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ABSTRACT 

  In machining operations, the extents of significant influence of the process parameters like 

speed, feed, and depth of cut are different for different responses. Today CNC technology has major 

contribution in industries. CNC machines are main platform in the contribution of good quality 

products in industries. To select the optimum parameters it is necessary to determine them at first for 

the given machining situation. There are several techniques available to determine the optimum 

values of these parameters, in this paper machining parameters cutting speed, feed, depth of cut, are 

considered for optimization. The neural networks were developed for predicting the optimized 

results theoretically. To validate the results experimentally trials are then carried out a CNC turning 

using carbide tool by continuous running condition under wet run on the Aluminium work piece. The 

predicted results match well with experimental values. Thus proves the neural network is used for 

optimization of machining parameters. 

Keywords: ANN, CNC Turning, Machining parameters, Material removal rate. 

 

1. INTRODUCTION  
The CNC system has a computer in it, which controls the functions. In the conventional 

system the control is hard wired and therefore any modifications or addition in facility call for many 

changes in the controller which may or may not be possible due to limitations of basic configuration. 

As compared to this in a CNC system a bare minimum of electronic hardware is used while software 

is used for the basic function. That is why it is sometimes termed as software control. This assists in 

adding extra facilities conveniently without much problem and cost. Since these computers are 

dedicated type, they need comparatively much less storage and with the present cost and high 

reliability. 

 

 1.1. CNC Turning  
A CNC Lathe produces parts by "turning" rod material and feeding a single-point cutter into 

the turning material. Cutting operations are performed with a cutting tool fed either parallel or at 

right angles to the axis of the work piece. The tool may also be fed at an angle relative to the axis of 

the work piece for the machining tapers and angles. The work piece may originally be of any cross-

section, but the machined surface is normally straight or tapered. Have many possible shape can 

produce in CNC turning such as variety of plain, taper, contour, fillet and radius profiles plus 

threaded surfaces. CNC turning also can be used to create shafts, rods, hubs, bushes and pulleys. The 

pictorial representation of machining process is shown in Fig.1.1.  
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Fig.1.1 Basic principle of Machining Process 

 

    Fig.1.2 Geometrical features of specimen 

1.2. Cutting Parameters  
The three primary factors in any basic turning operation are cutting speed, feed, and depth of 

cut. Other factors such as kind of material and type of tool have a large influence, of course but these 

three are the ones the operator can change by adjusting the controls, right at the machine 1) Cutting 

Speed: Cutting Speed always refers to the spindle and the work piece. When it is stated in 

revolutions per minute (rpm) it tells their rotating speed. But the important feature for a particular 

turning operation is the surface speed or the speed at which the work piece material is moving past 

the cutting tool. It is simply the product of the rotating speed times the circumference of the work 

piece before the cut is started. It is expressed in meter per minute (m/min), and it refers only to the 

work piece. Every different diameter on a work piece will have a different cutting speed, even 

though the rotating speed remains the same v= πDN/1000 Here, v is the cutting speed in turning in 

m/min,D is the initial diameter of the work piece in mm, and N is the spindle speed in RPM.2)Feed 

:Feed always refers to the cutting tool, and it is the rate at which the tool advances along its cutting 

path. On most power-fed lathes, the feed rate is directly related to the spindle speed and is expressed 

in mm (of tool advance) per revolution (of the spindle) or mm/rev. The relation is F = f N mm/ min. 

where F is the feed in mm per minute, f is the feed rate in mm/rev and N is the spindle speed in 

RPM. 3) Depth of Cut:Depth of cut is practically self explanatory. It is the thickness of the layer 

being removed (in a single pass) from the work piece or the distance from the uncut surface of the 

work to the cut surface, expressed in mm. It is important to note that the diameter of the work piece 

is reduced by two times the depth of cut because this layer is being removed from both sides of the 

work. Depth of cut = D-d/2 mm,Where D and d represent initial and final diameter (in mm) of the 

job respectively. The geometrical feature representation of specimen is shown Fig 1.2 

1.3 Response Parameters  

1.3.1 Material Removal Rate (MRR)  
The material removal rate (MRR) in turning operations is the volume of material/metal that is 

removed per unit time in mm
3
/min. For each revolution of the work piece, a ring shaped layer of 

material is removed. The material removal rate has been calculated from the difference of weight of 

work before and after machining by using following formula. MRR = Wi-Wf/ρat mm
3/

/sec Where, Wi 

= Initial weight of work piece in gm, Wf = Final weight of work piece in gm, t = Machining time in 

seconds, ρs= Density of Aluminium (2.7 g/mm
3
). 

 

2. LITERATURE REVIEW 

[1] M. Nalbanta et.al.were explains the experimental investigation of the effects of uncoated, 

PVD and CVD coated cemented carbide insert sand cutting parameters on surface roughness in CNC 

turning and its prediction using artificial neural networks. The machining of AISI1030 steel 
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uncoated, PVD and CVD-coated cemented carbide insert with different feed rates and with the 

cutting speeds keeping depth of cuts constant without using cooling liquids has been accomplished. 

The surface roughness effects of coating method coating material, cutting speed and feed rate on the 

work piece have been investigated. Among the cutting tools optimized cutting speed and  feed rate 

the TiN coated with PVD method has provided. While the uncoated cutting tool with the optimized 

cutting speed and  feed rate has yielded the surface roughness value of 2.45 mm. After wards, these 

experimental studies were executing artificial neural net works (ANN). The training and test data of 

the ANNs have been prepared using experimental patterns for the surface roughness. In the input 

layer of the ANNs, the coating tools, feed rate (f) and cutting speed (V) values are used while at the 

output layer the surface roughness values are used. They are used to train and test multilayered, 

hierarchically connected and directed networks with varying numbers of the hidden layers using 

back-propagation scaled conjugate gradient (SCG) and Leven berg–Marquardt(LM) algorithms with 

the logistic sigmoid transfer function. The experimental values and ANN predictions are compared 

by statistical error analyzing methods.[2] Karpat & Ozel et.al.were introduce a procedure to 

formulate and solve optimization problems for multiple and conflicting objectives that may exist in 

turning processes. Advanced turning processes, such as hard turning, demand the use of advanced 

tools with specially prepared cutting edges. It is also evident from a large number of experimental 

works that the tool geometry and selected machining parameters have complex relations with the tool 

life and the roughness and integrity of the finished surfaces. The non-linear relations between the 

machining parameters including tool geometry and the performance measure of interest can be 

obtained by neural networks using experimental data. The neural network models can be used in 

defining objective functions. In this study, dynamic neighbourhood particle swarm optimization DN-

PSO methodology is used to handle multi-objective optimization problems existing in turning 

process. The objective is to obtain a group of optimal process parameters for each of three different 

case studies presented in this work. The case studies considered in this study are: minimizing surface 

roughness values and maximizing the productivity, maximizing tool life and material removal rate, 

and minimizing machining induced stresses on the surface and minimizing surface roughness. The 

optimum cutting conditions for each case study can be selected from calculated Pareto-optimal fronts 

by the user according to production planning requirements. The results indicate that the proposed 

methodology which makes use of dynamic-neighbourhood particle swarm approach for solving the 

multi objective optimization problems with conflicting objectives is both effective and efficient, and 

can be utilized in solving complex turning optimization problems and adds intelligence in production 

planning process. [3] Dr. C. J. Raowere et.al.were carried out “Influence of cutting parameters on 

cutting force and surface finish in turning operation”. they describes the significance of influence of 

speed, feed and depth of cut on cutting force and surface roughness while working with tool made of 

ceramic with an Al2O3+TiC matrix (KY1615)and the work material of AISI 1050 steel (hardness of 

484 HV). Experiments were conducted using Johnford TC35 Industrial type of CNC lathe. Taguchi 

method (L27 design with 3 levels and 3 factors) was used for the experiments. Analysis of variance 

with adjusted approach has been adopted. The results have indicated that it is feed rate which has 

significant influence both on cutting force as well as surface roughness. Depth of cut has a 

significant influence on cutting force, but has an insignificant influence on surface roughness. The 

interaction of feed and depth of cut and the interaction of all the three cutting parameters have 

significant influence on cutting force, whereas none of the interaction effects are having significant 

influence on the surface roughness produced. If power consumption minimization is to be achieved 
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for the best possible surface finish, the most recommended combination of feed rate and depth of cut 

is also determined.[5], H. Yanda et.al.were carried out “Optimization of material removal rate, 

surface roughness and tool life on conventional dry turning.They investigate the effect of the cutting 

speed, feed rate and depth of cut on material removal rate (MRR), surface roughness, and tool life in 

conventional turning of ductile cast iron FCD700 grade using TiN coated cutting tool in dry 

condition. The machining condition parameters were the cutting speed of 220, 300 and 360 m/min, 

feed rate of 0.2, 0.3 and 0.5 mm/rev, while the depth of cut (DOC) was kept constant at 2 mm. The 

effect of cutting condition  on MRR, surface roughness, and tool life were studied and analyzed.[6] 

Anderson P. Paivawere et.al.were carried out “A multivariate hybrid approach applied to AISI 52100 

hardened steel turning optimization”. This paper presents an alternative hybrid approach, combining 

response surface methodology (RSM) and principal component analysis (PCA) to optimize multiple 

correlated responses in a turning process. Since a great number of manufacturing processes present 

sets of correlated responses, this approach could be extended to many applications. As a case study, 

the turning process of the AISI 52100 hardened steel is examined considering three input factors: 

cutting speed (V), feed rate (f) and depth of cut (d). The outputs considered were: the mixed ceramic 

tool life (T), processing cost per piece (Kp), cutting time (Ct), the total turning cycle time (Tt), 

surface roughness (Ra) and the material removing rate (MRR). The aggregation of these targets into 

a single objective function is conducted using the score of the first principal component (PC1) of the 

responses correlation matrix and the experimental region (Ω) is used as the main constraint of the 

problem. Considering that the first principal component cannot be enough to represent the original 

data set, a complementary constraint defined in terms of the second principal component score (PC2) 

is added. The original responses have the same weights and the multivariate optimization lead to the 

maximization of MRR,while minimize the other outputs. The kind of optimization assumed by the 

multivariate objective function can be established examining the eigenvectors of the correlation 

matrix formed with the original outputs. The results indicate that the multi-response optimization is 

achieved at a cutting speed of 238 m/min, with a feed rate of 0.08 mm/rev and at a depth of cut of 

0.32 mm. It was observed that to maximize the material removal rate while minimizing the cutting 

times, costs and surface quality simultaneously. 

 

3. METHODOLOGY  

A. For Experimental Work: The material and tool inserts are selected based on the problem 

identification study. ii) Identifying different ranges of input parameters and their levels. B. For 

Theoretical Work: Calculation of responses of material removal rate(MRR) using neural networks. 

C. For Analysis Work: (i) Checking the adequacy of the models developed  ii) Finding out the 

percentage error between them. To investigate the process parameters for MRR on aluminium the 

following experimental procedure is carried out .STEP 1: The raw material (metal rods) is fed into 

the CNC Turning lathe Machine. STEP 2: The Metal rods are clamped in the machine STEP 3: The 

program is written in the computer console according to the required cutting parameters i.e. Cutting 

Speed, Depth of Cut and Feed Rate. STEP 4: The process of turning has been done in the following 

three cases. i. Varying speed while keeping the Depth of Cut and Feed Rate constant .ii.Varying Feed 

Rate and keeping the Spindle Speed and Depth of Cut constant. Iii. Varying Depth of Cut while 

keeping the Spindle Speed and Feed Rate constant.The machine used for experimental work is hown 

in Fig 3.2. The CNC programme is typed on the screen provided on front of the machine asin Fig 

3.1. 
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Fig.3.1 Screen for CNC Programming Fig .3.2 CNC Lathe used for Experimentation 

 3.1 Design of Experiments (DOE) 
The experiments were conducted on a high precision CNC Turning centre. Aluminium is 

taken as the work piece material for investigation. The specimen is prepared with the dimensions 

of 71mm length and 32mm diameter for turning and carbide insert is used for experimentation. 

The control factors considered for experiments are spindle speed, feed and depth of cut while 

Metal removal rate and surface roughness are considered as the output responses. The ranges of 

the process control variables are given in Table 3.1. 

Table.3.1Control Factor s & Levels 

S.No. Control Factors Symbol -1 Level 0 Level +1 Level Units 

1 speed N 1500 1600 1700 rpm 

2 Feed F 0.08 0.1 0.12 mm/min 

3 Depth of Cut  DOC 0.6 0.8 1 mm 

After conducting the experiments as per the design of experiments, the output responses were 

measured and recorded.MRR is calculated as the ratio of volume of material removed from work 

piece to the machining time. In order to determine the volume of material removed after 

machining, the weights of work piece before machining and after machining are measured. 

Machining time taken for each cut is automatically displayed by the machine. The output 

responses recorded for each set of process control variables are listed in Table .3.2.  

Table.3.2 DOE and  Material Removal Rate 
Work 

specimen 

No. 

Speed 

(rpm) 

Feed 

(mm/rev) 

DOC 

(mm) 

Weight before 

turning (grams) 

Weight after 

turning (grams) 

Cycle Time 

(sec) 

MRR 

(mm3/sec ) 

1 1500 0.8 0.6 154.00 146.00 223 0.0132 

2 1500 0.1 0.8 150.70 142.00 139 0.0213 

3 1500 0.12 1 154.00 140.00 108 0.0480 

4 1600 0.8 0.8 152.00 142.00 130 0.0284 

5 1600 0.1 1 154.05 138.00 101 0.0586 

6 1600 0.12 0.6 152.98 148.00 84 0.0176 

7 1700 0.8 1 154.00 140.00 169 0.0306 

8 1700 0.1 0.6 148.00 142.00 95 0.0233 

9 1700 0.12 0.8 154.00 142.00 89 0.0499 

10 1600 0.1 0.8 154.00 138.00 199 0.0297 

11 1700 0.1 0.8 152.00 136.00 199 0.0297 

12 1600 0.12 0.8 152.00 135.00 176 0.0441 

13 1600 0.1 0.6 156.00 142.00 213 0.0208 

14 1500 0.08 0.8 154.00 137.00 280 0.0224 

15 1500 0.1 0.6 154.00 141.00 224 0.0214 

16 1700 0.1 1.0 154.00 139.00 196 0.0283 

17 1600 0.08 0.6 154.00 143.00 263 0.0154 

18 1600 0.12 1.0 156.00 135.00 176 0.0441 
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3.2. Optimization using neural networks 

A neuron is the basic element of neural networks, and its shape and size may vary depending 

on its duties. Analyzing a neuron in terms of its activities is important, since understanding the way it 

works also help us to construct the ANNs. Each processing element consists of data collection, 

processing the data and sending them   to the relevant consequent element. Each processing element 

consists of data collection, processing the data and sending the results to the relevant consequent 

element. The whole process may be viewed in terms of the inputs, weights, the summation function 

and the activation function. 

3.3 Dynamic Multilayer Feed Forward Neural Network  
Designing and implementing intelligent system has become a crucial factor for the innovation 

and development of better performance in machining. A neural network is a parallel system, capable 

of resolving problem with sigmoid functioning and its variations are shown in Fig.3.The working 

model of Artificial Neural Network is as shown in Fig.3.3. The system implements ANN, where the 

data flows from input to output units is strictly feed forward created dynamically at runtime. The 

data processing can extend over multiple (layers of) units, but no feedback connections are present 

i.e., connections extending from outputs of units to inputs of units in the same layer or previous 

layers with weights adjustment.  

  

Fig.3.3 Mathematical model of Artificial Neural 

Network 

Fig.3.4 Three sigmoids  

(for c = 1, c = 2 and c = 3) Network. 

3.4. Back Propagation Neural Network  

The back propagation algorithm looks for the minimum of the error function in weight space 

using the method of gradient descent. The combination of weights which minimizes the error 

function is considered to be a solution of the learning problem. This method requires computation of 

the gradient of the error function at each iteration step that guarantees the continuity and 

differentiability of the error function. One of the more popular activation functions for back 

propagation networks is the sigmoid; a real function is defined by the expression. 

Sc(x) = 1/1+ e
-cx   

 

The constant c can be selected arbitrarily and the shape of the sigmoid changes according to the 

value of c, as can be seen in Fig.3.4. The graph shows the shape of the sigmoid for c = 1, c = 2 and c 

= 3.Higher values of c bring the shape of the sigmoid closer to that of the step function .The sigmoid 

converges to a step function at the origin. In order to simplify all expressions derived in this chapter 

we set c = 1, but after going through this material the reader should be able to generalize all the 

expressions for a variable c.   

3.5 Representation of Data and the network model 

The training and test data have been prepared using experimental patterns. In this work, the 

18 patterns have been selected and used as the test data. Cutting speed, Depth of cut, feed rate, have 
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been used as input layer, while the MRR was used as output layer of the ANNs. In the ANN model 

logistic transfer function has been used and expressed as 

NETi = ∑
n

j=1
 
wijxj+ wbi 

 

                    f(NETi) = 1/1+e-
NET.i 

Where, NETi weighted sum of the input and output values are normalized between 0 and 1. 

Wij weights of the connections between ith and jth processing elements wbi weights of the biases 

between layers. Generally, there are three different learning strategies. First, the trainer may solve the 

network what it should learn (Supervised Learning), second the trainer may indicate whether or not 

the output is correct without telling what the network should learn (Reinforcement Learning) and 

finally, the network learns without any intervention of the trainer (Unsupervised Learning). The 

learning set consists of the inputs and the outputs used in training the network. The required outputs 

take place in this set in the case of supervised learning, while in other cases, they are not found in it. 

In our work we have used supervised learning approach. Since the number of neurons found in the 

input and output layers are known, the best performance of the network with the number of hidden 

layers is determined. The neural network is easy NN+ version software used.The number of hidden 

layers, the number of iterations is entered, and the training starts. The training continues either to the 

end of the iterations or reaching the target level of errors. 

3.6 Results and Discussion by ANN 
A feed-forward single layered back propagation neural Network is constructed. The network 

is constructed with three layers including with input, output and hidden layers.The input neurons are 

cutting speed, feed, depth of cut, output neurons are MRR. Neurons in the hidden layers were 

determined by examining different neural networks. Easy NN plus software was used for training of 

this network and the ANN was trained with back propagation algorithm. Weights of network 

connections are randomly selected by the software. The neural network was trained with 18 

examples and validated .Predicted values of MRR are given In Table 3.3. Percentage of error 

between experimental values and predicted values for the MRR, of work piece is calculated and the 

error calculated results are shown in Fig.3.6. From these results, it can be deemed that the proposed 

network model is capable of predicting the MRR of the work piece. 

  
Fig. 3.5 Neural network 

architecture 

 

Fig.3.6 Error Comparision between 

Experimental & ANN 
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Table 3.3 Comparison of Results 

Trail 

No 

Experimental 

Value 
Predicted 

Value 

% Error of 

measurement 

Trail 

No 

Experime

ntal 

Value 
Predicted 

Value 

% Error of 

measurement 

1 0.0132 0.01319 0.0757 10 0.0297 0.02969 0.0336 

2 0.0213 0.02129 0.0469 11 0.0297 0.02967 0.1010 

3 0.0480 0.04799 0.0208 12 0.0441 0.04409 0.0226 

4 0.0284 0.02839 0.0352 13 0.0208 0.02077 0.1442 

5 0.0586 0.05859 0.0170 14 0.0224 0.02239 0.0446 

6 0.0176 0.01759 0.0568 15 0.0214 0.02139 0.0467 

7 0.0306 0.03057 0.0980 16 0.0283 0.02829 0.0353 

8 0.0233 0.02329 0.0429 17 0.0154 0.01539 0.0649 

9 0.0499 0.04989 0.0200 18 0.0441 0.04409 0.0226 

A neural network (3-1-1) was used to learn the collected experimental data. The Neural 

network architecture obtained using easy NN software is shown in Fig 3.5. The trained ANN was 

used to predict the MRR It was found that there is agreement between experimental data and 

predicted values for MRR.Then it is possible to change the cutting tool at correct time in order to get 

good quality of products. The neural network can help in selection of proper cutting parameters to 

increase MRR and reduce machining time. 
  

4. CONCLUSIONS  
In this work, back-propagated single hidden layer neural network is a successfull modelling 

tool for a CNC machining process. This work investigated the influence of the operating parameters 

like feed rate, depth of cut, clamping length and spindle speed. It was evident that each of these 

parameters studied contributed to the error in the dimensions of the machined component. Depth of 

cut and the feed rate had more effect on the accuracy than the other parameters. Based on this ANN 

prediction, the NC program could be corrected before commencing the actual machining operation, 

thus improving the accuracy of the component at less cost and time. 
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