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Abstract 
Manufacturability is an attribute which indicates how 

economically a component can be machined to meet the specified 

requirements. This concept embraces the traditional indicators of 

machinability from the customer and manufacturer‟s perspective 

viz. surface roughness (Ra), metal removal rate (MRR) etc. 

Ductile Iron being a family of materials which offers the wide 

range of properties obtained through micro-structural control. In 

this study, the modeling and optimization of surface roughness in 

CNC end milling of Ferritic-Pearlitic Ductile Iron Grade 80-55-06 

is conducted, taking into account the parametric effect of spindle 

speed, feed rate and depth of cut. Central composite design (CCD) 

is employed in developing an efficient second-order response 

surface mathematical model. Two methods, response surface 

methodology (RSM) and artificial neural network (ANN) are used 

for optimized prediction of surface roughness. Analysis of 

variance (ANOVA) is used to test the adequacy of the developed 

mathematical model.  Further, ANN analysis with multilayer feed 

forward perceptron structure using graphical user interface (GUI) 

under MATLAB is adopted with the experimental values as input-

output pairs. Finally, efficiency of different transfer functions with 

number of neurons in hidden layers is compared with the results 

obtained through response surface methodology (RSM). The 

results indicated that the artificial neural network (ANN) model 

predicts with higher accuracy compared with response surface 

methodology (RSM). TANSIG training transfer function along 

with PURELIN output transfer function is found to be the most 

appropriate training transfer function to model for surface 

roughness. 

 

Keywords: Surface roughness, Metal, CNC milling, Central 

composite design (CCD), Response Surface Methodology (RSM), 

Analysis of Variance (ANOVA), Artificial Neural Network (ANN), 

Transfer functions. 

1. Introduction 

The grades of ductile iron consist of nodular graphite in 

matrix structure that range from all ferrite to all pearlite to 

different ratios in between. As the amount of pearlite 

increases, strength and hardness increases, but elongation 

and machinability decreases. Ductile iron grades are 

identified by their mechanical properties: tensile and yield 

strengths in thousands of pounds per square inch (psi) and 

elongation in percent. The suggested Ductile Iron Grade 80- 

55-06 is specified to have a minimum tensile strength of 

80000 psi (552 MPa), yield strength of 55000 psi (379 

MPa) and an elongation of 6%. In order to maximize 

quality while minimizing cost has added manufacturability 

to the list of criterion that must be met by a successful 

design. The ease of machining with cost of manufacture are 

found to be among the top six material selection criterion 

conducted by the ductile iron group. Ductile iron with its 

excellent castability offers the designers, all the 

manufacturing advantage of casting as well as 

machinability/ strength ratio and is superior to other cast 

iron and cast steels [1]. Machining parameters are typically 

adjusted according to the instructions in the tools catalogue 

and/or handbooks without regard to the response variables 

requirement and geometrical tolerances of the surface to be 

machined. Incorrect adjustment of the machining 

parameters like spindle speed, feed rate, depth of cut etc. 

may lead to reduced surface quality and tool life [2, 3]. 

Benardos et al. [4] suggested surface roughness parameter 

to be the most extensively used index of product quality and 

majorly treated as a technical requirement for any 

mechanical product which have great importance for the 

functional performance of a part. There is a great deal of 

literature on the surface generation process. The literature 

shows that surface roughness (Ra) is the most studied 

machining performance and most of the works are related 

to the machining process. It is found that there is a very 

limited research work which deals with the milling process 

[5].  Abbasi et al. [6] focussed on the Response surface 

methodology prospects with Gradient method and discussed 

the problem of getting insignificant results, possibility of 

getting trapped in local minima / maxima for a given 

objective function. In this context, the application of ANN 

is suggested for improving the estimation with lesser 

calculations. Ramesh et al. [7] studied the affect of cutting 

speed, feed and depth of cut on the surface roughness of Ti-

6Al-4V (Titanium alloy) in the turning operation. The base 

of selection for experimentation was L27 orthogonal array 

(Taguchi‟s principle) under dry condition.  The   response 

surface model and the development of surface plots 

suggested the feed as the most influential parameter 

followed by depth of cut and cutting speed. The SEM 
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analysis for the different chip formation and the surface 

damage were also described. Asilturk [8] conducted the 

modeling and optimization for the surface roughness (Ra & 

Rt) in turning operation of AISI 1040 steel considering the 

parameters viz. cutting speed, feed rate, depth of cut and 

nose radius with full factorial 81 experiments. Further, 

ANN with multilayer feed forward perceptron structure was 

employed with the experimental values as input-output 

pairs. The ANN leaded to the multiple regression modeling 

and was proposed to be more feasible in predicting surface 

roughness in a manufacturing facility for turning process. 

Raj et al. [9] proposed the response surface methodology 

for evaluating the surface roughness along with 

delamination effect and then incorporated it into an ANN 

multi-objective model of GFRP composite under milling 

process. The interaction effects between factors found 

influential and recommendation for further investigation 

was suggested. Natarajan et al. [10] suggested that the 

surface roughness, an indicator of surface quality is one of 

the most specified customer requirements in a machining 

process.  In this review paper the necessity to find a suitable 

optimization method, which can find optimum values of 

cutting parameters for minimizing surface roughness is 

suggested. Since, the turning process parameter 

optimization is highly constrained and nonlinear; therefore 

to predict the surface roughness, an artificial neural network 

(ANN) model was designed through back propagation 

network for the obtained data. In this work, machining 

process was carried out on brass C26000 material in dry 

cutting condition on a CNC turning machine and surface 

roughness was measured. The result concluded that ANN is 

reliable and accurate for solving the cutting parameter 

optimization problems. Zubaidi et al. [11] revealed that the 

trends are towards modeling of machining using artificial 

intelligence and among the various AI tools, ANN is 

considered as one of the important methods of artificial 

intelligence in the modeling of nonlinear problems like 

machining processes. The study showed the importance of 

ANN in context of surface roughness prediction in compare 

to other parameters.  Sahoo et al. [12] conducted the 

experimental study and discussed the development of 

mathematical model and parametric optimization for 

surface roughness in turning D2 steel using TiN coated 

carbide insert using Taguchi parameter design and response 

surface methodology. The experimental plan and analysis 

was based on the Taguchi L27 orthogonal array taking 

cutting speed, feed and depth of cut as important cutting 

parameters. The influence of the machining parameters on 

the surface finish was investigated and the optimum cutting 

condition for minimizing the surface   roughness  in turning 

D2 steel was evaluated. The ANOVA results proved that 

the feed is the most significant process parameter for 

minimizing the surface roughness followed by depth of cut. 

The cutting speed is found to be insignificant from the 

study. The RSM model proved the good accuracy between 

predicted values and experimental values with 95% 

confidence interval and thus adequate. Arokiadass et al. 

[13] made an attempt to model the „machinability 

evaluation‟ through the response surface methodology in 

machining LM25 Al/SiCp M.M.C manufactured through 

stir cast route. The influence of four machining parameters 

spindle speed, feed rate, depth of cut and weight of silicon 

carbide to minimize the surface roughness (Ra) was studied. 

The concept of Design of Experiments (DOE) was used for 

conducting of experimentation. The experimental results 

were analyzed statistically to study the influence of process 

parameters on surface roughness.  Khorasani et al. [14] 

indicated that the tool life is an important parameter of the 

milling operation in manufacturing process. The role of 

three main parameters i.e. cutting speed, feed rate and depth 

of cut were suggested for tool life prediction in milling 

operation by using artificial neural network and Taguchi 

design of experiment. Machining experiments were 

performed under various cutting conditions by using sample 

specimens. A very good agreement between predicted 

model and experimental results was obtained. Patwari et al. 

[15] described mathematically, the effect of cutting 

parameters on surface roughness in an end milling of 

Medium Carbon Steel. The mathematical model for the 

surface roughness was developed, in terms of cutting speed, 

feed rate and axial depth of cut. The effect of these cutting 

parameters on the surface roughness was carried out using 

design of experiments and response surface methodology 

(RSM). An approach to predict the surface finish in end 

milling of Medium Carbon Steel using coated TiN insert 

under dry conditions with full immersion and its 

optimization by coupling the prediction model with genetic 

algorithm is also explained. Central composite design was 

employed in developing the surface roughness model in 

relation to primary cutting parameters. Rashid et al. [16] 

aimed to develop the mathematical model using multiple 

regression and artificial neural network for surface 

roughness. The proper setting of cutting parameters viz. 

spindle speed, feed rate, and depth of cut was chosen as 

predictors in order to predict better surface roughness. The 

experiments were executed by using full factorial design. 

The mathematical model developed by using multiple 

regression method showed the accuracy of 86.7% which is 

reliable to be used in surface roughness prediction. On the 

other hand, artificial neural network technique showed the 

accuracy of 93.58% which was feasible and applicable for 

the prediction of surface roughness. Sanjay et al. [17] used 

back   propagation  neural   networks  for  the  detection  of 

surface roughness in the drilling operation. Various factors 

as inputs were considered to the neural network structure in 

estimating surface roughness. Drilling experiments were 

performed at three cutting speeds and feeds. The numbers 

of neurons are selected from 1 to 20 with the learning rate 
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of 0.01 and no smoothing factor was used. The best 

structure of neural network was selected based on a 

criterion including the minimum of sum of squares with the 

actual value of surface roughness. For mathematical 

analysis, an inverse coefficient matrix method was used for 

calculating the estimated values of surface roughness. 

Comparative analysis was performed between actual values 

and estimated values obtained by mathematical analysis and 

neural network structures. Surface roughness prediction 

studies can be categorized into four major approaches based 

on (1) Machining Theory Approach, (2) Experimental 

Investigation Approach, (3) Design of Experiments 

Approach and (4) Artificial Intelligence Approach. Thus, in 

this research work two modeling approaches, Response 

Surface Methodology under Design of experiments 

approach and Artificial Neural Network technique under 

Artificial Intelligence approach are chosen for modeling of 

cutting parameters to minimize the surface roughness in end 

milling of Ductile Iron Grade 80-55-06, which is 

commercially available and known for the multiple use in 

automobile industry. The research may be summarized by 

its purpose, as illustrated in Fig.1. 

 

2. Experimental Description 
 

2.1 Selection of Experimental Design for Fitting 

Response Surface (Second Order Model) 
 

Central composite design, the most popular class of design 

for fitting a second order model for surface Roughness (Ra) 

is used for this study. 

The experiments are conducted based on the central 

composite design (Fig. 2). The central composite design, 

introduced by Box and Wilson, contains imbedded factorial 

points (from a 2
q factorial design to ( )

2
q k fractional factorial 

design), central points and axial points. The number of 

center points cn  at the origin and the distance of the axial 

runs from the design center are two parameters in the 

central composite design. The center runs contain 

information about the curvature of the surface, if the 

curvature is significant. The additional axial points allow 

the experimenter to obtain an efficient estimation of the 

quadratic terms. The distance from the center of the design 

space to a factorial point is equal to 1 unit for each factor. 

The distance from the center of the design space to an axial 

points or star points is alpha with |α| >1 (the precise value 

of alpha (α) depends on certain designed properties and 

number of factors involved. 

2.2 Materials, Machine Set-up, Test Conditions and 

Measurements 
 

The effect of spindle speed (rpm), feed rate (mm/min.) and 

depth of cut (mm) are studied on the quality characteristic 

surface roughness (Ra) in CNC end milling operation. The 

cutting process parameters and their levels selected are as 

shown in Table 1. The set up employed a VMC (Vertical 

Milling Centre), two 4-flutes, and 10 mm diameter SGS-

48554 cemented carbide end mill cutters. The machining is 

performed in dry environment and the Ra value of the 

machined workpiece is measured using the Federal 

Pocketsurf-3 Profilometer (Table 2). The dimension of 

work material is taken as 80 mm x 75 mm x 15 mm. The 

specification of the work material is shown in Table 3. The 

machining of specimen is done according to Table 4. 

Before conducting the measurement, the instrument is 

calibrated using a standard roughness specimen to ensure 

the consistency and accuracy of Ra values. Five 

measurements are made at the location of the length of cut 

on each workpiece and the average Ra value is recorded. 

 

 
Fig.1 Experimental Set-up 

 

 
 

Table 1: Cutting Process Parameters and their Levels 

Process 

Parameters 

(units) 

Levels 

-1.5 -1.0 0 1.0 1.5 

Spindle 

Speed 

(rpm) 

1350 1500 1800 2100 2250 

Feed Rate 

(mm/min.) 
12.5 15 20 25 27.5 

Depth of 

Cut 

(mm) 

0.075 0.1 0.15 0.2 0.225 
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Table 2: Experiment Setup and Conditions 

Particulars Experimental conditions 

Machine 

 

 

Tool 

 

Collet 

Cutting parameters 

 

Surface roughness 

tester 

 

 

Coolant 

Agni BMV- 45 

MODEL No. BMV- 45, 12 stations 

automatic tool changer. 

4 flute, 10.0 mm diameter, SGS 

48554,Cemented carbide end mill cutter, 

Size 8-10 mm 

Depth of Cut, Cutting Speed, Feed  Rate 

Profilometer, Federal Pocketsurf-3, 

Piezoelectric contact type stylus, stylus 

travel: 0.1 inch/2.54 mm, maximum 

stylus force: 15 MN, measuring 

capacity: Ra or Rmax/Ry or Rz 

Dry machining 

 
Table 3: Specification of Work Material 

Particulars                Value 

Material Ductile Iron Grade 80-55-06 

Minimum Tensile Strength 80 psi (552 MPa) 

Yield Strength 55 psi (379 MPa) 

% Elongation 6% 

Typical Brinell Hardness 200 BHN 

Matrix-microstructure Pearlite and Ferrite 

 

            
Fig. 2 Central Composite Design   

 

3. Development of Mathematical Model And 

Prediction of Surface Roughness 
 

 

3.1 Development of Mathematical Model by Response 

Surface Methodology 
 

Response surface method is a collection of mathematical 

and statistical technique, useful for the model and analysis 

of problems in which a response of interest is influenced by 

several variables. The methodology is used for determining 

and representing the cause-effect relationship between the 

response and the input control variables as a two or three 

dimensional hyper surface. The considerable success of 

response surface methodology  in  manufacturing industries 

under various situations is evident [3, 4],   
Table 4: Process Parameters & their Levels 

Uncoded Input Data Normalized input Data 
Output 

Data 

Spindle 

Speed 

(rpm) 

Feed 

Rate 
(mm/min.) 

Depth 

of Cut            

(mm) 

X1 X2 X3 
Ra               

(µm) 

1800 20 0.15 0.5 0.5 0.5 1.74 

1500 25 0.2 0.83 0.17 0.17 4.45 

1500 25 0.1 0.83 0.17 0.83 3.79 

1800 20 0.15 0.5 0.5 0.5 1.64 

2100 15 0.1 0.17 0.83 0.83 1.58 

2100 25 0.2 0.17 0.17 0.17 3.69 

2100 15 0.2 0.17 0.83 0.17 1.78 

1800 20 0.15 0.5 0.5 0.5 1.84 

1500 15 0.1 0.83 0.83 0.83 2.39 

1500 15 0.2 0.83 0.83 0.17 1.6 

1800 20 0.15 0.5 0.5 0.5 1.62 

2100 25 0.1 0.17 0.17 0.83 3.62 

1800 20 0.15 0.5 0.5 0.5 1.98 

1800 12.5 0.15 0.5 1 0.5 1.38 

1800 20 0.15 0.5 0.5 0.5 1.77 

1800 20 0.075 0.5 0.5 1 1.81 

1800 27.5 0.15 0.5 0 0.5 4.52 

1800 20 0.225 0.5 0.5 0 2.29 

2250 20 0.15 0 0.5 0.5 2.12 

1350 20 0.15 1 0.5 0.5 1.96 

 

 
thus in the present work, an empirical relation is developed 

in order to relate the surface roughness as a function of 

various machining parameters. In many engineering field, 

with the aid of experimental conditions, it is possible to 

represent the relationship between the response „y‟  and set 

of controllable variables {x1 , x2… xn}. Then, a model can 

be written in the form as shown in Eq. (1). 

 

     1 2y f (  , , )nx x x                          (1) 

 

Where ε represents error observed in the responses „y‟ and 

the function „f‟ is called response surface or response 

function. If the expected response is denoted by E(y) then 
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the expected response surface may be represented as shown 

in Eq. (2). 

 

     1 2E(y) f (  , , )nx x x           (2) 

 

Usually the best suited second order model as shown in 

Equation 3 is utilized in the response surface methodology 

when response is a function of more than one variable to 

express the relationship among the variables.  

 

     

2
0

1 1

k k

y x x x xi i ii i ij i j
i j

i i

        

 

                  (3) 

                                           

The coefficients, in the second order model are obtained by 

the least square method. The observations of response 

(Surface Roughness) are illustrated in Table 4. The steps 

involved under the said methodology are adopted as under: 

(i)  Identification of important process control variables. 

(ii) Considering the appropriate upper and lower limits of 

the process control variables, i.e. spindle speed (v), feed 

rate (f) and depth of cut (d). 

(iii) Conducting the experiments as per the selected central 

composite experimental design (Table 4) and recording of 

response (s) viz. surface roughness. 

(iv) Development of second order quadratic model and 

determining coefficients of the second order polynomial.  

(v) Checking the adequacy of developed model and testing 

the significance of regression coefficients. 

(vi) Analyzing and presentation of main effects and 

significant interaction effects of process control parameters 

in term of contour plots and surface plots. 

(vii) Determination of optimized machined process 

parameters for the response (surface roughness). 

The analysis is done using uncoded units. The employed 

Design Expert-7 software computed the linear, quadratic 

and interaction terms in the model. From Table 5, the 

quadratic model is suggested with the p-value of 

0.0002.Table 6 shows the lack of fitness test, which assess 

the fit of the developed model and suggests the model to be 

quadratic. The adequacy of the model is tested at 95% 

confidence interval. The most useful technique in the field 

of statistical inference i.e. ANOVA (Analysis of Variance), 

is used to justify the validating of the 2nd order model. The 

ANOVA consists of degree of freedom (D.F.) and sum of 

square (SS). The sum of sequence is usually contributed 

from the regression model and residual error. Mean square 

(MS) is the ratio of Sum of square to degree of freedom 

(DF). F-Ratio is the ratio of mean square of regression 

model to the mean square of residual error. From the 

ANOVA table, the small P values for model, linear and 

square terms point out that their contribution is significant 

to the model.  Moreover, the main effects other than depth 

of cut and spindle speed can be referred to be significant as 

per Table 8. The quadratic terms A
2
, B

2
, C

2
 and interaction 

term BC significantly contribute to the response model at 

95 % confidence level, thus the final model correlating 

surface roughness (Ra) with cutting parameters is found as 

follows: 

 

     
  19.63-0.009 -0.84 -43.93 -0.00002 . 0.0037 . 0.64 .

2 2 20.00000237 0.025f 86.1d

R v f d v f v d f da

v

  

  

    (4)  

 

Here process control variables are uncoded values. 
 
Table 5: Design Matrix Evaluation for Response Surface Quadratic Model 

Source SS DF MS F-value 
P-

value 

Mean vs Total 112.67 1 112.67   

Linear vs Mean 13.33 3 4.44 11.81 0.0002 

2FI vs Linear 0.24 3 0.079 0.18 0.9101 

Quadratic vs 2FI 4.94 3 1.65 19.41 0.0002 

Cubic vs Quadratic 0.52 4 0.13 2.44 0.1578 

Residual 0.32 6 0.054   

Total 132.02 20 6.60   

 
 

Table 6: Lack of Fit Test Table 

S 

Source 

Sum of 

Square 

 

DF 

Mean 

Square 

F- 

Value 

P-value 

Prob > 

F 

Remarks 

 

Linear 5.93 11 0.54 30.24 0.0007 
 

2FI 5.69 8 0.71 39.92 0.0004 
 

Quadratic 0.76 5 0.15 8.51 0.0173 Suggested 

Cubic 0.23 1 0.23 13.11 0.0152 Aliased 

Pure 
Error 

0.089 5 0.018 
   

 

Further, from Table 7, it is evident that the model is 

adequate at   95%   confidence   level. Among   the   factors 

considered, feed rate is found to be the most significant 

parameter. The  effectiveness  of  the  model  is checked  by  

using the „R
2
‟ value i.e. 0.96 which is very close to 1 and 

hence the model is found  to  be very effective. The validity 

of the model is reconsidered with the adjusted correlation 

coefficient i.e. „R
2 
(adj)‟value = 0.92, which is a measure of 

the variability of the observed output and can be explained 

by the factors along with their factor interactions. 

In addition, checks are performed by drawing normal 

probability plot of residuals for surface roughness as shown 

in Fig. 4 to prove that the residuals are normally distributed. 

The colour points indicate the value of surface roughness 

and reveals that the residuals fall on a straight line 

suggesting the errors are normally distributed. From the 

plot of residuals vs number of runs as shown in Fig. 5, it is 

found that the residuals do not show any obvious pattern, 

and residuals are distributed in both positive and negative 

direction suggesting no reason to suspect any violation of 

the independence or constant variance assumption. From 
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the Box‐Cox transform plot as shown in Fig. 6, the blue line 

shows the current transformation and it points to a value of 

1 for “Lambda”, which symbolizes the power applied to the 

response values. The green line indicates the best lambda 

value, while the red lines indicate the 95% confidence 

interval surrounding it. Since this 95% confidence interval 

includes 1, indicating no transformation is recommended.  

 
Table 7: ANOVA Table 

 

The correlation scatter graph as shown in Fig. 7, suggests 

the very good agreement between the experimental values 

and the predicted values obtained by the mathematical 

model. 

 

     
       Fig. 4 Normal Probability               Fig. 5 Plot of residuals vs 

           of residuals for Ra data                 number of runs for Ra data 

 

 
Fig. 6 Box-Cox plot for power transforms 

 

 
                                    Fig.7 Correlation graph 

                   

Fig. 8 shows the 3-D interaction surface plots, by varying 

the two variables and keeping the third factor at optimum 

level  as  per  the  findings  from ramp diagram. The figures 

indicate that surface roughness increases with the increase 

in feed rate, followed by spindle speed Figure 9 and 10 

shows the interaction effects. Among the interaction 

between variables; the AB variable pair interaction 

represents the greatest contribution. The developed model is  

used for the response optimizations by desirability function 

approach to obtain minimum surface roughness (Ra). Fig. 

11 shows the ramp diagram with optimized machining 

parameters and predicted response, Fig. 11 shows the 

maximum desirability to be 99.8 % and the optimum 

machining conditions for the spindle speed, feed rate, and 

depth of cut to be 1847.08 rpm, 15.74 mm/min., and 0.157 

mm respectively. The optimum response value of Ra 

Design-Expert® Sof tware
Surf ace Roughness

Lambda
Current = 1
Best = 0.24
Low C.I. = -1.9
High C.I. = 2.03

Recommend transf orm:
None
 (Lambda = 1)

X: Lambda
Y: Ln(ResidualSS)

Box-Cox Plot for Power Transforms

-0.23

0.03

0.28

0.53

0.78

-3 -2 -1 0 1 2 3

Design-Expert® Sof tware
Surf ace Roughness

Color points by  v alue of
Surf ace Roughness:

4.50

1.38

X: Actual
Y: Predicted

Predicted vs. Actual

1.30

2.15

3.00

3.85

4.70

1.38 2.20 3.01 3.83 4.64

S 

Source 

Sum of 

Square 

D  

F 

Mean 

Square 
F-Value 

p-value 

Prob > F 

Model 18.50 9 2.06 24.25 < 0.0001 

A-Spindle 

Speed 
0.13 1 0.13 1.50 0.2490 

B-Feed Rate 13.15 1 13.15 155.13 < 0.0001 

C-Depth of Cut 0.05 1 0.05 0.61 0.4523 

AB 0.01 1 0.01 0.08 0.7767 

AC 0.02 1 0.02 0.29 0.6048 

BC 0.20 1 0.20 2.42 0.1511 

A^2 0.47 1 0.47 5.51 0.0408 

B^2 3.87 1 3.87 45.68 < 0.0001 

C^2 0.48 1 0.48 5.63 0.0391 

Residual 0.85 10 0.08 
  

Lack of Fit 0.76 5 0.15 8.51 0.0173 

Pure Error 0.09 5 0.02 
  

Cor Total 19.35 19 
   

Std. Dev. 0.29 
 

R-
Squared 

0.9562 
 

Mean 2.37 
 

Adj R-

Squared 
0.9168 

 



10 
IJCEM International Journal of Computational Engineering & Management, Vol.16, Issue 3, May 2013 
ISSN (Online): 2230-7893 

www.IJCEM.org 

IJCEM 

www.ijcem.org 

 

obtained is 1.28 µm. These predicted response values are 

validated with the confirmation experiment and tabulated 

under Table 8. 

 
Table 8: Confirmation Experiment for the Multiple-Response Optimization 

 

Trial 

 

        Response 

Measured          

Value  

(µm) 

Predicted             

Value from 

Ramp 

Diagram     

(µm) 

% 

Error 

   1 
Surface Roughness 

(Ra) 
1.31 1.28 

 

2.30 

 

   2 Surface Roughness (Ra) 1.30 1.28 

 

1.53 

 

Mean % Error = 1.90 

       
  Fig. 8 Interaction effects of spindle          Fig. 9 Interaction effects of     

          speed & feed rate on Ra                spindle speed & depth of cut on Ra        

 

 
Fig. 10 Interaction effects of feed rate & depth of cut on Ra 

 

 

3.2 Development of Mathematical Model by Artificial 

Neural Network 
 

An Artificial Neural Network (ANN) is non linear 

information processing structure in which the elements 

called neurons process the information. Signals are 

transmitted by means of connection links. The links possess 
 

  
Fig. 11 Ramp diagram with optimized machining          

parameters and predicted response 

an associated weight, which is multiplied along with the 

incoming signal (net input) for any typical Neural Network. 

The output signal is obtained by applying activations to the 

net input. Input and output pairs obtained by experiments 

are taken as training data. Before the ANN modeling 

process, the data normalization of the quantitative variables 

is done to the standard range from -1 to 1 using 

mapminmax function of Matlab. 

The actual numerical weights assigned to network are 

determined by matching the target (experimental data) and 

output of the network during training session. Under the 

two phases of training, first the input information is 

propagated from the input layer to the output layer and, as a 

result it produces an output. Then the error signals resulting 

from the difference between the network predicted value 

and the target value are back propagated from the output 

layer to the previous layers for them to update their weights 

accordingly. The update of weights continues until the 

network error goal is reached. Once the training is 

completed, ANN is used to predict the output of the 

required samples, and this process is known as testing. 

Neural network modeling consists of the minimum of 3 

layers of neurons viz. input layer neurons, hidden layer 

neurons and the output layer neurons. 

 In the present study, ANN predictive model is established 

using 20 data sets as given in Table 4. Fig. 12 shows the 

ANN computational model with   the   representation of   

the tansig transfer function used in the hidden layer and 

purelin for the output layer. 

 Scaled inputs are fed to the input layer. The inputs get 

multiplied by the weights and act as the inputs to hidden 

layer. The neurons in the hidden layer perform two tasks. 

First, they sum up the weighted inputs to neurons, including 

bias θ as shown by the following Eq. (5). 
 

     1

n

i i i

i

E w I 



                                                                 (5) 

 

 

 
Fig. 12 ANN Computational Model 
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where Ii are the input parameters: the cutting speed, feed 

rate, and depth of cut, respectively. The weighted output is 

then passed through an activation two types of activation 

functions (tansig and logsig) are used for hidden layer to 

choose the best activation function that gives the minimum 

error at the output neurons. The output produced by a 

hidden layer becomes an input to the output layer. The 

neurons in the output layer produce the output using the 

same procedure as that of neurons in the hidden layer, 

purelin transfer function is used for output layer. Fig. 13 

shows the transfer functions used for hidden and output 

layer. An error function based upon the difference between 

calculated output and target (experimental data) is fed back 

and weights are modified. Training the ANN involves 

minimizing this pre-specified error function by adjusting 

the weights appropriately in an iterative manner. The 

commonly employed error function is the mean squared 

error (MSE), which is defined as: 

 

     

  21 | |i i

i

MSE t o
N

 
  
  
 

                                                (6) 

 

Where, t is the target value and o is the output value and N 

is the number of neurons in output layer. The change in 

weight is given by                  

                            

     

( )
( 1)ij ij

ij

E
W w

w

 
 


    


                                   (7)

                            

where, η is the moment term, α is the learning rate and г is 

the no. of iteration. Back Propagation training algorithm 

makes use of two adjustable parameters, namely, the 

learning rate α (0< α ≤1) and momentum coefficient (η) (0 

< η ≤1). The magnitudes of both of these parameters are 

optimized heuristically along with the number of hidden 

layer neurons. 

           
 

     (a) tan ( )a sig n        (b) log ( )a sig n           (c) ( )a purelin n  

 

Fig.13 Transfer functions used in hidden layer (a), ( b) & output layer (c) 

 

The basic steps adopted in the development of the model 

are as illustrated; 

 

(i)    Collection of input-output dataset 

(ii) Normalization of the input-output dataset between 

suitable ranges 

(iii)  Designing and Training of the neural network 

(iv)  Performance evaluation of the designed neural network 

The summary of ANN model, network structure and the 

learning conditions are depicted in Table 9. 70% of data set 

are taken for training, 15% data set each for validation and 

testing are chosen under suitable regularization. 
 

 

 
Fig. 14 The variation of MSE with the training epochs 

                                                  

 
Table 9: Summary of ANN Model 

Object model:   Surface Roughness 

Input neuron :   v, f, d 

Output neuron :  Ra 

Network structure 

Network type:   Feed-forward back-propagation 

Transfer function :  Tansig 

Training function :  TRAINLM  

Learning function:  LEARNGDM 

Learning conditions 

Learning scheme:  Supervised learning 

Learning rule:  Gradient descent rule 

Input neuron:  Three 

Output neuron :  One 

Sample pattern vector :  70% (train), 15% (valid and test) 

Number of hidden layer :  1 

Neurons in hidden layer:  1-15 

Learning rate, α :   0.1 

Momentum constant, β :  0.5 

MSE at the end of training :  0.0065563  

 

Table 10 shows the testing error and the corresponding 

MSE to obtain the appropriate number of neurons and the 

optimum transfer function for hidden layer. The testing 

error and MSE of the network are recorded considering 1-

15 neurons as per recommendations in hidden layer [23]. 

The nine (9) neurons in hidden layer with tansig transfer 

function provide the least average percentage testing error 

of 0.163% with MSE value of 0.007.  
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Table 10: Analysis Setpu of Different Networks for Surface Roughness 

(Ra) by ANN 

  Transfer function 

Hidden layer 

neuron 
Tansig Logsig 

  MSE Testing error MSE Testing error 

1 0.056 2.071 0.012 2.4852 

3 0.061 3.636 0.021 4.3632 

6 0.012 2.672 0.016 3.3400 

7 0.060 1.198 0.055 1.4975 

9 0.007 0.163 0.013 0.2722 

10 0.076 1.517 0.024 2.8065 

12 0.018 1.780 0.035 0.7057 

15 0.024 1.201 0.027 1.390 

 

The performance of the network with 9 neurons in hidden 

layer with the MSE of 0.007 is as shown in Fig. 14.  The 

regression plot of output vs target IS obtained and 

regression value of 0.99999 is reached, representing the 

validation of the model as shown in Fig.15. 

 
Fig. 15 Predicted Surface Roughness (Ra) against the actual Surface 

Roughness 

The results obtained from the ANN are extremely 

satisfactory with a very high value of regression.  

4. Result and Discussion 

The plot of actual, experimental and prediction by ANN & 

RSM for surface roughness (Ra) is shown in Fig. 16. The 

results obtained by the two methodologies and the 

comparison of actual and predicted values for surface 

roughness (Ra) by RSM and ANN is tabulated in Table 10.  

The response surface model developed using second order 

model is found statically significant at 95%confidence 

interval. The input parameter feed rate has the highest 

influence on the response followed by spindle speed. 

 

 
Fig. 16 Plot of actual, experimental, prediction by 

ANN & RSM Surface Roughness (Ra) values 

The mean absolute percentage error in neural network 

model is obtained by ANN is better (surface roughness 

values) in 0.54%, while the same for Response surface 

model prediction is found to be 6.7%. Thus, the prediction 

model comparison to the response surface model in end 

milling of Ferritic-Pearlitic Ductile Iron Grade 80-55-06. 

The optimum machining conditions for the spindle speed, 

feed rate, and depth of cut are determined as 1847.08 rpm, 

15.74 mm/min., and 0.157 mm respectively. The optimum 

response value of Ra is predicted to be 1.28 µm. The depth 

of cut has shown the least influence on the response 

variable. 

 

5. Conclusions 

In the present study, surface roughness prediction model 

based on the two research approaches viz. design of 

experiment and artificial intelligence are attempted 

successfully. The performance of the developed model by 

both approaches is found to be reasonably good with 

percentage mean errors of 6.7% and 0.54% respectively. 

The response surface modeling has shown the feasibility of 

predicting optimum response easily and successfully 

evaluated the factor level settings for least surface 

roughness value to be 1.28 µm with mean % error of 1.90% 

in comparison to confirmation experimental values. On the 

other hand the model developed based on artificial neural 

network is found outperforming the RSM. The important 

realization of transfer functions for hidden layer and for 

output is explored by considering mean squared error and 

average percentage testing errors as performance measures 

of neural networks. The study may be extended to 

determine other parametric prediction for various 

machining conditions and processes for the other grades of 

ductile iron family. 

 
 



13 
IJCEM International Journal of Computational Engineering & Management, Vol.16, Issue 3, May 2013 
ISSN (Online): 2230-7893 

www.IJCEM.org 

IJCEM 

www.ijcem.org 

 

Table 11: Comparison of Actual and Predicted values for Surface Roughness (Ra) by ANN & RSM 

No. of 

Experiment 

Actual  Ra              

(µm) 

Predicted Ra 

by ANN                    

(µm) 

 Error         

Actual vs 

ANN 

% Error Actual 

vs ANN 

Predicted Ra 

by RSM        
(µm) 

 Error         

Actual vs 

RSM 

% Error Actual 

vs RSM 

1 1.74 1.8114 -0.0714 -4.10345 1.85555 -0.11555 -6.6408 

2 4.45 4.4299 0.0201 0.451685 4.3055 0.1445 3.247191 

3 3.79 3.7996 -0.0096 -0.2533 3.9605 -0.1705 -4.49868 

4 1.64 1.8114 -0.1714 -10.4512 1.85555 -0.21555 -13.1433 

5 1.58 1.5528 0.0272 1.721519 1.7817 -0.2017 -12.7658 

6 3.69 3.7825 -0.0925 -2.50678 4.1687 -0.4787 -12.9729 

7 1.78 1.509 0.271 15.22472 1.7087 0.0713 4.005618 

8 1.84 1.8114 0.0286 1.554348 1.85555 -0.01555 -0.84511 

9 2.39 2.3836 0.0064 0.267782 2.0205 0.3695 15.46025 

10 1.6 1.4194 0.1806 11.2875 1.7255 -0.1255 -7.84375 

11 1.62 1.8114 -0.1914 -11.8148 1.85555 -0.23555 -14.5401 

12 3.62 3.7023 -0.0823 -2.27348 3.6017 0.0183 0.505525 

13 1.98 1.8114 0.1686 8.515152 1.85555 0.12445 6.285354 

14 1.38 1.4764 -0.0964 -6.98551 1.6118 -0.2318 -16.7971 

15 1.77 1.8114 -0.0414 -2.33898 1.85555 -0.08555 -4.83333 

16 1.81 1.4749 0.3351 18.51381 2.237863 -0.427863 -23.6388 

17 4.52 4.513 0.007 0.154867 4.9118 -0.3918 -8.66814 

18 2.29 2.2673 0.0227 0.991266 2.441863 -0.151863 -6.63157 

19 2.12 2.2746 -0.1546 -7.29245 2.194625 -0.074625 -3.52005 

20 1.96 1.9539 0.0061 0.311224 2.476325 -0.516325 -26.3431 

      %Mean Error 0.548695   %Mean   Error -6.70893 
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