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ABSTRAK: Jangkaan daya pemotongan logam - logam dengan kaedah simulasi sebelum 

kerja pemesinan dijalankan adalah sangat penting bagipenjimatan kos pemesinan terutama 

seka/i da/am menentukan jangka hayat yang lebih panjang untuk a/at-a/at pemotong /ogam. 

Artikel ini menerangkan tentang penggunaan ''neural network'; '1uzzy logic" dan kaedah 

sambutan permukaan untuk jangkaan model daya pemotongan bagi logam kerja P20. Daya 
pemotongan diambi/ sebagai tindak balas di mana parameter-parameter adalah terdiri dari 

/aju pemotongan, kadar pemotongan, keda/aman axial dan kedalaman radial. Model daya 

pemotongan dibangun dengan menggunakan methodology sambutan permukaan dan 
dibandingkan dengan cara pembuatan pintar. Model yang dihasilkan dengan menggunakan 

''neural network';" fuzzy logic" dan kaedah sambutan permukaan telah dibandingkan dan 
disertakan da/am artikel ini. Keputusan jangkaan daya pemotong yang dipero/ehi ada/ah 
memuaskan kerana keputusannya hampir sama dengan keputusan eksperimen. Keputusan 

menunjukkan kadar pemotongan memberi kesan yamg mendalam kepada daya pemotongan 
diikuti dengan kedalaman axial, kedalaman radial dan ke/ajuan pemotongan. 

ABSTRACT : Prediction of cutting force of metals by simulation before machining is carried 

out is considered very important in order to save machining cost especially in ensuring longer 

life of cutting tools. This paper describes the use of neural network, fuzzy logic and response 

surface method to predict the cutting force model of P20 tool steel. The cutting force is taken 

as a response whereas the variables used are cutting speed, feed rate, axial depth and radial 

depth. A model of cutting force is developed using response surface method and has been 

compared with artificial intelligence method. The models obtained using neural network, fuzzy 

logic and response surface method are compared and presented in this paper. The result of 

this cutting force prediction is found to be satisfactory since the results are similar to experimental 

results. This result shows that feed rate has the most significant effect on the cutting force, 

followed by axial depth, radial depth and cutting speed. 

KEYWORDS : Cutting force, Surface Response Method, fuzzy logic, neural network 
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INTRODUCTION 

In this context of work, experimental results were used for modeling using response surface 

roughness methodology (RSM) (Montgomery, 1984). The RSM is practical, economical and 

relatively easy to use. It has been used by many researchers for modeling machining processes 

(El Baradie, 1993, Hasegawa et al., 1976 and Sundaram and Lambert, 1981 ). Mead and Pike 

(1975) and Hill and Hunter (1966) reviewed the earliest work on response surface methodology. 

Response surface methodology (RSM) is a combination of experimental and regression 

analysis and statistical inferences. The concept of a response surface involves a dependent 

variable y called the response variable and several independent variables x1, x2 ... xk (Hicks, 

1993). 

The term "fuzzy logic" emerged in the development of the theory of fuzzy sets by Zadeh 

(1965). Artificial neural networks (ANN) and their combination with fuzzy logic models have 

been extensively applied to the area of tool wear estimation (Dornfeld, 1990, Lin and Ting, 

1996). Artificial neural networks and neuro-fuzzy techniques have also been intensively studied 

and are the most frequently chosen methods of artificial intelligence (Al) for feature fusion 

(Leski, 1997, Jemielniak et al,. 1998) 

Artificial neural networks (ANNs) are excellent tools for complex manufacturing processes 

that have many variables and complex interactions. Neural networks have provided a means 

of successfully controlling complex processes (Dan and Mathew, 1990). In the past, a large 

number of researchers reported application of neural network models in tool condition monitoring 

and predictions of tool wear, tool life and cutting force. 

FORCE MODEL 

Usually a low order polynomial (first-order and second-order) in some regions of the independent 

variables is generally utilized in RSM problems. The first-order model is: 

k 

Y = f3o + ~ f3,x; + f (1) 
i=l 

The 13 parameters of the polynomials are estimated by the method of least squares. The 

proposed relationship between the machining responses (cutting force) and machining 

independent variables can be represented by the following equation: 

F = C (Vm Jn A YA 2)£' 
x r 

(2) 
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Where Fis the cutting force in N; V, f, Ax, and A, are the cutting speed (m/s), feed rate (mm/ 

rev) , axial depth (mm) and radial depth (mm) respectively. C, m, n, y and z are constants. 

Equation (2) can be written in the following logarithmic form: 

lnF = lnC + mlnV + nlnf + ylnAx + zlnA, + lnE (3) 

Equation (3) can be written as a linear form: 

(4) 

Where y is the cutting force, x0 = 1 (dummy variables), X1= In V, x2 = Inf, x3 = 1 n Ax, X4 = 1 n A, 

and E = 1 n E, where E is assumed to be normally-distributed uncorrelated random error with 

zero mean and constant variance, /30 = 1 n C and /31, /32, {33 , and /34 are the model parameters. 

The values of /31, /32, /33 , and /34 are to be estimated by the method of least squares. The basic 

formula is: 

(5) 

where xT is the transpose of the matrix x and (xTx)·1 is the inverse of the matrix (xTx) . The 

details of the solution by this matrix approach are explained in Hicks (1993). The parameters 

have been estimated by the method of least squares using a Matlab R 14 computer package. 

NEURAL NETWORK 

A neural network is an adaptable system that can learn relationships through repeated 

presentation of data and is capable of generalizing to new, previously unseen data. Some 

networks are supervised, in that a human determines what the network should learn from the 

data. In this case, give the network a set of inputs and corresponding desired outputs, and the 

network tries to learn the input-output relationship by adapting its free parameters. Other 

networks are unsupervised, in that the way they organize information is hard-coded into their 

architecture. (Lee and Lee, 1999, Rumelhart et.al, 1986) 

In the current application, the objective was to use the network to learn mapping between 

input and output patterns. The components of the input pattern consisted of the control variables 

of the machining operation (cutting speed, feed rate, axial depth and radial depth), whereas 

the output pattern components represented the response from sensors (cutting force). The 

nodes in the hidden layer were necessary to implement the nonlinear mapping between the 

input and output patterns. 
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During the training process, initially all patterns in the training set were presented to the network 

and the corresponding error parameter (sum of squared errors over the neurons in the output 

layer) was found for each of them. Then the pattern with the maximum error was found which 

was used for changing the synaptic weights. Once the weights were changed, all the training 

patterns were again fed to the network and the pattern with the maximum error was then 

found. This process was continued till the maximum error in the training set became less than 

the allowable error specified by the user. This method has the advantage of avoiding a large 

number of computations, as only the pattern with the maximum error was used for changing 

the weights. Figure 1 shows the example of the Neural Network computational model 

(Choudhury and Bartarya, 2003) . 

The patterns were suitably normalized between O and 1 (Lippmann, 1987) to fit the Sigmoid 

function model. Optimization of associated parameters of the networks was carried out for 

achieving the minimum training error. It was observed that after 10,000 iterations r.m.s, error 

appeared to be minimum for the learning rate and momentum. 

_ Cuttin~ speed Feed rate Axial depth Radial depth 

lnput 

Cuttin~ Force 

Figure 1. Neural Network computational model 

FUZZY LOGIC 

In this section, we present a rule -based approach to decision making using fuzzy logic technique 

based on the composition rule of inference (CRl).This approach is used to handle uncertain or 

imprecise knowledge and was developed in the 1960's (Zadeh, 1965). Such knowledge can 

be collected and delivered by a human expert (eg. decision-maker, designer, process planner, 

machine operator) . The CRI may be written in the form 

U' = (C1* ..... B1* A') o R, (9) 
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where R represents the global relation that aggregates all the rules (knowledge base), A' , 

B' ... c' represents the inputs (observation) and u' represents the output (conclusion).The symbol 

o represents the CRI operator. 

A set of fuzzy rules expresses a set of fuzzy relations between fuzzy inputs and fuzzy outputs. 

A certain level of experience and expertise is necessary to develop these rules because some 

conditions may be uncertain or incomplete and must be estimated. The quality of the rules 

depends on the quality of the data and therefore on the skills of the expert who generates the 

data. The standard method used to create a fuzzy knowledge base involves identification of 

fuzzy inputs and outputs, the elaboration of fuzzy membership functions for each of these 

inputs and outputs, and finally the construction of fuzzy rules. If the membership functions are 

constructed properly, usually only a small number of rules are needed. Fuzzy logic easily 

models linear and non-linear mathematical functions. 

RESPONSE SURFACE METHOD 

To develop the first-order of cutting force model, a design consisting 27 experiments was 

conducted . Box-Behnken Design is normally used when performing non-sequential 

experiments. These designs allow efficient estimation of the first and second-order coefficients. 

Because Box-Behnken Design has fewer design points, they are less expensive to run than 

central composite designs with the same number of factors. Box-Behnken Design do not 

have axial points, thus can be sure that all design points fall within the safe operating. Box

Behnken Design also ensures that all factors are never set at their high levels simultaneously 

(Box and Draper, 1987). Preliminary tests were carried out to find the suitable cutting speed, 

feed rate, axial depth and radial depth as shown in Table 1. 

Table 1. Levels of independent variables 

Levels Low Medium High 

Coding -1 0 1 

Speed v (m/s) 100 140 180 

Feed f (mm/rev) 0.1 0.15 0.2 

Axial depth da (mm) 1 1.5 2 
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Experimental details 

The P20 tool steel workpiece is provided in fully annealed condition . The detailed properties 

of the workpiece material (P20 tool steel) are shown in Tables 2 and 3. The tools used in this 

study are carbide inserts PVD coated with one layer of TiN. The inserts are manufactured by 

Kennametal with ISO designation of KC 735M. The end-milling tests were conducted on Okuma 

CNC machining centre MX-45VA. Dynamometer was used to measure the cutting force. For 

every one pass equal to 85mm, the cutting test was stopped. The same experiment was 

repeated for 3 times to get more accurate results. 

Table 2. Chemical composition for P20 tool steel 

Workpiece material c Si Mn Cr Mo s 
P20 tool steel 0.38% 0.3% 1.5% 1.9% 0.15% 0.015% 

Table 3. Physical properties of P20 tool steel. 

Thermal Tensile Yield Reduction Elongation Hardness 

Conductivity strengh strengh of Area (%) (HB) 

(J/ms°C) (MPa) (MPa) (%) 

P20 tool steel 37.9 1044 910 49 14 290 - 330 

RESULTS AND DISCUSSION 

First-order model by response surface method 

The cutting force of first order model generated from Matlab is: 

y = 5.3715 -0.1308x, +0.3017x2 + 0.2583x3 +0.2592x4 (10} 

Equation 10 shows that feed rate has the most significant effect on the cutting force, followed 

by axial depth, radial depth and cutting speed. The generated model indicates that an increase 

in cutting speed will decrease the cutting force, while an increase in feed rate, axial depth and 

radial depth will increase the cutting force. 

Table 4 shows the 95% confidence interval for the experiments. For the linear model, the P

value for lack of fit is 0.144 and the F-statistics is 6.38. Therefore, the model is adequate and 

can be used for prediction. 
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Table 5 shows the experimental conditions and results obtained from experiments. The 

transforming equations for each of the independent variables are: 

x = 1 

ln(V) - ln(v)centre 
ln(v)high - ln(v)centre 

ln(F) - ln(j}centre 
ln(j )high - In(j)centre 

ln(A) - ln(a) centre 

ln(a)high - ln(a)centre 

ln(A) - ln(a)centre 
ln(a) high - ln(a)centre 

(11) 

where Vis cutting speed (m/min), Fis feed rate (mm/rev), A, is axial depth, A, is radial depth,(v) 
centre is the cutting speed at middle value, (v)highis the cutting speed at high value, (!)centre 
is the feed rate at centre value, (f)high is the feed rate at high value, (a)centre is the axial 
depth at middle value, (a)highis the axial depth at high value, (a)centreis the radial depth at 
middle value, (a,)high is the radial depth at high value, x1 is the cutting speed, x2 is the feed 
rate, x3 is the axial depth and x4 is the radial depth. 

Equation (1 O) describing the force model can be transformed using Equation (11) into the 
following form: 

F = 5734.547(V-0.52049F1.0487 AX0.89787 A,0.726722) (12) 

where Fis the cutting force (N), Vis the cutting force(m/min), Fis the feed rate (mm/rev), Ax is 
the axial depth and A, is the radial depth. 
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Table 4. Analysis of variance 

Source Degree Sequential Adjustment Adjustment F- Probability 
of sum of of sum of of Mean statistics value 

freedom squares squares square 

Regression 4 137461 137461 34365.2 43.77 0 

Linear 4 137461 137461 34365.2 43.77 0 

Residual Error 22 17272 17272 785.1 

Lack-of-Fit 20 17005 17005 850.3 6.38 0.144 

Pure Error 2 267 267 133.3 

Total 26 154733 

Table 5. The predicted result from the first order model 

No.exp Cutting Feed rate Axial depth Radial Experimental Prediction Force 

speed(m/s) (mm/rev) (mm) depth(mm) Force (N) by RSM (N) 

1 140.00 0.15 1.00 2.00 146.67 99.13 

2 140.00 0.20 1.00 3.50 190.00 201.30 

3 100.00 0.15 1.00 3.50 190.00 177.37 

4 180.00 0.15 1.00 3.50 170.00 130.62 

5 140.00 0.10 1.00 3.50 110.00 97.31 

6 140.00 0.15 1.00 5.00 225.00 192.92 

7 100.00 0.15 1.50 2.00 240.00 169.96 

8 140.00 0.10 1.50 2.00 100.00 93.25 

9 100.00 0.20 1.50 3.50 340.00 345.15 

10 140.00 0.15 1.50 3.50 220.00 214.25 

11 180.00 0.20 1.50 3.50 293.33 254.18 

12 180.00 0.15 1.50 2.00 145.00 125.17 

13 140.00 0.20 1.50 2.00 200.00 192.90 

14 140.00 0.20 1.50 5.00 325.00 375.42 

15 140.00 0.15 1.50 3.50 200.00 214.25 

16 180.00 0.10 1.50 3.50 130.00 122.87 

17 100.00 0.10 1.50 3.50 190.00 166.84 

18 100.00 0.15 1.50 5.00 340.00 330.79 

19 140.00 0.10 1.50 5.00 210.00 181.48 

20 180.00 0.15 1.50 5.00 240.00 243.60 

21 140.00 0.15 1.50 3.50 200.00 214.25 

22 140.00 0.15 2.00 5.00 350.00 359.48 

23 140.00 0.20 2.00 3.50 350.00 375.08 

24 140.00 0.10 2.00 3.50 200.00 181.31 

25 140.00 0.15 2.00 2.00 190.00 184.71 

26 100.00 0.15 2.00 3.50 340.00 330.49 

27 180.00 0.15 2.00 3.50 313.33 243.38 
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Equation (10) is utilized to develop cutting force contour at the selected cutting speed, and 

feed rate. Figure 2(a) to 2(c) shows the cutting force contour with selected axial depth and 

radial depth at different cutting speed and feed rate. 

From the contours, the cutting force reached the highest value as shown in Figure 2(c) where 

the value of cutting speed is at its lower value, feed rate, axial depth and radial depth at their 

maximum value. The cutting force can reach more than 350N as shown in Figure 2(c) .The 

lowest cutting force is as shown in Figure 2(a) when the cutting speed and other variables are 

at maximum value. From this contour plot, the safety zone of cutting force can be selected for 

any experiment. 
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Figure 2(a). Cutting force contours in the 

Axial depth-radial depth plane for cutting 

speed tOOm/s 
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Figure 2(b}. Cutting force contours in the 

Axial depth-radial depth plane for cutting 

speed 140m/s and feed rate 0.15mm/rev 
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Figure 2(c). Cutting force contours in the Axial depth-radial depth plane for 

cutting speed 180mls and feed rate 0.2mm/rev 
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Comparison between artificial intelligent techniques and statistical method 

After generating the surface response method equations of all the response variables and 

also neural network and fuzzy logic program, the prediction by both techniques was found. 

The prediction from the neural network and fuzzy logic is compared with the prediction from 

the model developed by response surface method. Table 6 shows the prediction force by the 

artificial intelligence and statistical methods. Figure 3 shows the error of prediction cutting 

force by neural network, fuzzy logic and response surface method with experimental data. 

The prediction is very close with the experimental data. The error for the three methods is 

closer to each other. Figure 4 shows the prediction value by fuzzy logic with experimental 

value and Figure 5 shows the prediction value by neural network with experimental value. The 

graph shows that value of the response surface method is quite close to the prediction value 

of the artificial intelligence. The model developed by the response surface method can be 

accepted because the value of prediction is closer with the artificial intelligence method. From 

the comparison, the prediction of neural network is much closer with the experimental data 

followed by Fuzzy logic and Surface Response Method. 

Table 6. Prediction value by response surface method, neural network and fuzzy logic 

No.exp Experimental Prediction Force Prediction Force Prediction Force 
Force (N) by RSM (N) byNN by Fuzzy 

1 146.67 99.13 150.49 130.21 

2 190.00 201.30 203.07 216.27 

3 190.00 177.37 197.01 198.14 

4 170.00 130.62 154.69 150.07 

5 110.00 97.31 120.27 116.39 

6 225.00 192.92 232.79 213.94 

7 240.00 169.96 200.01 212.12 

8 100.00 93.25 115.69 117.52 

9 340.00 345.15 334.22 314.19 

10 220.00 214.25 235.51 224.22 

11 293.33 254.18 266.22 268.29 

12 145.00 125.17 149.74 155.32 

13 200.00 192.90 212.65 219.95 

14 325.00 375.42 235.51 336.12 

15 200.00 214.25 235.51 224.22 

16 130.00 122.87 113.49 142.7 

17 190.00 166.84 175.70 200.99 

18 340.00 330.79 343.23 316.26 

19 210.00 181.48 205.30 211 .22 
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240.00 243.60 270.98 251.43 
200.00 214.25 235.51 224.22 
350.00 359.48 345.75 343.25 
350.00 375.08 352.57 348.96 
200.00 181.31 207.68 213.03 
190.00 184.71 237.76 214.94 
340.00 330.49 342.97 316.55 
313.33 243.38 272.30 267.67 
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Figure 3. Comparisons of error in prediction of Cutting force 
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Figure 4. The prediction value by Fuzzy Logic compared with expeninental data 
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CONCLUSION 

Reliable force model have been developed and utilized to enhance the efficiency of the milling 

of P20 tool steel. The force equation shows that feed rate, cutting speed, axial depth and 

radial depth play major roles to produce the force. The higher the feed rate, axial depth and 

radial depth, the force generated is very high compared to low value of feed rate, axial depth 

and radial depth. Contours of the force outputs were constructed in planes containing two of 

the independent variables. These contours were further developed to select the proper 

combination of cutting speed, feed, axial depth and radial depth to produce the optimum 

force. The results obtained show that the cutting force model developed using response surface 

method (RSM) can be accepted. A large amount of information on the experiments could be 

obtained with a small number of experiments using response surface method. The result 

shows that neural network and fuzzy logic prediction is much closer compared to response 

surface prediction. All the three methods applied in this work to estimate cutting force gave 

acceptable results. The number of neurons in the hidden layer of the neural network and the 

number of iterations for the two artificial intelligent methods do not have important influence 

on system performance. 
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