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Abstract 

 In current manufacturing industry scenario, industries are expecting maximum 

periodicity with minimum rejection rate. In various manufacturing technique plays important 

role to transform raw material to finished product. Due to complex uncertainty process of 

manufacturing, development and implementation of soft computing techniques are required 

to improve the performance of the efficiency. In this work machining data’s are analysed by 

Grouped bee optimization algorithm (GBOA), artificial-bee-colony-algorithm (ABCA), 

teaching-learning-based-optimization-algorithm (TLBOA) and compared with the response 

surface methodology (RSM). The experimental results has developed a statistical prediction 

model which can be used to establish the optimum combination of cutting parameters to get 

the preferred surface roughness, cutting temperature and cutting force. 

 

Keywords: RSM, GBOA, TLBOA, ABCA, Milling, Surface roughness, Cutting Temperature 

rise, Cutting force. 

 

1. Introduction 

In current industry application of artificial intelligence and machine learning are implemented 

to reduce the rejection rate. The base of the artificial intelligence and machine learning are 

bio inspired algorithm like particle swarm, artificial neural network, Grey relational analysis, 

bee colony algorithm, ant colony algorithm and many more. In this paper machining input 

parameters and output measured values are simulated and compared. For experimental 

consideration magnesium composite is prepared with silicon nitride reinforcement. The 

reinforcement is mixed with magnesium alloy in step of 2% weight proportion. The minimum 

and maximum level of reinforcement is 2% and 10%. To increase the production and 

manufacturability, it is necessary to study and analyse the manufacturing characteristics of 

developed composites. Better machinability and forming can be achieved by the study and 

optimization of machining and forming. In recent aerospace industry applications, 

magnesium alloy and its composites are extensively used. The parts used in the aerospace 

industries require high surface finish and dimensional accuracies. The existing literatures and 

works indicate that the machining and cutting behaviours of magnesium alloy lack in dry 

milling operations. This led to an innovative idea of the proposed work which examines and 

analysis the milling machining and their multipoint tool characteristics. To avoid poor surface 
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finish by the build-up edge of tool during the process of machining, composite is machined 

with appropriate feed rate. Many research works prove that the lower feed rate is one of the 

factors to get the best product. 

Therefore the proposed work focuses on machining characteristics of magnesium 

composite under dry milling process using uncoated carbide tool. The machining characters 

are simulated and compared with high-level algorithms. The objective is to find the optimal 

solution. The results of this work will prominence the effect of variation of cutting 

parameters. 

2. Literature Review and Problem Identification 

To gain good profit in competitive business world quality products are to be 

manufactured at production rate is the primary requirement. The tool wear is main factor to 

decide the quality of the products. The various factors influences tool wear rate are cutting 

temperature, and cutting force. The wearied tool may result poor quality products. The 

inferior surface quality affects the shape and size, also induces the minor crack that leads to 

lesser life and failure of the products. The cost of production may increases because of tool 

wear with respect to tool changing time. The increased production time is also influences the 

loss to the business. In this work an attempt is made to get optimized quality with minimum 

investment by implementing the RSM and the outcomes are compared with high-level 

optimization algorithms. 

  Wang et al. [1] had proposed a hybrid scheme to combine the optimization algorithms with 

different features, including Genetic Algorithm (GA) Simulated Annealing Algorithm (SAA) 

and, Particle Swarm Optimization (PSO) to achieve high accuracy in global searching, and to 

converge to a stable result efficiently. The proposed scheme is very useful in combining the 

algorithms. Youssefi et al. [2]  has done optimization work based on Artificial Neural 

Network (ANN) and Response Surface Methodology (RSM) and compared the prediction of 

quality parameters. Rajendra et al. and Shen et al. [3,4] has given an idea of combining the 

algorithms. In this work an Artificial Neural Network (ANN) is coupled with Genetic 

Algorithm (GA). Zafar et al. [5]  has studied the optimization efficiency of using Genetic 

Algorithm (GA) based on Artificial Neural Network (ANN ) and Response Surface 

Methodology (RSM). Rao et al. and Kumar [6-8]  has given an idea of optimization based on 

Teaching and Learning Based Optimization (TLBO). The authors had concluded that the 

efficiency and convergence rate is high. Lin [9]   has used a Fruit Fly Optimization Algorithm 

combine with General Regression Neural Network for better output values of service 

satisfaction. Yang et al. [10]  combined Genetic Algorithm (GA) and Particle swarm 

Algorithm (PSA) for constrained and unconstrained optimization problems. Moradi and 

Abedini [11,12]  combined Genetic Algorithm (GA) and Particle swarm Algorithm (PSA) 

with fuzzy optimal theory. Arora [13]  has given an idea about fundamentals of MATLAB 

programming in chapter 7 of his book “Optimum Design with MATLAB”. He has also 

discussed about global optimization concepts and methods in chapter 16, nature inspired 

search method in chapter 17 and multi objective optimum design concepts and methods in 

chapter 18 of the same book. Abderazek et al. [14] compared seven high level 

optimization algorithms and gave an idea of how to compare and produce the results. Vaez et 

al. [15]   studied six metaheuristic algorithms, compared and assessed the reliability of the 

truss and optimization algorithms. Pham et al.[16]  proposed a new algorithm named Bee 

Algorithm for complex optimization problems based on swarm intelligence. Based on this 

Pham et al  [17]  proposed a hybrid modified Bee Algorithm which increases the efficiency of 

earlier bee algorithm. Nasrinpour et al. [18]  eliminated the drawback of bee algorithm and 
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proposed a new grouped Bee Algorithm with higher accuracy. Mahmoodabadi et al. [19]  

combined particle swarm optimization (PSO) algorithm and Genetic algorithm (GA) for 

pareto optimal design. Prakash and Gopalakannan [20] had done a work to optimize the EDM 

for aluminium based nano composite by combining Teaching and Learning Based 

Optimization (TLBO) algorithm with Response Surface Methodology (RSM).  Karaboga and 

Basturk [21]  had first proposed a new algorithm in 2005 for unconstrained optimization.  

Pawar and Khalkar [22]  used an Artificial Bee Colony (ABC) Algorithm for multi objective 

function in EDM keeping surface roughness as a constraint. 

   From the literature survey, it is concluded that the work pertaining to the machining 

of magnesium metal matrix composite (MMMC) is a vital area of research. Till now, no 

study was carried out in AZ31+ Si3N4 composite machining. Hence, the main aim of the 

present work is to optimize surface roughness, cutting force and cutting interface temperature 

during milling  AZ31+ Si3N4 metal matrix composite using RSM and combined algorithms. 

3. Experimental methods and Materials 

With a 2% incremental variation of Si3N4 using Vacuum stir squeeze casting process, 

Magnesium AZ31 with Silicon nitride composite is prepared with a maximum weight of 10% 

The mechanical properties were studied, and from the studies made, the highest proportion of 

reinforcement composite produced the highest mechanical properties. This 10% Silicon 

Nitride Composite with higher mechanical properties is selected for milling process. The idea 

behind the selection of the material with highest mechanical properties is that, the 

optimization of cutting parameters is also well suited for the lower proportion material.  The 

four workpieces of size 120 mm × 75 mm × 25 mm for milling is fabricated as shown in 

figure 1. 

  

Figure 1 Casted and milled Work piece 

The experiments were conducted in 5 axes vertical milling machine. Milling of the workpiece 

with length 75 mm, breadth 4mm and depth 4mm is machined with 4mm carbide milling 

cutter. The output obtained for cutting force, surface finish, and temperature rise by 

machining process is take with depth of cut of 1mm for three steps and 0.5 mm for two steps. 

Milling and integral measurement system arrangement is shown in Figure 2, with carbide 

tools of 4mm diameter used for machining as shown in Figure 2a. Cutting force measurement 

is  done with “KISTLER” sensor based dynamometer as shown in Figure 2b. Change in 

machining temperature is measured with the thermal camera is shown in Figure 2c.Surface 

roughness is measured with “SURFCOM” surface roughness tester as shown in Figure 3 
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Figure 2a Carbide Milling Tool, 2b Tool Dynamometer, 2c Thermal Camera  

 

Figure 3 SURFCOM Tester 

The schematic diagram of the machining setup is shown in Figure 4. 

 

Figure 4 Schematic Diagram of Machining Setup 

The experiment is designed by Randomized RSM of central composite design type with 

Quadratic design model using Design expert software. For milling, the cutting parameter 

speed: 1000, 1500, 2000, 2500 and 3000 rpm, feed rate: 100,125,150,175 and 200 mm / min 

and cut depth: 0.4, 0.5, 0.6, 0.7 and 0.8 mm are selected. The Experiments were designed for 

20 iterations as given in Table 1. 
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Table 1 Design of Cutting Parameters by RSM 

 

For the above combination of cutting parameters, milling operation was completed and the 

outputs were recorded and are shown in Table 2 

Table 2 Experimental Output Values of Various Experimental Combinations. 
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4. Results and Discussion 

The capability of the developed model has a confidence level of 95% when measured 

using the ANOVA technique. The software output results of the quadratic model of Response 

Surface fitting is given in following Tables. 

4.1 Effect of Machining Parameter on output in RSM 

The regression model test on surface roughness, cutting temperature and cutting force 

are analysed and effects of machining parameters are tabulated shown in table 3. The output 

has significance in the individual model coefficient, and the lack-of-fit analysis test has 

performed. 

Table 3 Regression values of RSM

 

 From above analysis the surface roughness F-value of Model is 667.75 which 

is significant. P-values less than 0.0500 indicate that the model terms are considerable. The 

F-value of 0.35 for The Fit Deficiency means that the lack of Fit is not important in 

comparison to the pure error. There is  86.01% chance of having a Lack of Fit F-value. This 

large value could occur due to noise. Non-significant lack of fit value is good and desirable. 

The regression values have the difference between predicted and adjusted R2 is less 

than 0.2; hence predicted is a reasonable agreement with adjusted R2. “Adeq precision” is a 

measure of signal to noise ratio and it should be greater than 1, the value greater than 4 is 

desirable. In this model, it has 93.280 which indicate that the model can used for further 

analysis. 

The cutting temperature has the F-value of Model is 249.5. P-values of less than 

0.0500 suggest relevant terms for the model. The F-value deficiency of 2.51 means that the fit 

deficiency is not important in comparison to the pure error. Here there is a 16.76 % chance of 

Lack of Fit F-value, which occurs due to noise. As mentioned earlier, non-significant lack of 

fit is good and desirable. In this model, the regression values has  the ‘Adeq Precision’ has 

the value of 53.2261 which indicates that this model can be used for further analysis.  

The cutting force has the F-value of Model is 5123.27 which is prominent. The 0.81 

F-value lack of fit means that the fit loss is not important in comparison to the pure error. 

There is 58.88 % chance that a Lack of Fit F-value is large and this could occur due to noise. 

As discussed, non-significant lack of fit value is right and is desirable. The regression values, 

has the ‘Adeq Precision’ has the value 248.9618 which indicates that this model can used for 

further analysis.  
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The predictions by RSM with actual experimental values are given in table 4 shows 

the minimum error and this model can suit for further analysis. 

Table 4 predicted and Actual output of confirmation Experiments in RSM 

 

The values of the confirmation experiments and comparison with predicted values. 

The maximum error is nearly 9 % which can be acceptable. 

4.2 Comparison of Efficiency and Randomization of optimization algorithms 

 The objective of the proposed work is to minimize the surface roughness, 

Cutting temperature, and cutting force for optimum input values. The coding is written in 

MATLAB. The outputs are compared with RSM, and error % is calculated.  From the 

analysis, the convergence value of the combined algorithms with minimum error is shown in 

table 5. The maximum error of the algorithm is around 7%, This proves that any type of 

optimization analysis can be done with these algorithms.     

Figure 5, 6 and 7 shows the comparison of the combination of the output values of all 

three algorithms. The Convergence starts at 9th iteration itself. The parameters such as 

surface roughness, cutting force and cutting temperature are compared which produces the 

nearest values with RSM thereby the reliability is improved. 

Table 5 Comparison of RSM Values with Optimization Algorithm Outputs 
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Table 6 gives the comparison of correlation coefficients of various algorithms. This 

gives the understanding of closeness of the optimization with the RSM. 

Table 6 Comparison correlation coefficients of algorithms 

 

6.Conclusion 

From the experimental results, the following inferences were concluded from the 

milling of magnesium ceramic composite. 

1. The measured and predicted values are reasonably close, which specifies that 

the established mathematical expression is practical and used to predict the 

output response in the milling of hybrid MMMCs. 

2. The predicted output with RMS has a minimum error of 9% with experimental 

output. 

3. The correlation coefficients of Artificial Bee Colony optimization algorithm, 

Teaching Learning Based optimization algorithm, and Grouped Bee 

optimization Algorithm are compared. 

4. Convergence of optimization values occur at 9th iteration onwards. The 

objective to minimize the surface roughness, Cutting temperature, and cutting 

force is achieved in minimum iteration. 
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From the above conclusion, this work presents the experimental results to develop a 

statistical prediction model which can be used to establish the optimum combination of 

cutting parameters to get the preferred surface roughness, cutting temperature and cutting 

force. 
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