2016). A novel approach to predict surface 

roughness in machining operations using fuzzy set theory. Journal of 

Computational Design and Engineering, 3(1), 1-13.  

Varun, A., and Venkaiah, N. (2015). Grey relational analysis coupled with firefly 

algorithm for multiobjective optimisation of wire electric discharge 

machining. Proceedings of the Institution of Mechanical Engineers, Part B: 

Journal of Engineering Manufacture, 229(8), pp.1385-1394. 

Vazquez, R. A. (2011). Training spiking neural models using cuckoo search 

algorithm. In Evolutionary Computation (CEC), 2011 IEEE Congress on (pp. 

679-686). IEEE. 

Verna, E., Biagi, R., Kazasidis, M., Galetto, M., Bemporad, E., and  Lupoi, R. 

(2020). Modelling of erosion response of cold-sprayed In718-Ni composite 

coating using full factorial design. Coatings, 10(4), 335. 

Vijayanand, M. S., Kumar, K. A., Adite Mathew, R., and  Rahim, A. A (2020). 

Application of TOPSIS for Optimisation of Operating Parameters in Micro-

EDM. Pulse, 1(2), 3. 

Vishnu, P., Kumar, N. S., and  Manohar, M. (2018). Performance prediction of 

electric discharge machining of Inconel-718 using artificial neural network. 

Materials Today: Proceedings, 5(2), pp. 3770-3780. 

Walton, S., Hassan, O., Morgan, K., and Brown, M. R. (2011). Modified cuckoo 

search: A new gradient free optimisation algorithm. Chaos, Solitons & 

Fractals, 44(9), pp. 710-718. 

Walton, S., Hassan, O., Morgan, K., and Brown, M. R. (2013). A review of the 

development and applications of the cuckoo search algorithm. In Swarm 

intelligence and bio-inspired computation (pp. 257-271). Elsevier. 

Wang, G., and Guo, L. (2013). A novel hybrid bat algorithm with harmony search 

for global numerical optimisation. Journal of Applied Mathematics, 2013. 

Wang, H. M. S., and  Lin, L. Y. (1993). Improvement of rotary ultrasonic deep hole 

drilling of glass ceramics-Zerodur. In International Progress in Precision 

Engineering (pp. 719-730). Newnes. 



 

  

161 

Wang, X., Tang, Y., Chen, X., and  Zhang, Y. (2010). Design of experiment in 

global sensitivity analysis based on ANOVA high-dimensional model 

representation. Communications in Statistics-Simulation and Computation, 

39(6), pp. 1183-1195.  

Wang, Z. G., Wong, Y. S., and Rahman, M. (2004). Optimisation of multi-pass 

milling using genetic algorithm and genetic simulated annealing. The 

International Journal of Advanced Manufacturing Technology, 24(9-10), 

pp.727-732. 

Wolpert, D. H., and Macready, W. G. (1997). No free lunch theorems for 

optimisation. IEEE transactions on evolutionary computation, 1(1), pp.67-82. 

Weinert, K., and Löbbe, H. (2002). Crankshaft Manufacturing on Machining 

Centres-Turn-Milling and Deep Hole Drilling. In AMST‘02 Advanced 

Manufacturing Systems and Technology (pp. 129-135). Springer, Vienna. 

Weinert, K., Webber, O., and Peters, C. (2005). On the influence of drilling depth 

dependent modal damping on chatter vibration in BTA deep hole drilling. 

CIRP annals, 54(1), pp.363-366. 

Weinert, K., Weihs, C., Webber, O., and Raabe, N. (2007). Varying bending 

eigenfrequencies in BTA deep hole drilling: mechanical modelling using 

statistical parameter estimation. Production Engineering, 1(2), 127. 

Wen, X., Xia, Q., and Zhao, Y. (2006). An effective genetic algorithm for circularity 

error unified evaluation. International Journal of Machine Tools and 

Manufacture, 46(14), pp.1770-1777. 

Wulandhari, L. A., Komsiyah, S., and Wicaksono, W. (2018). Bat algorithm 

implementation on economic dispatch optimisation problem. Procedia 

Computer Science, 135, pp.275-282. 

Xavier, L. F., and Elangovan, D. (2013, March). Effective Parameters For Improving 

Deep Hole Drilling Process By Conventional Method-A Review. In 

International Journal of Engineering Research and Technology (Vol. 2, No. 

3 (March-2013)).ESRSA Publications. 

Yang, X. S. (2010). A new metaheuristic bat-inspired algorithm. In Nature inspired 

cooperative strategies for optimisation (NICSO 2010) (pp. 65-74). Springer, 

Berlin, Heidelberg. 

Yang, X. S. (2010). Nature-inspired metaheuristic algorithms. Luniver press. 



 

  

162 

Yang, X. S. (2011). Bat algorithm for multi-objective optimisation. International 

Journal of Bio-Inspired Computation, 3(5), pp.267-274. 

Yang, X. S., and He, X. (2013). Bat algorithm: literature review and applications. 

International Journal of Bio-inspired computation, 5(3), pp. 141-149. 

Yang, X. S., and Deb, S. (2009, December). Cuckoo search via Lévy flights. In 2009 

World Congress on Nature & Biologically Inspired Computing (NaBIC) (pp. 

210-214). IEEE. 

Yang, X. S., and Deb, S. (2010). Engineering optimisation by cuckoo search. 

International Journal of Mathematical Modelling and Numerical 

Optimisation, 1(4), 330-343. 

Yang, X. S., and Deb, S. (2011). Multiobjective cuckoo search for design 

optimisation. Computers & Operations Research. 

Yang, X. S., Deb, S., and Fong, S. (2014). Bat algorithm is better than intermittent 

search strategy. arXiv preprint arXiv:1408.5348. 

Yi, J., Jiao, L., Wang, X., Xiang, J., Yuan, M., and Gao, S. (2015). Surface 

roughness models and their experimental validation in micro milling of 6061-

T6 Al alloy by response surface methodology. Mathematical Problems in 

Engineering, 2015. 

Yıldız, A. R. (2009a). An effective hybrid immune-hill climbing optimisation 

approach for solving design and manufacturing optimisation problems in 

industry. Journal of Materials Processing Technology, 209(6), 2773-2780. 

Yıldız, A. R. (2009b). A novel hybrid immune algorithm for global optimisation in 

design and manufacturing. Robotics and Computer-Integrated 

Manufacturing, 25(2), 261-270 

Yildiz, A. R. (2013a). Hybrid Taguchi-differential evolution algorithm for 

optimisation of multi-pass turning operations. Applied Soft Computing, 

13(3), 1433-1439. 

Yildiz, A. R. (2013b). A new hybrid artificial bee colony algorithm for robust 

optimal design and manufacturing. Applied Soft Computing, 13(5), 2906-

2912. 

Yildiz, A. R. (2012) Cuckoo search algorithm for the selection of optimal machining 

parameters in milling operations. The International Journal of Advanced 

Manufacturing Technology 64:55–61. 



 

  

163 

Yıldız, B. S., and Yıldız, A. R. (2017). Moth-flame optimisation algorithm to 

determine optimal machining parameters in manufacturing processes. 

Materials Testing, 59(5), pp.425-429. 

Yusup, N., Sarkheyli, A., Zain, A. M., Hashim, S. Z. M., and Ithnin, N. (2014). 

Estimation of optimal machining control parameters using artificial bee 

colony. Journal of Intelligent Manufacturing, 25(6), pp.1463-1472. 

Yusoff, Y., Zain, A. M., Sharif, S., Sallehuddin, R., and Ngadiman, M. S. (2018). 

Potential ANN prediction model for multiperformances WEDM on Inconel 

718. Neural Computing and Applications, 30(7), 2113-2127. 

Yuvaraj, T., Devabalaji, K. R., and Ravi, K. (2018). Optimal Allocation of DG in the 

Radial Distribution Network Using Bat Optimisation Algorithm. In Advances 

in Power Systems and Energy Management (pp. 563-569). Springer, 

Singapore. 

Zain, A. M., Haron, H., and Sharif, S. (2011). Estimation of the minimum 

machining performance in the abrasive waterjet machining using 

integrated ANN-SA. Expert Systems with Applications, 38(7), 8316-8326. 

Zain, A. M., Haron, H., and  Sharif, S. (2012a). Integrated ANN–GA for estimating 

the minimum value for machining performance. International Journal of 

Production Research, 50(1), pp.191-213. 

Zain, A. M., Haron, H., Qasem, S. N., and Sharif, S. (2012b). ―Regression and ANN 

models for estimating minimum value of machining performance,‖ Applied 

Mathematical Modelling, 36(4), pp.1477-1492. 

Zain, A. M., Haron, H., and Sharif, S. (2011). Optimisation of process parameters in 

the abrasive waterjet machining using integrated SA–GA. Applied soft 

computing, 11(8), pp.5350-5359. 

Zainal, N., Zain, A. M., Sharif, S., Nuzly Abdull Hamed, H., and  Mohamad Yusuf, 

S. (2017, September). An integrated study of surface roughness in EDM 

process using regression analysis and GSO algorithm. In Journal of Physics. 

Conference Series (Online) (Vol. 892, No. 1).  

Zhao, J. W., and Chen, G. Q. (2005). Roundness error assessment based on particle 

swarm optimisation. In Journal of Physics: Conference Series (Vol. 13, No. 1, 

p. 261). IOP Publishing.  

Zheng, H., and Zhou, Y. (2012). A novel cuckoo search optimisation algorithm 

based on Gauss distribution. Journal of Computational Information Systems, 

8(10), 4193-4200. 



 

  

164 

Zhu, H., Qi, X., Chen, F., He, X., Chen, L., and Zhang, Z. (2019). Quantum-inspired 

cuckoo co-search algorithm for no-wait flow shop scheduling. Applied 

Intelligence, 49(2), 791-803. 

Zhu, L., Dong, Z., and Pan, D. (2019, March). Design and Experiment of High-speed 

Deep Hole Drilling for Difficult-to-Cut Materials. In IOP Conference Series: 

Earth and Environmental Science (Vol. 242, No. 3, p. 032025). IOP 

Publishing. 

Zhu, Z., Dhokia, V. G., Nassehi, A., and Newman, S. T. (2013).A review of hybrid 

manufacturing processes–state of the art and future perspectives .International 

Journal of Computer Integrated Manufacturing, 26(7), 596-615. 

Zubrzycki, J., Świć, A., and Taranenko, V. (2013). Mathematical Model of the Hole 

Drilling Process and Typical Automated Process of Designing Hole Drilling 

Operations. In Applied Mechanics and Materials (Vol. 282, pp. 221-229). 

Trans Tech Publications Ltd. 

 

  




