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ABSTRACT: Chip forming is part of the mechanical method of cutting materials, an understanding of the chip 

formation theory is an important part of the development of production capability of the products. In this paper a 

turning cutting tests were conducted to Aluminum Alloy 6061 using uncoated carbide cutting tool to develop a 

chip thickness prediction models utilizing response surface methodology (RSM) via “Minitab 17” software, and 

Artificial Neural Network (ANN) predicted model via “Matlab” software. The input of the models consists of feed 

rate, cutting speed, and depth of cut while the output from the models is the thickness of the chips. The model is 

tested by comparing the experimental values with their forecasted counterparts. The result of the analysis shows 

that the contribution of the depth of cut is the largest (43.75%), come after the cutting speed (31.25%), and the 

interaction of the feed rate is less significant (25%). The analysis shows that the experimental design on the basis 

of response surface methodology (RSM) and an Artificial Neural Network (ANN) models to predict chip thickness 

as a function of speed, feed, and depth of cut can be used to reduce the cost of machining with confidence about 

87% and 90%, respectively. The distribution of data points for the neural network model is comparable to the real 

experimental data with a coefficient of correlation (R) of 0.95044; this suggested that the neural network model 

being developed is competent in estimating with reasonable precision. The resultant models indicate that chip 

thickness decreases when increasing feed rate, cutting speed, and depth of cut.  

KEYWORDS: Artificial Neural Network (ANN), Response Surface Methodology (RSM), Turning Operation, 

Cutting Parameters. 

INTRODUCTION 

Machining of metals includes pushing of the cutting tool over the surplus material of the workpiece, thus making 

the workpiece to required shape and size. Chips are formed during the machining of workpieces due to the shear 

between the workpiece and cutting edge. It is critical to consider the development of chips during the machining 

procedure as the influences the surface finish, tool life, temperature, and dimensional tolerance. Understanding the 

chip formation during the machining procedure for the particular materials will permit us to decide the feed rates, 

cutting speeds, and depth of cuts for effective machining and expanded tool life in the particular actual machining 

process. Nonetheless, various chips are created in a shorter time by machining methods which need to improve 

regulate of long continuous chips which is one of the most significant elements regarding the achievement of the 

workpiece. When the chips are uncontrollable, machine failure can result which straightforwardly influences 

production capability.  

The shape of the chip produced during the machining process is tightly linked to the production capability of the 

product. If an incorrect shape of the chip is created, the operator will lose money and time as a result of safety 

hazards, damage to the production tools and workpiece surface and not to mention the loss of production capability 

as a result of the common stoppage in the production machine. collapse to control chip formation is tightly linked 

to workpiece surface roughness, product precision, and tool wear, etc [1]. The cutting metal process by a single 

point cutting tool generates long and narrow chips leading to difficulties, for example, chip handling difficulties, 

product surface damage, jumbled together, and operator safety hazards. In this manner, chip thickness is considered 

essentially significant for assessing the production capability of any cutting process which leads to the need to 

formulate chip thickness estimation models as functions of cutting conditions. Chips are grouped either based on 

the chip formation mechanism or the preliminary shape of the chip. CIRP and INFOS have distinguished very 
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similar chip patterns. Chip forms outlined by INFOS are illustrated in Figure 1. 

 

Figure 1. Classification of chip form on the basis of INFOS [2].   

LITERATURE REVIEW 

A large number of works have been carried out about chip formation modeling which used analytical and numerical 

modeling methods. Sutter presented different models for the contact of the chip length which approved with the 

results of experimental measurements, concluded that the ratio of chip thickness approaches to one when the uncut 

chip thickness increases [3]. Sarthak studied the role of different parameters like speed, feed, and depth of cut on 

chip formation in turning stainless steel workpieces. It concluded that chip length, diameter, and chip reduction 

coefficient proportional inversely with a depth of cut, while the thickness of the chip proportional directly with 

depth of cut [1]. Xinyu et al. developed an analytical model to predict the minimum chip thickness values, which 

are critical for the process model development and process planning and optimization. The model accounts for the 

effects of thermal softening and strain hardening on the minimum chip thickness.  

The influence of cutting velocity and tool edge radius on the minimum chip thickness has been taken into account. 

The model has been experimentally validated with 1040 steel and A16082-T6 over a range of cutting velocities 

and tool edge radii. The developed model has then been applied to investigate the effects of cutting velocity and 

edge radius on the normalized minimum chip thickness for various carbon steels with different carbon contents 

and Al6082-T6 [4]. Vogler et al. evaluated the base chip thickness to edge range proportions of ferrite and pearlite 

to be 0.35 and 0.20, respectively, using the microstructure-level limited component model [5]. AL-Khafaji built 

neural network models to relate the parameters of cutting, in a particular depth of cut, cutting speed, and feed rate 

to the ratio of chip thickness. The turning was carried out on “high strength aluminum alloy 7075-T6”. These 

models are utilized to upgrade the parameters of cutting which generate the minimal ratio of chip thickness [6]. 

Katarina et al. studied the mechanisms of chip formation during turning processes, lead to the creation and spread 

of microcracks on the surface of machined parts causes the collapse of a component at the time of its operation. 

The experiment results were processed statistically, the dependencies have uncovered how the geometry of cutting 

conditions and cutting tools affect the shape of chip and temperature in the cutting area [7]. Rodriguez et al. used 

a “lagrangian finite element method” on the basis of a “continuous Delaunay re-triangulation” of the domain to 

investigate machining of Ti6Al4V and study the impact of the cutting speed on the chip formation process. It is 

displayed that, in spite of its “Lagrangian nature”, the suggested mixed finite element-particle method is well 

adapted for large deformation metal cutting problems with serrated and continuous chips formation [8]. 

Research Objective 
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The principal aim of this work is to study the impact of different machining parameters (feed rate (f), cutting speed 

(v), and depth of cut (d)) on chip thickness during dry turning of aluminum alloy 6061using Response Surface 

Methodology (RSM) via Minitab 17 software and standard feed-forward back-propagation hierarchical neural 

network (ANN) via Matlab software.  

METHODOLOGY 

According to the study target, this study will include two methodological techniques of data analysis for the 

investigation, namely experimental design and ANN model. 

Experimental Design and Testing  

The experiments of turning were carried out using uncoated carbide cutting tools in a medium CNC turning 

machine. The trials of machining were carried out with three cutting speeds (v) of 250, 400, and 650 rpm with a 

feed (f) of 0.74, 1.33, and 1.86 mm/rev and depth of cut (d) of 0.1, 0.3, and 0.4 mm under dry environment. The 

workpiece material used for the present work was Aluminum Alloy 6061of diameter 50 mm and length 300 mm.  

The chips are created in the continuous and discontinuous types, The length (Lc) and weight (Mc) of 5 chips 

collected were measured at the end of each test utilizing a measuring length vernier and a calibrated weight balance, 

respectively. The average chip thickness (tc) was obtained then as shown in Equation (1): [9]   

tc =
Mc cos ψ

Lc w ρ
                                                                                                                                                            (1) 

where (Mc) is the mass of chip specimen in grams, (Lc) is the chip sample length in mm, (ρ) is the work material 

density in g/cm3 (2.8 g/cm3 for aluminum), (w) is the chip width taken as the depth of cut utilized in mm, and (ψ) 

is the side cutting edge angle. Taguchi’s L27 orthogonal array with 27 sets of cutting parameters was used to 

conduct the experiments as shown in Table 1. Analysis of variance “ANOVA” approach was utilized with the aid 

of the Minitab-17 software to check the impact of the cutting parameters on chip thickness.  

Table 1. Measured chip thickness values  

Exp. No. 
Cutting speed 

 v (rpm) 

Feed rate 

 f (mm/rev) 

Depth of cut 

d (mm) 

Chip thickness 

tc (mm) 

 

1 650 1.86 0.4 0.00041 

2 650 1.86 0.3 0.0008 

3 650 1.86 0.1 0.00115 

4 650 1.33 0.4 0.00057 

5 650 1.33 0.3 0.0009 

6 650 1.33 0.1 0.00136 

7 650 0.74 0.4 0.00065 

8 650 0.74 0.3 0.001 

9 650 0.74 0.1 0.00186 

10 400 1.86 0.4 0.00073 

11 400 1.86 0.3 0.001 

12 400 1.86 0.1 0.00196 

13 400 1.33 0.4 0.001 

14 400 1.33 0.3 0.00134 

15 400 1.33 0.1 0.0021 

16 400 0.74 0.4 0.00123 

17 400 0.74 0.3 0.00251 

18 400 0.74 0.1 0.003 

19 250 1.86 0.4 0.0008 

20 250 1.86 0.3 0.00172 

21 250 1.86 0.1 0.002 

22 250 1.33 0.4 0.00136 

23 250 1.33 0.3 0.00182 

24 250 1.33 0.1 0.00223 

25 250 0.74 0.4 0.00165 

26 250 0.74 0.3 0.003 

27 250 0.74 0.1 0.0039 

Artificial Neural Network Model 
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An artificial neural network (ANN) is a technique used to replicate human learning and prediction ability. ANN 

consist of a number of layers, which are input, hidden, and output layers. Feedforward backpropagation is a widely 

used neural network type with “Lievenberg Modeling (LM)” as a training algorithm. Artificial neural network 

modeling has three stages operators frequently used, which are training, validation, and testing network. In the 

training stage, a number of data set are utilized to adjust the existing weight between neurons. Validation is 

commonly used to choose the number of hidden layers. finally testing stage is used to guarantee good network 

generalization. In this work, the ANN configuration is represented as 3-25-1 as shown in Figure 2 that is three 

input neurons in the input layer, twenty-five neurons in the hidden layer, and one output neuron in the output layer. 

The number of neurons in the hidden layer is founded by a method of trial and error after investigating many 

networks that differ in their structure, training algorithm, etc. The ratio for training, testing, and validation data 

were selected as 70%, 15%, and 15%. In this background, 19 data for training 4 data for testing and 4 data for 

validation were arbitrarily selected in each combination. After the training, the weights are fixed and the model is 

proven for validation.  

 

Figure 2. ANN configuration  

RESULTS AND DISCUSSIONS 

Response Surface Methodology Analysis  

The effect of cutting parameters on the values of chip thickness is demonstrated in Figure 3, it can be observed 

that chip thickness decreased with a rise in cutting speed, feed rate, and depth of cut. The experimental results 

were analyzed by “Response Surface Methodology (RSM)” using the "Minitab 17” software. The key strategy of 

RSM is to utilize a series of experiments designed to get a favorable result. Analyzing of variance shown in Table 

2 indicates that the sources having the values of probability below 0.05 are important. All the taken cutting 

conditions are significant in the chip thickness formation. Furthermore, F-test determines the percentage impact 

of each parameter. A higher F-value demonstrates a larger effect on the characteristics of machining performance. 

From table 2, it is clear that the contribution of the depth of cut is the largest (43.75%), and then the cutting speed 

(31.25%), and finally the impact of the feed rate is (25%). The evaluation of chip thickness from this model is 

obtained from Equation (2). The analysis shows the R2 values about 87% indicate that the achieved model is proper 

on the acceptable limit. 

Chip thickness (tc) = 0.004874 − 0.000003 v − 0.000823 f − 0.003977 d                                                     (2) 
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Figure 3.  Effects of cutting parameters on chip thickness  

Table 2. Analysis of variance (ANOVA) 

Source DF Adj SS Adj MS F-Value P-Value 

percent of 

contribution 

(%) 

Regression 3 0.000016 0.000005 45.76 0  

cutting speed 1 0.000005 0.000005 46.92 0 31.25 

feed rate 1 0.000004 0.000004 33.02 0 25 

depth of cut 1 0.000007 0.000007 57.35 0 43.75 

Error 23 0.000003 0    

Total 26 0.000019     

 

The histogram of residuals in Figure 4 indicates that has a normal distribution with a few points varying from the 

normal curve. The graph of the residuals plot versus normal probability indicates that most of the points are close 

to the line meaning the residual is normal. Usually, a residual plot will indicate one point that is much smaller or 

larger than the others. These residuals are commonly called outliners which are the result of the inaccurate 

recording of data. 

 

Figure 4.  Residual plot for means of chip thickness  
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Artificial Neural Network Result Analysis 

The estimation of chip thickness was carried out by using ANN with a feedforward backpropagation model. The 

network was composed of 25 neurons in the hidden layer. The rule of MSE and R2 was chosen to determine 

networks with the best possible solution. A regression analysis between the network output and the related outputs 

was achieved to study the network response in better information. The results indicated that the proposed model 

was adequate to estimate chip thickness at various cutting parameters. The ANN predicted chip thickness versus 

experimental values is shown in Figure 5. The ANN estimations for the chip thickness yield a correlation 

coefficient (R) of 0.95044. This pointed out a large correlation between the estimated model and experiment data. 

 

Figure 5.  ANN prediction for the chip thickness versus experimental values  

The experimental, RSM, and Artificial Neural Network value for chip thickness for different test cutting conditions 

are shown in Figure 6. understandably, the suggested model can estimate values that are close to experimental data 

for each of the output parameters. The coefficient of determination (R2) achieved matching to chip thickness is 

90.33%. The result shows that the model can be effectively utilized to predict chip thickness responding to the 

cutting parameters for the proposed model. The performance factors are calculated with an accuracy of 1.5*10 -8.  

 

 

Figure 6. Histogram between experimental, RSM and ANN values for chip thickness 
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CONCLUSIONS  

An experimental investigation was performed on aluminum alloy 6061 specimen with a dry turning process. It is 

found that the equation of prediction chip thickness indicates that the contribution of the depth of cut is the largest 

(43.75%), and then the cutting speed (31.25%), and finally the impact of the feed rate is (25%). Chip thickness 

decreased with a rise in cutting speed, feed rate, and depth of cut. The Experimental design on the basis of 

“response surface methodology (RSM)” and an “Artificial Neural Network (ANN)” models to estimate chip 

thickness as a function of cutting speed, feed rate, and depth of cut have been achieved at about 87% and 90% 

confidence, respectively. Distribution of data points for the neural network model is approximately identical and 

comparable to the real experimental data with a coefficient of correlation (R) of 0.95044; this suggested that the 

neural network model being developed is competent in estimating with reasonable precision. 
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